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Abstract

Rotating machines are widely used in industrial applications, such as driving motors in elevators
and gearboxes in windrbines. Machines in these applications often operate under varying speed
conditions due to variable operation demand,-ehanging environment conditions and so on. As
time goes on, machines in service would be inevitably deteriorated. When the detericr
accumulated to a certain level, faults may occur. Faults if not detected timely and maintained
properly would result in the shutdown of a machine, then economic loss and even catastrophic
disasters. To avoid these unexpected consequences, tagnbsdis, whose goal is to detect the

occurrence and then classify the type and the severity of a fault, is of vital importance.

Deep learning is widely used for fault diagnosis in the current big data era thanks to its automation
nature and capability ofrpcessing massive data. However, performances ofldasgingbased

fault diagnosis are highly influenced by speed variation. Models perform well under constant speed
conditions may fail under varying speed conditions. Specifically, when deep learaitgpied

for fault diagnosis, we input condition monitoring data which are usually vibration signals to a
deep learning model. The model performs fault feature learning and pattern recognition, and
ultimately outputs diagnosis results. The problem is {hegd variation induces additional features

to vibration signals, and unfortunately, features induced by speed variation are often overlapped
with features of faults. This increases the difficulty of learning sensitive fault features and thus
impedes the falt diagnosis performances. Therefore, how to address the effects of speed variation

is a key concern to facilitate delarningbasedault diagnosis under varying speed conditions.



The objective of this research is to develop deep learning modelsathatdress the effects of
speed variation, and ultimately achieve effective fault diagnosis for rotating machinery that
operated under varying speed conditions. This research includes three topics. First, considering
that rotating speed is frequently recpa for effective fault diagnosis but sometimes is not feasible

to be measured, a new deep learning model named-toangny-to-one bidirectional long short

term memory (MMGBILSTM) is proposed to extract rotating speed from vibration signals. The
proposéd model can work like a virtual speed meter, that is, automatically output synchronized
rotating speed corresponding to given vibration signals. Second, a new deep learning model named
speed normalized autoencoder (8H) is proposed for fault detection der varying speed
conditions. The proposed model automatically removes speed variation induced amplitude
modulation in vibration signals and thus achieves better fault detection performances. Given that
a fault being detected, the last topic aims to diasise type and severity of this fault. An auxiliary
branch named speed adaptive gate (SAG) is proposed for existing deep learning models to improve
their fault classification accuracy under varying speed conditions. The proposed SAG addresses
speed induad fault information imbalance and therefore yields higher fault classification
accuracies. Both the second topic and the third topic require the rotating speed as an auxiliary input.

The rotating speed can be measured or extracted from the first topic.

This research would promote the frontier of déegrningbasedfault diagnosis, especially for
varying speed conditions. The outcome of this research could serve as a good reference for
engineering practitioners in industrial applications for a better nmante. This research only
considers the varying speed condition. The load is assumed constant. In the future, we will

investigate the fault diagnosis of rotating machinery under varying load conditions.
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1. Introduction

This chapter consists dhree sections. Section 1.1 introduces the background, including
prognostics and health managem@itiM), fault diagnosis, deep learningptating machine,
andoperation conditiosof rotating machinerySection 1.2 providea detailed literature review

of existing speed extraction methodigep learningbasedfault detection methods, ardkep
learningbasedfault classification methods. Sect®oid.3 and 1.4provide theobjectives and

organizatiorof this thesisrespectively

1.1Background

1.1.1Prognostics and health management

We often have the following experiendenewly bought dewie, for example a car works well

in the first few years. It runs smoothly, the noise and vibration &aet low, and the gas
consumption is fair. However, as time gossfor exampleafter 10 yearghe car does not work
as expectedny morelt consumes more gas per mile, the car cabinet becoongsr, andit even
sometimes breaks down on the roddhis worseningof service performancés known as
performance degradatiofi], [2]. Performance degradatios often experienced byotating
machine, usuallydue tofatigue and/or weal3]. Fatigueoccursbecause rotating machines are
often subjectetb variable loadsWear exists in betweaontactingsurfacesf they have relativiy

micro andbr macro motions.



The performance of a machine often degrades gradually, as sh&ign inl. We acknowledge
thatmachinesnight break down suddénin some caseRl]. Sudden failures anesuallyinduced
by certainreasonsuch as excessive load, and ofstidied usingtatistical methodslhis tesis
focuseson only gradual degradatiorA machinein its early commissioningtageis often in a
healthy statgbutover time itsdegradatioleginsandaccumulatedn thehealthy statea machine
performs its intended function adequat&¥henthe degradation is accumulatieda certain level,
a faultis initiated. A fault refers to an abnormal state or a defect at the compegeiptmentor
subsystem levellISO 103003226 ASTM standards)A machine with a fault is said to be in the
faulty state A machindn thefaulty state castill perform its intended function, but not adequately
or with reducedperformancelf the fault is notdealt properly, it willcontinue togrow. Growing
faults weaken the functioning ai machine and finally lead to the failure tbe machine. Failure

means that the machiigebrokendown andcannot perform itintended function at all.

Degradation level

| Ty

Machine

Fault initiated failure

Health state

v

Time

Fig. 1.1: Typical degradation proces$ machineg1], [2].



Failure of a machine ressih unexpecteghutdown of thentiremachine followed byeconomic

loss and evenaastrophic disastefs]. For example, on April 29, 2016, a European EC225 Super
Puma Helicopter crashed due to the fatigue fracture of a planet gear locatedramsh@ssion
gearbox of themain rotor. All 13 people on boakdere killed in this disastg6]. A very recent
example is the Ohio train derailment. On Februan2023,a Norfolk Southern freight train
carrying hazardous materials derailed in East Palestine, Ohio, United. States of toxic
chemicals were spilled out of theain, and polluted nearby lands, waterbodies, and even the
atmosphere. More than 5,000 people had no choice bgettevacuatd from their homes
Numerous fishes were killed. One reason to this disaster is tHeeatvéailure of the wheel bearing
[7]. Definitely we do not want either theconomt lossor any fatalityto happen Timely and

proper maintenance actioslould be taketo avoid the occurrence of failures

Existingmaintenance strategiasebroadlythree typesrun-to-break, preventive maintenance, and
predictive maintenand8]. Run-to-break isatraditional methodMachines simply run until they
break down. Tis gives the longest operating time between shutdowns, but breakdanas
occasionally catastrophic, wigevereconsequences for safety, production loss, and repair loss.
The loss is not only induced by the failafethemachine, but also machines connected. tohis

can substantiallgxaggerate the losBreventive maintenands carried out at regular intervals
assurea very small likelihood of failure between repairs. The advantaghis approachs that
most maintenance can be planned in advance, androptastfailure is greatly reducedhe
disadvantages are that intensive labor is required to perform regular checks and maintenance, and
thus can be costlyPredictive maintenance is also referredas conditionbasedmaintenance
(CBM), or morebroadly, PHM. We predict potentiafailures through regulaor casesensitive

condition monitoring and conduct maintenance aat optimum time.PHM is free from the



disadvantages of either rio-break or preventive maintenandteis beingrecognized as the most
efficient strategy for implementing maintenancemiany industries[8], and more accepted in
engineering practices recent report shows thtte PHM market will rise from USD 2.®illion

to 3.9 billion fom 2019 to 20210]. In this thesis, we focus dPHM.

The goalof PHM is to provide preventive solutions to imprae reliability, maintainability,
safety, and affordabilityof machines[10]. PHM uses information extracted froncondition
monitoring data to aess the health state af machineand drives maintenance operations
accordingly[11]. Fig. 1.2 showsthe main components constitutiagypical PHMstructure from

data acquisition to decision makifiol], [12], [13].

Data acquisition

Data preprocessing

Y

A

Fault prognosis Fault diagnosis Maintenance concern

h 4

»  Decision making [+

Y
Maintenance
implementation

Fig. 1.2: Typical structure of PHN11], [12], [13].

Data acquisitiomvolvescollecting and storing condition monitoring data for a system of interest.

The condition monitoring data refersttee data collected with sensors installed in and/or outside



a machine, such d@lsevibration, temperature, acoustic emission, acoustic presand oil debris.
PHM requiresthe condition monitoring data relevant to machine health stm¢hat they can
indicate the machine health state through successive fault diagnosis and prfiftjofisata
preprocessingnvolves convering collected raw data into clean dd4fal]. It ensures, or at least
increases the chance, that reliable asefuldata isused for future analysis. Data preprocessing
includes but not limited to outlier removal, d&ing, segmenting, concatenating and

normalization14].

Fault diagnosis and fault prognosis #retwo major phases of PHF8]. Fault diagnosis aims to
identify the occurrence of faults and pinpi@ithecauses of faults. Fault prognosis aims to predict
the remaining useful life (RUL) of a machine based on the current health state and historical
condition monitoring data. Fault diagnosis iprér step for prognostics. Maintenance concerns
refer tofactors thashouldbe considered when making maintenance decisions, stich dsgree

of maintenance degree, maintenance,@ailability of maintenance personnel and maintenance
facility, and so orj12]. Decision makingnvolvesselecting the optimum maintenance option for

the machine of interest. This is an integrated processstivatldcomprehensively consider the
resultsobtainedfrom diagnosis, prognosis, and maintenance concerns. The selected maintenance
option should provide detailed guide for implementing the maintenance, such adetiree of
maintenance, personnel, and logistic support. The maintenance action is themeintgte

accordingly[12].

In this thesis, we focus on fault diagnosis only. Otteenponent®f PHM will be studied inthe

future work.A further discussion diault diagnosiss givenbelow.



1.1.2Fault diagnosis

As described irbection 1.1.1, the goals of fault diagnosis are to identify the occurrence of a fault,
and then identify the root causetbéfault. Thus fault diagnosis includes two specific taskslt

detection and fault classification.

Fault detectioraimsat achievingthe first goal, i.e.identifying whethera fault has occurred in a
machineor not If a fault could be detected before it propagad a failure timely maintenance

strategies could benplemented sthat the failure would be prevented.

Fault classificationaims at achievinghe second goakault classificationhastwo sultasks

identify fault types anddentify fault severitiesThe fault type refers to what fault has occurred at
what component od machineg.g.,gear tooth pitting and bearing inner race crack. The fault
severity refers to the degradation leg€h fault. Determination ofault types andeverity levels

helpsto betterunderstand the root cause dhethreat of the faultThiscould be useful for making
maintenancelecisions The severity level of a fault is often quantitatively meada® incipient

(or minon, medium, or majofl2]. The severity level of a just initiated fault is incipienkoown

asminor. A fault that approaches failure is regarded as a major Tadtverity level between

the incipientand major is mediunT.he fault severity level is positively correlatedinibhe machine
performance degradation level. The more severe the fault is, the more the machine performance is

degraded

Fault diagnosiss important because it is a preliminary step for predictive maintenance. Useful
diagnosis together with successive@rosis must enablgropermaintenance, as shown kig.
1.3. An underlying request here is that faults must be successfully diagnosed before propagatin

to failures. Moreover adequate timshouldbeavailablefor successivactions including prognosis



and maintenance to prevehe failures. Therefore, fault diagnosis should be conducted as early

as possible.

@ Fault Failure @

RUL 1
! ! ! ! ! ”
X X d Time
" Fault ' Faut ' Decision ' Maintenance
diagnosis prognosis making implementation
- o ;’:._I:" ~ 1)
o

Fig. 1.3: Primary request for fault diagnosiEnablingpropermaintenancgl3].

Fault diagnosisinvolves building mapsamong the information obtained in the condition
monitoring data space (e.g., vibration signals) or their featun@dmachine faults in the fault space

[3]. An underlying mechanism is thtite dataeflectsthe health state of machmerheoretically,

faults can be detected because they introduce unique signatures to condition monitoring data, e.g.,
impulses, higher energy, higher noise, and/or higher temperature. Faults can be classified because
signatures of different fault types adifferent fault severities are differets an examplein gear

faults, tooth wear modulates the amplitude of vibration signals, while tooth root crack induces
impulses to vibration signalgzurthermore a machine in different degradation levels excites
different fault signaturesTheseare further reflected in different types of condition monitoring

data, as shown iRkig. 1.4. As timepassesan initiated fault can introduce changesacoustic
emissionfollowed byvibrations, particles in the lubrication oil, noise, and hBatause o$trong

sensitivity to faults and convenienoé collection, the ibration signals are the most frequently



used condition monitorindatafor fault diagnosi$8], [15]. In this thesis, the vibration signalee

usedas the primary condition monitoring data.

N

Fault iitiated
\‘-—

i
Acoustic emission

Vibration

Health state

Particles in oil
Audible noise

Helat Failure

Time

Fig. 1.4: Examples of condition monitoring data for fault diagn$a]s

Mapping data and faults a challenging task dise condition monitoring data includingbration
signalscontain not only fault information, batsoother informationEssentially, ibration signals

of a machine are comprehensive respoonfasiltiple excitation sorces includinghe information
aboutthe health state, machim@eration conditionenvironment noiseresonance properties of
machine systems, and tl@nsmission propertieBetween the fault location and the sensing
locationand so ori8], as shown irFig. 1.5. Changesn vibrations induced byhese sources are
often overlappeé. Sometimes the fault information is quite weak compared to other information
such asenvironmentnoise The secretof a successfufault diagnosis ighento preservefault
related information from condition monitoring dathile mitigating theeffects of other sources
as much as possiblamong these sources, the operation condtieapecially thearying speed
condition, play a crucial rulg], and thughey arethe focal point in this thesis. More information

about the varying speed conditiaegyiven inSectionl.1.5
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Fig. 1.5: lllustration of excitation sources of measured sigf@ls

The «isting fault diagnosismethodsbroadly havethreecategoriesphysicsbased datadriven,
and hybridmethodd3], [13], [16], as shown irFig. 1.6. Descriptions of thesmethodsare given

separately in the following

Dynamic modeling
—> Physics-based m=) Expert system

Vibration modeling

Fault diagnosis Conventional
5 ——> Data-driven

methods
Deep learning-based

—> Hybrid

Fig. 1.6: Classification of fault diagnosimethodq16].

Physicsbasedalso known as modehasedmethoddollow a topdown mannefl16], i.e., the map
between the condition monitoring data is built from machine faults to data. The mdpslare

usingexplicit mathematical modetbatare derived manually. These models are laattording



to physical mechanisms of faults with sufficient assuoms and simplifications. A webuilt
mathematical modgdrovidestheoretically expected signatures of certain faults. If we could find
expected fault signaturestimecollected condition monitoring data, we @oncludethat the fault

is diagnosed. Foexample, rolling element bearings generally have four fault modes, i.e., inner
race fault, outer race fault, roller fault and cage fault. Each fault excites a specialized characteristic
frequency in the spectrum of vibration signals, i.e., ball pass fneguaner (BPFI), ball pass
frequency outer (BPFO), ball spin frequency (BSF) and fundamental train frequency§FTF)

we can find a characteristic frequeneyg., BPF] in the spectrum of a collected vibration, a

correspading fault inner race faultis diagnosed.

Physicsbasednethoddurther include dynamic modeling, vibration modeling and other physical
models from the perspective of how the mathematical model isDyilamic modeling simplifies
machines into rigid msseshatare connected through massless springs as wadlraping Faults

can be modeled @akechangesn one or more of these three components, and/or excitation forces.
Equations of motion are then derivadcordingtot he Newt ondés L areoftenThe eq
solved using numerical methods. The results are vibration signals, ascthedisplacement,
velocity, acceleration, antheir angular counterparts. The expected fault signatures are then
revealed in results like accelerations. More on dynantideting can be found if17], [18] and
Chapter 8 of/8]. Vibration modeling builds analytical equations for vibration directly without
deilving dynamic equations. The primary assumption is that the vibration of machines is the
summation of infinite terms of sinusoidal signals. Expected faults can be eth@delkertain
changesn the amplitude and/or frequency of certain terms. More on vibratmstelimg can be
found in[19] and Chapter 2 oB]. The abovmentionedwo modeling methods are directly or

indirectly based on the Newtonébés Law. Besides

10



such as the fatigue analysis can also be used for machinery fault diagnosis. Two cons@mbnly
fatigue theories arethel$ cur ve and . Théyare fRRquentlysuélizetl frvstructure

health condition monitoring and fatigue life predict{@0], [21].

Physicsbasednethodscan be developed into tfiexpert system If the knowledge gained hifie
abovementionedmathematical models and the successive reasoning process are coded in a
computer and the computer conducts fault diagnosis automaticaltan be saidhat we have

built an expert systerji].

Physicsbasedmethodsare easyto-interpret and are effective if a correct and accurate model is
built. However explicit mathematical modelingight be infeasible for complex systemecause
it would be very difficult or even impossible to build mathematical models for such sy&ems

Advantages and disadvantagepbysicsbasednethodsare summarized imablel.1.

Datadriven methodsfollow a bottomup manner[16], i.e., the map between the condition
monitoring dataand faultsis built from data to machine faults. The map is awttcally learned
from the condition monitoring data, without explicit mathematical modeling. {datzen based
fault diagnosis ofterconsists offive steps, i.e., data acquisition, data preprocessing, feature
extraction, feature selection, and fault detecor fault classification, as shown in the left panel
of Fig. 1.7. Data acquisition and data preprocessangintroduced in Sectioi.1.1 They are
identical to those for PHMHere, signal processing techniguasch asfiltering, Fast Fourier
Transform (FFT), ShofTime Fourier Transform (STFT) and Wavelet Transform (WT) are
usually used to preprocess data. For the convenience of narrative, dateed¢dhiem a healthy

machine iknownas healthy data, otherwiseis known agaulty data.

11
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Fig. 1.7: Frameworks of datdriven fault diagnosimethod422].

Feature extraction refers to extractthgfault-sensitive indicators from condition monitoring data.
The extracted indicators are alsmown asfeatures. Commonly used features include root mean
square (RMS), kurtosisndvariance. Signal processing rhetlssuch agime-domain analysis,
frequencydomain analysis and tirrfeequency domain analysis are frequenibedto extract
featured5]. The feature extraction process is often time consuming aslepsadent knowledge

andstudiesare required to select appropriate signal processing tools among several possibilities

12



[3]. Feature selection is to select independent and better ones frtime edindidate features.

Feature selection is necessary as some extracted features are bad features which would deteriorate
fault diagnosis performances, and more importantly, featuggsexistthatare correlated with

each other. For correlated features, onlyfeatéureis neededotherwisefault diagnosis woulthe

biasedto the trendndicated bythese features, not mention that more computation time is required.
Techniquesuch aghe Principal Component Analysis (PCA), Independent Component Analysis
(ICA); and Best Subset Selection (BSS) are often used for feature selection. The well selected
features are then used for fault diagnosis algorithms to conduct fault detection or fault
classification. Notéhateven the process for fault detection and fault classification is the same, the

their exact features are often different.

Datadriven fault diagnosisnethodscan be further categorized as conventional -dataen
methodsand deegdearningbasedmethodsin terms of how the abovementioned five steps are
implemented, as shown Fig. 1.7. Conventional datarivenmethodsconduct feture extraction,
feature selection and fault diagnosis separately. The features are hadduordftequired to be
carefully selected for every single task. The fault diagnosis algorithms are often machine learning
algorithms but exclueldeep learning. More information about the machine learning and deep
learning is given in Sectiof.13. Machine learning algorithms like Support Vector Machine
(SVM); K-Nearest Neighbors (KNN), Decision Tree (DT) and Atrtificial Neural Network (ANN)
are ofenusedhere. Deepearningbasednethodsconduct feature extraction, feature selection and
fault diagnosis simultaneously in a single sismgdeep learning algorithms. Delgarningbased
methodsare eneto-end methods. We simply input condition moning data to a deep learning

model, which automatically returns fault diagnosis results.

13



In comparisonconventional datdriven methodsneed intensive expert knowledge and labor for
feature extraction and feature selection, making thesa favorablefor massive data. Deep
learningbasedmethodsautomatically fulfil these steps in a single process with limited or even
without manual interference or expert knowledjeus, they argood for massive dat&loreover
deeplearningbasedmethodsconduct featte extraction, feature selection and fault diagnosis
simultaneously An overall optimumof all stepscan be expected. Conventional ddtaren
methodscan only obtain a local optimum for each single step, but the overall optimum is not
guaranteed16], [23]. Detailed comparisons of conventional ddteven methodsand deep

learningbasedmethodsareshownin Tablel.1.

Meanwhile, with exponentially more condition monitoring data collected from increasingly
complex rotating machinery, fault diagnosis has already entered the era of bjig] di4]. In

such an era, we have strong demands for intelligent methods to deal with massive data to
automatically mine complex nonlinear relationships betwkefaults and condition monitoring
data[5], [25]. Deep learning, an emerging technique that can learn hierarchical representations of
raw data and any complex relationships between faults and raj2@jtf27], is ready to solve

such problems. Indeed, deep learning has been successfully used in computg8jisiatural
language processirig9], autonomous drivin§30], andhuman health diagnosj81]. Therefore,

deep learning has been attracting more and more attentibe MM community. In this thesis,

we focus on deefearningbasedault diagnosis. More informatioaboutdeep learnings given

in Section2.

Hybrid methodsusephysicsbasedand datadriven methodssimultaneouslyHybrid methodsare

welcomed because thhysicsbasedand datadriven methodsoften mutuallyassist each other

14



Firstly, physicsbased methals sometimesrequire datadriven methodsto determinetheir

parameters

For

exampl e,

Par i

sobs

Law

factor range and material paramet§&]. Secondly datadriven methals can achieve better

performancesf proper physical knowledge isformed For instance, in unsupervistghrning

basedault detection, we do not have faulty data in the mddgklopmenstage The developed

model knows nothing about the faulsyate.However,by hand, we already knowow fault

signaturedook like theoreticallythrough mathematical modelindf. such knowledge is well

informed toa faultdetection modelits detection performance can be improyad]. Indeed the

physicsinformeddatadriven methods a promising research topic in the context of P|3B] and

other domainsuch asgeophysics and molecular simulatiof3gl]. This thesisdoesnot cover

hybrid methods

Tablel.1: Summary ofotatingmachinery fault diagnosis methofd<!], [16].

Methods Advantages Disadvantages
Physicshased 1) Deterministic and precise 1) Difficult to be implemented
2) Requires little data 2) Requires complete knowledge o
3) Good interpretability system behaviors
3) Lessfeasible for complex systerr
Datadriven Conventional 1) Simple and ease tme 1) Requires fair amount of data
implemented 2) Requires intensive labor work
2) Fair interpretability and expert knowledge
3) Feasible for complex systems
Deeplearning 1) Simple and ease to be 1) Requires massive data
based implemented 2) Poor interpretability
2) Feasible for complex systems
Hybrid 1) Can be used with a lack oértain 1) High complexity of
data implementations
2) Accurate performances 2) Requires both expert knowledge
3) Fair interpretability and data

15
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1.1.3Deep learning

Deep learning is aubsecof machingearning (ML) which isused for many but not all approaches
to artificial intelligence (A) [26], as shownn Fig. 1.8. Al refers to the simulation of human
intelligence in machinesdt is programmed to think like humans and mimic their actionshén
early daysof Al, people codeé the rules, and the computsrautomatically run the rules. An
exampleis theknowledge basdeople harecodel knowledgeor rulesabout the world in formal
languages. A computeutomaticallymakes reasoning in these formal languages using logical
inference rulesThe application of knowledge bases in the contéfault diagnosiss anexpert

system as indicated in Sectidril.2

Machine learning isa subset of Althat gives computer the ability to learn without explicit
progranming. It often refers to the automation lebrning procesdrom featuresFig. 1.9 shows

thathow machine learning works compared to traditional approaches, i.emaxnne learning
approachesTh e machine | earning Al ear nknawn aslable,s f r on
while conventionabpproaches program given rulesotatainanswersNote that everwe do not

need to hare¢ode knowledgin machine learningthefeatures are often handcmt A machine

learning algorithm often tsaa shallow structuresuch aghetwo-layer ANN, logistic regression

(LR), support vector machin&VM), decison tree (DT)andprincipal component analysis (PCA).

The application of such machine learning algorithms in the cowfiefault diagnosisis the

conventional datariven approacheas indicated in Sectioh 1.2

Deep learning is a subsetmfchine learning that usa cascade of multiple layers of nonlinear
processing units for feature extraction and transformation. Each successive layer uses the output

from the previous layer akeinput The Adeepod her enunsbermfdagrgin me an s

16



the modelis deepWhen deep learning is used for fault diagnosis, kniswn asdeeplearning

basedapproachessdescriled in Sectionl.1.2 The deeplearningbasedfault diagnosisis the

focus of this thesis.

Artificial
intelligence

Machine
learning

Deep learning

Example: Multi-layer
perceptron

Example:
Knowledge bases

Example: Logistic
regression

Fig. 1.8: Venn diagram showinghe position of deep learning in machine learning and artificial intellig§26k

Y .
Rules Conventional
—— Answers

Data ————— programming

Data E—

Machine

. —— > Rules
learning

Answers ————

Fig. 1.9: How machine learning is differemoim conventionabpproacheg35].

Deep learningnodels are even not all, bptetty muchartificial neural network¢ANNS) with
deeplayers. An exception is the graphical model, such as the deep belief n¢d&prin this

thesis, we utilize the ANN based deep learning models ®hiyANN is briefly introduced below.
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Fundamentalsf deep learning includingNNs are given in Chapte? andare briefly introduced

below.

An ANN is a networKike machine learning model that consists of kgennected artificial
neuronsor units. The neurons are often organized in layers. ANNghthave different structures.
Three typical ANN structures are feedforward neural network (FNN), convolutional neural
network (CNN) and recurrent neural network (RNRB]. In the FNN, the neurons between two
successive layers are fully connectéte information flows in the forward direction and flows
amongthelayers only Two typicalFNNsaremultilayer perceptron (MLP) and autoencoder (AE).
MLP is the most fundamés neural network and is often used for simple regression
classification tasks. AE is a network that tries to reconstruct its input and is often used to learn
dimensionreduced representations of the inLiN is more compact than FNNhe layers of a
CNN are not fully connected’he reurons of a preceding layer are only mapped to neurons at
certain locations of a successive layewidely used variant of CNN is residual network (ResNet).
CNN is often used to process structured data such as imageeguetial data RNN allows
information flowing not only among layers but also within layers. A widely used variant of RNN
is the long shosterm memory (LSTM) network. RNN isaturally specializedfor time series

learning.

Deep learning modelput simply,are neuralnetworks withdeep structures or more layers. For
FNNs, a deep learning model must have at least two hidden layers. The f@agoimg deep is
that deep models can achieve better performance in the current big datanspared d
conventional machine learning methpas shown ifrig. 1.10. The conventional machine learning

methods refer to machine learning excluding deemileg.
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Deep learning

Performance

Jconventional machine learning

Data amount

Fig. 1.10: Performance of deep learning azwhventionamachine learning6].

Deep learning can be categorized into supervised learning, unsupervised learning, and
reinforcement learning from the perspectivelataused for trainingas shown irfrig. 1.11. This

categorization also works with machine learning.

Supervised learning usémbeleddata to train algorithmd.abeleddatacontaina tag or label
referring to the exact or true value. Thabeleddata is in pairsih), wheredis the independent
variable thabecomeshe input of a deep learning model, ana the label ofo that the output of

the deep learning model attempts to predict. For example, the label can be whether a vibration
signal indicates a tdt or not, or the crack length of an aluminum plate at certain loading cycles.
The label can be categorical or continuous. If the label is categaticah be said thahe deep
learning model fits a classification problem, otherwise, a regressioteprddupervised learning

can achieve advanced performance, but the halgit beexpensiveo obtainand evermay not

be obtainedCommonly used supervised learning modesCNN and RNN. In the context of

fault diagnosis, supervised learning is ofteadfor fault classification.
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Unsupervised learning

*  Unlabelled data

* For: dimension reduction, clustering
Example: AE, ELM

Supervised learning

+ Labelled data

* For: regression, classification
*  Example: CNN, RNN

Unsupervised
learning

Supervised learning

Reinforcement
learning

Reinforcement learning
* States and actions

* For: Go, real-time decision

*  Example: DQN

Fig. 1.11: Deep learning categories in terms of data used

Unsupervised learning uses unlabeled data to train algorithms. Unldiagdedb not contaia tag

or label.Unsupervigd learning tries to make sense by extracting features or patterns on its own.
It is often used to reduce the dimension of raw data, or cltte#enner patterns of rawlata
Unsupervised learning does not require expensive labels, but the performance of unsupervised
learning often might not satisfy theasewise requirements in applications. Examples of
unsupervised learning modgéhclude the AE and extreme learning machineMIE In the context

of fault diagnosis, the unsupervised learning is usually used for fault detection.

Reinforcement learning (RL) trains an algorithm with a reward system. @Gnsgnvironment
states, a RL agent/algorithm trieso perform best actionsto maximize the rewards. The
mechanism of determining what actiost®ouldbe taken is named as the policy, which will be

learned/optimized. The reward is related to the goal of the RL task, for example, winning the go.
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A widely used RL model is thdeepQ-learning network DQN) [26]. However, ve found few
studies on usin@L for machinery fault diagnos[86] and prognosi§37]. It may be promising

for maintenance decisianaking but is out of the scope of this thesis, and thus will not be covered.

Deep learning approaches calsobe classified into classic deep learning and transfer learning
according towvhether to transfer knowledge fromeomodel to anothems shown irFig. 1.12. In
theclassic deep learning, different learning systems learn selyaftaim different domainsThe
domain can be simply interpreted as the task, such as gearbox fault classification under constant
speed conditionsThe knowledge from different domains is not shared. While transfer learning,
given sourcelomain(s)andatarget domainijt aims to improve the learning in the target domain
using the knowledge in both the source dorfgiand target domainThis process is said of
transferring knowledge from the source to the tariethe context of fault diagnosigansfer
learningis promising for scenarios wherein the source domaim egjeamount oflabeleddata,

but the target domain has limited or everaiteleddata[38]. Such scenarios include transferring
knowledge across operation conditions or hestititesof a single maching89], across machines

in a fleet[40], andtransferring knowledge from simulated dataexperimental data toefid data

[41]. More on transfer learning for machinery fault diagnosis can be found in review p&jers
[43]. A prerequisitdfor a successful transfer learning is that the model must perform sufficiently
well in the source domainThis means, the classic deep learning models must perform well
inherently. In this thesis, we focusly on the classic deep learninfransfer learningvill be
studied in thduture.For simplicity, deep learning refers to classic deep learairigss otherwise

statedn this thesis.

21



Classic deep learning Transfer learning

Different domains — Source domaimns —  Target domain

00 (AA| HE ©0 4AA BN
0 AA ER 0 4AA ERE

\_r_J

b 4 1 b U

Learning Learning Learning - ‘:"; Learning
system system system Knowledge system

Fig. 1.12: Deep learning categories in terms of whether knowledge is traedf@cross domains.

As indicated in Sectiorl.1.2 fault diagnosis has two tasks, i.e., fault detection and fault
classification. When deep learning is applfed fault detection, it isleeplearningbasedfault
detection.Similarly, goplying deep learnm for fault classification isleeplearningbasedfault
classification.Deeplearningbasedfault detection isusuallyan unsupervisetearningproblem
TheabovementionedAE, and theextreme learning machine (ELM) atieerestricted Boltzmann
machine (RBM), and their variants can be applied to fault detection. A detailed revimempf
learningbasedault detection is given iBectionl.2.2 Deeplearningbasedault classifications
often a supervisetitarningproblem.The abovementioned RNahd CNN, as well as FNN and
ResNet, and their variants are oftesedfor this purpose. A detailed reviewadeplearningbased

fault classificationis given inSectionl.2.3
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1.1.4Rotating machinery

PHM has diverse application areas, such as buitdikg skyscraperand bridgs [44], electronic
devicessuch adatteres anctircuits[45], and machinery. In this thesis, we focus ontiaehinery,

more specificallyfault diagnosiof rotating machinery.

According to the type of motion, awhinery can be categorized as rotating machinery and
reciprocating machinery. Rotating machinery is a type of machines that are composed of at least
onerotating part and certain nonrotating pdAs€]. The rotating part conducts rotary operations,
and the nonretting partsareoften stable. For example, a gearbox is a rotating machinery, whose
rotating parts are the shaftsdagears, and nonrotating parts are the housing. Rotating machinery
is widely utilized in both the industry section and our défy. To name a few, wind turbines,
generators, gas turbines and purapesusedndustrial applications, angkar transmissiosystems

in watchesand motors in coffee blenders belong to daily usagreciprocatingmachinery is a

type of machines wherein at leagpartconducts reciprocating motion such as the cam and linkage
[46]. Widely usedreciprocating machines includebration shakes; reciprocatingpumps, and
piston engins. The reciprocating motion is often driven byaating macime. For instancethe
camis often driven by anotor. Fault diagnosisof reciprocating machinery is another topic of

PHM [8], [47]. Thisis out of the scope of this thesis.

Usually,compared to othezomponents in a machinetatingcomponentsare more frequently
subjected to faults due to their increasingly complex structuresemasinglymore harsh serving
conditions[5], [8]. For example, inwind turbine, the failure of the rotating parts (gearbox,
generator, and yaw system) occupies 22% of wind turbine fa[Ugsas shown irfrig. 1.13. We

acknowledge the electronic system, control system, seridades,and brakeslso have high
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failure ratesThey are out of the scope of this thesis but withesubfield of PHM of electronic
systens [45] or structure health monitoring44]\. In this thesis, we focus oanly rotating

machinery.

Others
Electronic Control ) 39,
system system Drive {rai
18% 13% I‘l‘;&:)/ﬂraln
Generator

5%

Blades
14%

Gearbox
10%

Yaw system  Hydraulic
Structure 7% and brakes

1% 14%

Fig. 1.13: Failure occurrenceates of main components of wind turbiri48].

1.1.50peration conditions of rotating machinery

1.15.1 Operation conditions

The operatiorronditiors of rotating machinery refer fits rotating speednd loador equivalently
torque subjected to itThe speed and load candmnstantpr they carvary. Being constant means
the speed (or loaggmainsunchanged over tim&o vary means the speed (or load) changes over
time. When the speed is constant, the loadb@aoonstant or varying, and vice verdaboththe

rotating speed and load of a machine are constant, it works under stationary conditions, otherwise
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it works undemonstationary conditionsn this thesis, the speed refers to the rotating speed, and

may alternativelybe shownas speed, rotating speed, and sometimes speed signals.

In industrialapplications, there are machines wogkunder constant speed conditipsach as
asynchronous motorand generatorsThereare also machineshat work under varying speed
conditions. For example, the driving motor of an elevator needs to frequently stéotward or
reverse, and stop to allow passengers onboard, irdackdedloors andallow passegers ofboard.
Fig. 1.14 illustrates its rotating speed profile amwhole working course. We can sdleat the
rotating speed experiences acceleratbecomesconstant and then sleadown. This speed

variation is repeated once a new working course is initiated.
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Fig. 1.14: Rotating peed profile othedriving maor of an elevatof49].

Another exampl®f varying speed conditions awind turbine, powered by the winBecause of
the random nature of wind flow, thesultingrotating speed adwind turbine is randonfig. 1.15
shows the measured rotating speed of a wind turbine served in s®Bwied farmfor aboutfour

years. The conditiomonitoring data including rotating speed were collected every 12 hours. Each
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measurement lasted for about 1.28 s. Each circle in the figure represents the average rotating speed
of a 1.28 s long measurement. We can see that the rotating speed of thterhimel varied

randomly in between 700 rpm and 1200 rpm.

Speed (rpm)

0 0.5 1 1.5 2 2.5 3 3.5 4
Time (year)

Fig. 1.15: Rotating speed of a wind turbitieatserved in Sweder circle represents the average speed of a4.28
long measuremenbData credi{50].

For machines workingndervarying speed conditions, the load can be either constant or varying.
For example, a drive conveyor system usually works undeiingaspeed and constant load
conditiors. An elevator can work wder varying speed and constant load conditions in a single
lifting course if the passengeaseunchangedHowever a wind turbine usually works under both
varying speed and varying load condit®in this thesis, we focus on the varying speed conditions.
We assuméhatthe load is constanthe varying load condition coupled wiltonstant or varying

speed condition will bsetudied in thduture.
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1.15.2 Effects ofrotating speed variation

Rotating peal variation introduce additional amplitude modulation (AM) and frequency
modulation (FM) to vibration signald 5], [51]. The AM (FM) refers to that the instantaneous
amplitude (frequency) of a signal is altered in a cent@mnerdue to exernal effectsThe AM
and FM effects can also be introduced by fajify. The AM and FM effects induced by speed
variation and faultare often overlappedhe overlapped effects if ndistinguishedmight lead
to fase alarmsandbr missng alerts in fauldiagnosisin addition abyproduct of FM is thatgeed
variation leads tdrequency smearing in the frequency domairvibration signald51]. Event
frequencies no longer dominate at specific valsiegsh asthe constant speed conditiobst

distribute in a wide rang&ault related frequencieshich are critical fault signatures amgxed

with fault unrelated frequenciegheseexaggerat¢he difficulty of fault diagnosisDetailed effects
of speed variatiomn deeplearningbasedault detection and fault classification atiscussedn

Chaptes 4 and5, respectively.

1.15.3 Methodsto obtain rotating speed

For machines operated under varying speed conditions, the benefits of ktiosvioigitingspeed
are at leasthreefold. First, thespeed is mimportantcondition monitoring indicatoiVe need to
monitor the reatime rotating speed of a machine to avoid overhauling its rated.Sgiass often
dangerous. This is critical for wind turbines. If the rotating speaavofd turbine raches a certain
limit, the bladesshould be movedway from the wind directigror simplythe blades should be
heldstill to reduce the rotating speed of wind turbines to assure s&ftgndspeed signals can
facilitate fault diagnosis as they contamiarmationrelated to machine health stg$3]. Third,

there are cases wherein the rotating sperdassary such as the control systerhservomotors.
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The instantaneous rotating spasdeedbackd to the control system to assure the moving and

positioning accuracy of the servomotor.

Becausehe rotating speed is so importantve focus on how to obtain the speed signal in this
thesis The «isting methodsto obtain rotating speeare broadly categeized intotwo types (1)
directly installing speed sensors to measure sp&épand (2) indirectly extracting speed from
frequently usedondition monitoring datauch asvibration signalg55]. Direct measurement of
speed is straightforwarahd reliable. This approach does not require much expert knowladge
complex algorithms to calculate the speed from the measured sighididy usedsensors for
speed measament includeencodes andkey phasor transducers. Howeveometimes it is not
possible tanstall speed sensors due to constrposedoy the structureof target machineand/or
environment space. Evemhen it is possible, instathent of speed sensorsan increase the
condition monitoring cosas we need not only the speed sensors, but also data acquisition systems
to read and process the sensor {&f& Indirectly extracting speefom vibration signalss cost
effectiveand freefrom space constrais It is costeffective becausee do not need to bigpeed
sensordut insteadaking advantages of existing vibration sensda assumption whicliloes
hold herein isthat most condition monitoring systemollect vibration datalt is freefrom space
constrains as vibration sensors araegds install and has limited requiremertisthe geometric
environment. Vibration sensors are usualifered tdhe staticsurfaces of a machintbrough the
glue, par#fin, magnet, and sometimes scranstead of working with rotating shafts like speed
sensors. Howeveindirect speed extraction needs complex algorithile accuracy ofspeed
extraction highly depends on the algorithm desigterature review omotating speed extraction

is given in Sectiond.2.1
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1.2 Literature review

This section provides literature review onthe methodsfor extractingrotating speed from

vibration signalsgeeplearningbasedault detection andeeplearningbasedault classification.
1.2.1Extraction of rotating speed from vibration signals

Rotating speed extraction is alsaferred toinstantaneous angular speadrequency extraction

or estimation.lt refers to techniques thatibtract rotating speed from condition ntoring data

such as vibration, current and acoustic signals. Signals collected by speedsertsasncoders

are not included. For these signals, the speed can be easily found by counting the number of
impulses or peaks in such signdlee available speed extraction methamsbebroadlyclassified

into two categoms i.e., signal processingpasedmethodsand deeplearningbasedmethods

Detailedreviews of these methodaregiven below separately.

1.2.1.1Signal processingbasedmethods

Signal processingasedspeed extraction refers to using signal processing techniques to subtract
speed related harmonics from vibration signals. The harmonics are either the speed or its multiples.
Thesignal processingasedspeed extraction further inclad phase demodulatitiasedmethods

and timefrequencyrepresentatiobased TFR based methods.
Phasedemodulation basedmethods

Phasedemodulatiorbasedmethodsdeterminethe speed by demodulating the phasgilbfation

signals. The diagram ofstandard phase demodulatibasedmethod isshownin Fig. 1.16 (a).
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The raw vibration signais first transformed tahe frequency domain witlihe use of Fourier
transform.The frequency spectrum examinednanuallyto selecta proper frequency bantthat
containsthesingle speedelatedharmonic A bandpass filter is then applied to filter out a signal
corresponding to thselected frequency bafrdm raw vibration dataThe filtered signamust
contain only a moneomponenbtherwisesuccessive phaseannot be correctly calculatedext,

Hilbert transform isperformedto the filtered signato obtainits analytial form, and thenthe
instantaneous phase athe rotating speedould be obtainefb6]. Bonnardot et al[57] used this
method to extract the rotating speed dfoar-stage fixedshaft gearboxfrom its acceleration
signals The obtainedspeed was then used to resample the acceleration to the angular.domain
Combet et al[58] appliedthe standard phase demodulation method to extract the rotating speed
of atwo-stage helical reduction gearbox used in a wastewater treatmeinbsitié,s acceleration
signals. The extracted spehdlped inthe time synchronous averaging (TS#f) acceleraon

signalsand ultimately facilitated the diagnosis of pitting faults of the gearbox.

The standard phase demodulatimsedmethodcanfail when the speed fluctuates largely such
thatthe spectra of vibration signals are smedB#], [56]. The bandpass filter cannot return a
monao-component signal, which is a must for a susfidsphase demodulatiobasedspeed
extraction For ths case, the soalled iterative strategy, shown fig. 1.16 (b), can be utilized
First, a rough speed estimatedising either the above standaftape demodulation approach
[59], the TFRbasednethod (to be introduced lat¢60] or othersSecond, lte rough speeid used
for the angular resampling of the signdlhe speedluctuations in the resampled signal are
mitigated Third, another standaggthase demodulatiazoursecan be applied to extract the refined

speed55].
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In addition to bangbass filterssignal decomposition methods can also be utilized to obtain the
mono component signal, such as the empirical mode decomposition (EB¥Pand Hilbert
vibration decomposition (HVD)62]. To obtain tlke demodulated phase, the Teager Kaiser Energy

Operator (TKEO]63] can also beised in conjunction witthe Hilbert transform.
Signal Fourier &ansfonn, N Band-pass . Hibbert
Band selection filter transform
h 4
Rotating Instantaneous Analytical
speed phase Signal

(@)

Angular \‘ Angular
resampled signal /‘ resampling
A

h 4
Sienal Fourier transform, N Phase demodulation Rotating
et Band selection or TFR methods speed
(b)

Fig. 1.16: Diagram ofphasedemodulatiorbasedspeed extractiar(a) Standard method and (b) Iterative method
[55], [56].

Time frequencyrepresentationbasedmethods

Timefrequency representatitbtased TFR based methodsattempt to track a harmonic component
from the TFR ofvibration signal. The tracked harmoniasuallythe speed or itswiltiples The
general process afFR basedmethodconsists of two steps dtustrated inFig. 1.17. First, the
TFR of the raw vibration signals is generat8dcondaridgeor curve tracking method is utilized
to track the harmonic componeiite tracked harmonic is believed totbe speedr its multiples
which is also known as the instantaneous frequencyAH#3uch, &orts havebeenmade for both

steps teensurea successful TFRasedspeed extraction algorithm.
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For the first step, i.e., to obtain a clear TFR, Urbanek ¢64].extracted the rotating speed of a
wind turbine from the STFT of its vibration using a simple maximum tracking method. Peng et al.
[65] used a Chirplet transform with a polynomial kernel for-tinear speed estimation of a rotor
system. Gryllias et al66] utilized complex shifted Morlet wavelets to determine the instantaneous
speed of a rotor systemn.the second step, i.e., to track speeldted harmonic from TFR, Schmidt

et al.[67] incorporatd priori probabilistic knowledge about the instantaneous frequency of the
target system to increase the robustness of the maxmatking in the STFT for the speed
extraction of a planetary gearbox. latsenko 68| used an improved dynamic path optimization

method to estimate the candidate path that best represents the speed component from the STFT.
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Fig. 1.17: lllustration of TFRbasedspeedestimation (a) Vibration signal(b) TFR of the vibration signand(c)
Extractedspeedrom the TFR[69].
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Either the phasdemodulatiorbasedr the TFRbasedmethods can achieve good speed extraction
performances if they are carefully designed. Howewsmth need to select casensitive
parameters for every single piece of vibration signal to obtain either the-coommonensignal

or theclear TFR or the properridge tracking algorithmTherefore intensive expert knowledge
and workload are requiredlternative methods free from these drawbackslasglearningbased

method. Theyare reviewed in the following.

1.2.1.2Deep learning-basedmethods

Speed extraction pertains to a sequeesequence (seq2seq) learning problem, where a model
learns frontheinputswhichare sequences or time series and outputs sequencébeésequence
andtime seriesaretakenequivalenty andare used interchangeably in this the3ise seq2seq
learning has verified applications like spe@ebognitionand linguistic translationCommonly
used models for seg2seq learninglude CNN basedmodels, RNNbasedmodels, and attention
basednodelg[70], [71]. Prabhavalkar et a]72] compared th@erformances of these methods for
speech recognition, ankdatfoundthattheir performances were comparati@eitskever et a[73]
proposed a multilayered Long ShtetmMemory (LSTM) to map the input sequencéitevector

of a fixed dimensionality, and then another deep LS¥&4 usedo decode the target sequence

from the vectorThis modelshowed impressive performance in translating English to French.

The abovementioneduccesses of seq2seq learning inspired us to ssskopities of extracting
rotating speed from vibration signaisth the use of itUnfortunately,we failed to finddirect
studiessupporting thisdeawhenthis thoughtwasinitiated. However theliterature of the fieldf
driving monitoring usingsmartphong containsrich and closely relatestudies[74], [75], [76].

Suppose anobilephoneor smarphone is adhered to a cahesmarphone collects data including
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acceleration, gyroscopand global positing system@P9 datausing embedded sensoikhe
sensory dataanbe used to estimate the conditiointhe car otheroad.Fazeen et a[75] used
patterns of acceleration signals to estimate car running conditions like safe acceleration, extreme
acceleration, saféecelerationand extreme deceleratipand road conditions likeump, pothole,

and uneven,rough, and smoothsurfaces This work pertains toa classification problemit is

different fromthe speed extractigra regression problentsu et al.[77] used the GPS data to
estimate the altitude of a cardicatingwhether a car wadriving on or off a viaduct. The altitude

was estimated with a dynamic Bayesian netw®hks studyis similar tospeed extraction, but the

GPSdata isavalue type data, while the vibratidataused for speed extractismwaveform data.

Another relevant studis by Gu et al.[78]. Theyproposecan LSTMmodelnamed the manto-
one LSTM (MGLSTM) for car running speed extractiokhe MOLSTM consideredcceleration
and gyroscope signalas the input and outputted corresponding car ingnrspeed. The
acceleration and gyroscope signals were colleasdg sensors embedded insmarphone
adhered to the car front windowheir studyresembles the task to extract rotating speed from
vibration signals of rotating machinery. However, even the reporteeBITM performed well
in extracting the running speed of gaatthoughit suffered from the following two limitations
First,the speedhformation was only learndd the forwardtime direction, but the backwatdne
direction was ignoredSecondthe labeled speed@as only utilized at a single timepoint ke
remaining € p) points were not used in a window of lengthn this thess, thelabeled speed
means the real speed used in the modeling training. The length of the weplesentshe time
length of the LSTM model. As a result, the speed information mining alahiythus the speed
extraction accuracy of the reported M@STM model,leavesoom for improvementvhen applied

to extractrotatingspeed from vibration signals of rotating machinery.
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1.2.1.3 Summaryof existing studies

As reviewedin Sections 1.2.1.1 and 1.2.1sdgnal processin@pasedspeedextraction methods
needintensive expert knowledge and labor. Teeplearningbasednethods aréree fromthese
limitations andhereforewill be usedin this thesisThe reported deep learning model, NNSTM
[78], takes raw vibration sigrehsthe input andprovidesdirectly the car running spees the
output It resembles the task to extract rotating speed fitoenvibration signals of rotating
machinery,and thus canact asa baseline model. However, the reported M&M did not
adequatsl exploit speedelated information in vibration signals, thus leaving room for improving
the speed extraction accura®eficienciesof the reported MA.STM will be addressed in this

thesis as the firgesearchopic which is defined irSectionl.3in ddail.
1.2.2Deeplearning-basedfault detection under varying speed conditions

Fault detection isisuallyunderstood @an unsuperviselarningproblem[79]. Only healthy data

is available fordevelopingfault detection model This is fair, especially for newly commissioned
machines. For these machindg healthy data accumulates quickbyut we do not have a chance

to collectthefaulty data before a fault occuisurthermoreoperating under faulty statesoften

not allowed by asset managers, but instead they want a fault detection algorithm ready before the

occurrence of a faulsothat once a fault emerges it could be detected right away.

Fault detection is often achieved by first constructing a h&adicator (HI) using either signal
processing methods, conventional dateven methods, or deep learning methotlse HI is
compared with a predefined threshtdddetermine whether a fault has occurred or tidhe Hi
is smaller than the threshold, the machineassidered akealthy, otherwise faulty. An Hl is a

scalar that is supposed to be able the reveal the Istatdof a machine. It often has a smaller
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valuewhen the machine is healthy and a langgue if the machine is faulty. In this thesis, only
deeplearningbasedault detection methods are reviewed. Reviewsther methods can be found

in [80], [81]. Existing deeplearningbasedault detection methods can be categorized as residual
basedand featurdasedaccording tavherethe HI is extracted from. The residumsednethods
extract the HI from residuals, while the featbesedmethods extract the HI from features. They

areintroduced separatelipelow.

Residuabasedmethods first build a deep learning model to reconstruct its input or predict a few
steps ahead ofs input. The input is often the condition monitoring data such as vibration. The
reconstruction or prediction errorkeown agesidual. The residual is then useadtmstructHls.

The HI is ultimately applietb fault detectionThe HI here is often simplthe root mean square
(RMS) of the residudld2], [83], or otherssuch aghe harmonic to noise rati@2]. Commonly

used deep learning moddts data reconstructiomcludethe AE and its variants, RNN and its
variants, and ELMReddy et al[82] used all-layer deep AE for fauldetectionin alarge flight

data. The inputo the AE was theaw condition monitoring data including 13 modalities such as
theactuator position, load, motor currearid motor temperaturéhe RMS of the reconstruction
residual was used for fault detecti@handra et al[84] used an & shaped LSTM (AE.STM)
network toreconstruct electrocardiography (ECG) signals. The RMS of the reconstruction residual
was used for anomaly detection in ECG signéle AE-LSTM was also used fahe anomaly
detectionof sensor data i[85]. Maya et al[86] reported an ensemble LSTM model to reconstruct

the inputted condition monitoring data. The median of the reconstruction error of a sample served
as the HI forthe fault detedbn of a plant equipmenDervilis et al.[87] usedan AE with radial

basis functions to reconstruct the inputted frequency response function (FRF) data. The Euclidean

distance of the reconstruction residual was used to dedssible crack faults of wind turbine
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bladesChen et al[32] used &-layer LSTM to predict onstep ahead of its input, which was the
raw vibration data. The harmonic to noise ratio of the prediction residual was usbe fanlt

detection of gearboxes.

Featurebasedmethodsfirst build a deep learning model to extrdw health condition related
features from condition monitoring daifithe features are often the activations of a certain layer of
the deep learninmodel. Theextractedeatures are then used to construct thesithg PCA, one
class classifier (OCC), or othefBhe AE ELM, andtheir variants are usually used ftgature
learning.Michau et al.[88], [89] used adeepELM to learnthe features of inputted data. The
featureswhich were the activations of the bottleneck layer of ElMMre inputted to an OCC to
detectthefaults of a generator rotor in a power plant. The inputtedwasihe 320-dimentional
condition monitoring datancluding the rotor flux, partiabdischargeand end winding vibration.
Mao et al.[90] used a stacked AE to eattthe common features of beariagrhe etracted
features were then processaeginga support vector data description (SVDD) model for bearing
fault detection. SVDD is a variant of the support vector macl8nv®A) andworkedlike an OCC

in [90]. Chen et al[91] trained a CNNshaped AE in a generathaglversarial (GAN) manner to
detect faults of wind turbines. The model consisted of two parts, a generasdiandminator.
The generator wasgsedto reconstruct the inputted data which was the spectra of raatioitr

The discriminator workellke an OCC tadetect the occurrence of faults.

The @ovementioned methodkustrate general pipelines afleeplearningbasedfault detection
regardless of operation conditionisut pretty much about constant speed conltién the

following, aspecificreview on fault detection under varying speed conditwitidoe provided
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The keyto fault detection of rotating machinery under varying speed conditions, in addition to
extractng fault sensitive Hlsis to address the effects indudsdspeed variationAs both speed
variationand faults introduce AM and FRffectsto vibration signals, and their effects are often
overlapped in HIsEffects of speed variationf not addressedganlead to false alarsmandbr
missedalerts in fault detectiofB], [52], [92]. Regardingwhen to address the effects sifeed
variation theexistingdeeplearningbasedault detection methods under varying speed conditions
can be roughly classified intbreetypes i.e.,premodeling methodsn-modelingmethodsand
postmodeling methodsThe modeling heie means building a deep learning model for fault
detectionPre-modeling methods refer to addressihgeffects ofspeed variatiom prior, which

is often achieved by preprocessing vibration signals using signal processing techimgues.
modeling methods refer ddressinghe effectsof speed variatiofy the dep learning model
itself. Raw vibratiordata isinputted to the deep learnimgodel Postmodeling methods refers to
inputting raw vibration data to a deep learning model for processing firsthand subsequent
step is applied to address the effectspafed variationrhese threaypes of methods are reviewed

separately below.

1.2.2.1Pre-modeling methods

Premodeling methods addrese effects ofspeed variatiorwith the raw data using signal
processing methods. The preprocestad isthen used by deep learning models or other models
for fault detection. The FM can be removed with the widely used computed order tr@@3ing
[94]. The «isting studieson removing AM are relatively limitedl'he recent studief$2], [92]
usually follow the following thoughtThat is,divide the vibratiom with a certain form of its

envelope, which is believed ghowthe AM effect. his method, however, may remove fault
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signatures too as pointed ouf®2]. Not mention that we need to carefully desagmoper envelop

for eachpiece of vibration signal.

1.2.2.2In-modeling methods

In-modeling methods addrefise effects induced bypeed variatioy a deep learningnodel
itself. The input of the deep leang model is the raveondition monitoringdata. Martin-del
Campoet al.[50] learneda setof shiftinvariant dictionaries fothe sparse representations of
vibration signals of windurbinesusingdictionary learningThe Euclideandistance between the
dictionary of vibration signals of unknown health states and that of the hetdtewastaken as
the HI for fault detection.The \bration data was collected every 12 hoorser about 46
consecutive months. Each vibration sample lasted for 1T2&gotating speed of the wind turbine
varied between 700 rpm and 1200 rpnthe 46months butwvasalmostconstant for each 1.28 s
long vibration sampleThe shiftinvariant dictionariesvere claimed to bmmdependent of speexb
that the effects okpeed variationvere removed However, in[50], the distance between
dictionaries contai not only the mechanicalhealth states of wind turbinesbut also the
approximationerrois for solving the nondeterministic polynomitsine hardness (NP hard)
dictionarylearning problemThese errorsanlead to false alarms in the detectibmaddition, the
dictionary needs to be leathand updated for any newly collected vibration ddtais would

exponentially increase the computation load.

Instead of using dictionatgarning Liang et al[95] reported a sparse Aktasednethod for pump
fault detection. The pump worked under slightly fludigspeed conditions (90105 rpm). The
sparse AE was utilized to reconstruct 15 types of condition dataasutttetemperaturespeed,

overall vibration, and pressure. The Mahalanobis distance (MD) of the reconstruction residual was
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taken as the HI to detect possible faults of the puhang et al[96] conducteda similar study;
whereina denoising ARvasusedfor wind turbine fault detectiobased on theupervisory control
and data acquisitiofsCADA) data.However, in[95], [96], theeffects ofspeed variatiomere not
specifially consideredand how the effects apeed variatiomvere addressed were not explicitly
indicated When the speed fluctuated largely, their performances may be questidderbnally,

in their studies the inputted datavasthe valuetype data, not the waveform vibratiorherefore,

the fault detectioperformancenf [95], [96] overthe vibration data nesdurther investigation

1.2.2.3Postmodeling methods

Postmockling methodsaddressthe effects induced byspeed variationafter deep learning
modeling. One pipelingvolves theuseof a deep learning model to learn features fram data

first, and then removihe effects ofspeed variatiorirom the featuresLuo et al.[97] traineda
stacked AE to select impulsive vibration segments of a machine tool under different working
conditions i.e., milling, drilling and so on. A set of speaddependent features, namely, the
operational natural frequencieseremanuallyextracted from the impulsive vibrationsing the
so-called dynamic identification algorithrAn HI was constructedased onhe similarity of these
features anavas further usetb detect faults of machine t@olHoweveras reportedn [97], we

need to manually extract features from impulsive vibration signals, making préfesablan the

big data eralue to the intensive labor for feature extraction

Another pipelineof postmodelingis to use a speed adaptive threshold for fault detection. We do
not addresthe effectsof speed variatiom either the raw datayr the deep learning model, or the
constructed Hlbut design a threshold that changes with spgbdo etal. [98] employed a

denoisedAE to reconstruct th&CADA data of a wind turbine. ThHEMS of the reconstruction
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residual was taken as the An adaptive threshold series waanuallydesigned to compensate
the effectof speed variatioand worledwith the HIto detect faults of wind turbineghis method
may beexhausng as we need to design an adaptive threshold for every singlélproblem is

thatwe might havemultiple Hlis for a single machine.

1.2.24 Summary of existing studies

Obviously,more labor work and expert knowledgee required for thepremodeling andoost
modeling methodsAs such, m this thesis, we will focus on the-modelingmethodsAs reviewed
above, eported inmodeling methodaremainly basel the AE and its varian{®5], [96]. These
studiesaddress the effects @peed variatiorautomatically with valugyped data. While we
checked their performances with the wavefdyme vibration, we found the resuig HI is still
affected byspeed variationThe resulhg fault detection performance under varying speed
conditions is tkrefoe not as good as constant speed conditidve addresshis problemin this

thesisin detailas thesecondesearchopic, which is defined in Sectioh.3.
1.2.3Deeplearning-basedfault classification under varying speed conditions

Fault classification isisuallyunderstood aa supervisedearningproblem[38], [99]. It requires
adequatdabeled datdor model developmenDeeplearningbasedfault classificationsimply

takes aw vibration data as the inpiata deep learning model, which outputs the fault types directly.
Todat, deep learning models, such as the AE, restricted Boltzmann machine (RBM), FNN, CNN,
ResNet and RNN and their variamere widely employed for fault lassification of various
rotating machines like bearings, gears, rotors, motoospputer numerical controg(CNC)
machines, wind turbinesgnd compressorsTo name a few/)nce et al.[100] utilized a one

dimensionallD-CNN to classify the faults of a motor. The input data was the current signal, and
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the output was the fault typee.,either healthy or bearing cage fa@hao et al[101] useal a deep
AE to extact fault featureffom acceleration signals of a fixethaft gearboxXThese features were
then utilized for fault classificatioof that gearboxiMore examples can be found in review papers

[16], [38], [79], [99], [102], [103], [104].

In addition to using raw data directlihe raw data isometimedransformed to other domains
such aghe frequency domain before being processeddsp learning model® alleviatethe
learning difficulty. Janssens et gl105] employed a CNN to classify the faulté bearings. The
fault types to be classifiedcludedthe inadequately lubricated, outer race fault, imbalance, and
combined faultsThe datainputtedto the CNNwasthe discrete Fourier transform spectifa o
acceleration signaldia et al.[25] used a stacked AE to conduct fault classification of bearing

and planetary gearboxes. The input dedésalso the spectra of raw acceleration signals.

The abovementioned methodtustrate the general pipelines ofieep learningbased fault
classification regardless of operation conditiofisey for sure work well undeconstant speed
conditions but the fault classification performances cannot be guaratteesuseof speed
variationwhen applied to varying speed conditi¢@4]. In the following, a specializeliterature
review ondeepearningbasedault classification under varying speed conditioviff be provided
Similar tofault detectionthe existing methodsor rotating machineryault classificationunder
varying speed conditionsased on deep learnige alsccategorizedas premodelingmethods
in-modelingmethods,and posimodeling methodsaccording towhen to addresthe effects of

speed variationTheyare reviewedeparatelyn thebelow.
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1.2.3.1Pre-modeling methods

Similar tofault detection, pp-modelingmethoddor fault classificatioraddressheeffects of speed
variationin prior. Existingpremodeling methods for rotating machinery fault classification under
varying speed conditions are broadly two pipelin@etype of premodeling methodss to
preprocessnonstationary vibration signals such that the preprocessed sigaalsbe well
classifiedby deep learning models thaeredeveloped for constant speed conditions. The basic
idea behind is to suppress the effectspded variatioon vibration signald-or example, Rao et

al. [94] and Ma et al[106] converted nonstationary vibration signals to stationary signals using
order trackingand generalized demodulation, respectivélge obtained stationary signals were
then inputted to a-fayer FNN to classify faults of bearings antixed-shaftgearbox94] and a
deep ResNet to classify faults of a planetary geafb@&], respectively. Wei et a]107] divided
vibration signals using corresponding speeaghals to normalize the amplitudes of vibration
signals. The normalized vibration signals were procegsedjan 1tlayer CNN to classifithe

faults of a rotor system.

Anothertypeof premodeling methodis tousetime frequencyepresentations (TFRs) wibration
signals. The TFRs instead thie raw time series ospectraare inputted to deep learning models
for fault classification Widely usedTFRs include Short Time Fourier Transform (STFT) and
Wavelet Packet Transform (WPT)rRnstancePu et al[108] inputted STFT of vibration signals
to a CNN for the fault classification of bearing@ego et al[109] inputted WPTs of vibration
signals to a CNN to classify fault types of a helical gearbtmwever, different TFR parameters
suchasWPT decomposition layers would lead to different classification ressdtae of these

parameters are considered better than atieraddress the effeat$ TFR parameters, Han et al.
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[110]and Yuan et a[111]suggested ensemble CHté fuse multilevel WPTs. That is, vibrations
signals were decomposed into multiple WPTs with different decono®tels. Each WPT was
inputted to a single CNN for feature extraction. The extracted features of all CNNs were then fused
to classify the faults of a planetary gearljtx0] and a wind turbine blad@ 11], respectively.

Zhao et al[112] shared the same iddaut instead of fusing the features extractgth a deep
leaning model as ifiL10], [111], they fused the WPT coefficients directly. The fused coefficients

were inputted to a deep ResNet for the fault classification of a planetary gearbox.

1.2.3.2In-modeling methods

In-modeling methodgrovide an endo-end fault classification scheme.e., the deep learning
model takesaw vibration data as the input and ougthie final fault classification results. It does

not require to eithepreprocesshe raw data or pogirocess the classification results et al.

[113] reported a LSTM model based on the ®alled infinitesimal method. They borrowed the
idea of finite element analysis (FEA)hat is,cut a vibration sample collected under varying speed
conditions into many short and sequential segments. The ispegch short segment was assumed
constant. These short segments were fed into an LSTM model sequentially for bearing fault
classification. However, this method broke the continuity of speed variation and might lead to
abrupt jumps in learned featuréisus misclassification, especially for largely varying speed
conditions. Liu et af[114]introducedamulti-scale kerneResNet, which integrated three branches

of ResNets with different kernel sizestdok raw nonstationary Mbration signals as the input and
directly outputed the fault classification results of a mot&ven the work if114] hasshown
demonstrated performances with rotating machinery fault classification, itsstittrs from

following drawbacksFirst, dfects of speed variation on fault classification performances of deep
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learning models are not unfoldeBecondhow to addresshe effects ofspeed variationis not

specifically investigated.

1.2.3.3Postmodeling methods

Postmodeling methods addrege effects ofspeed variatioaftertrainingadeepmodel. For fault
classification under varying speed conditions, postlelingmethods are pretty mudyased on
transfer learningThe knowledge learnedhderone or more speed conditiofsource domain) is
transfered to another speed condition (target domalgffects of speed variatiorare either
mitigated or balanceduring thetransfer For fault classification, transfer learning is preferable
when the source domain heatargeamount of labeledata, but the target domain has no or limited

labeled data.

The transfer learning isften achievedhroughthe following three steppl15]. Firstly, a deep
learning model is trained in the source domain. Then thetvagtled model is transferred to the
target domain in either thiestance or feature, or the parameter levEinaly, the transferred
model is finetuned in the target domatio adapt to the new speed conditidhe finetuned model

is used for fault classification in the target domain. We acknowlindgehere are transfer learning
techniques such as the domain amteppwhich do not train a model in the source donfiast and
fine-tune it at post in théargetdomain[116]. Instead, ey train a model for the source domain
and the target domain a single stepHereinthey are still counted in the peasiodeling methods
for the purpose of simplicityShao et al[117] presenteda transfer learning strategy basedan
CNN for rotor faultclassificationunder different speed conditiorighe CNN was trained witha
massiveamount oflabeleddata under 2000 rpnsqdurce domain The learned parameters were

used to initialize a same CNN in the target domain.ifii@lized CNN was then finguned with
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a limited amount ofabeleddata under 3000 rpitarget domain). The fineuned CNN was applied

to classify rotor faults under 3000 rp@ao et al[39] reported a domaishare CNNo conduct

fault classification under varying speed conditions (target domain) througtetramgknowledge

of constant speed conditions (source domaime transferwas realized with a term named
maximum mean difference (MMD). It measured the distribution discrepancy between the source
domain and the target domain. The MMD veakledto the loss function of the source domain
with a certain weight and was minimized througdining. The domaikshare CNNobtainedfair

fault classificatioraccuracies$or bearings and gearboxes[39].

1.2.3.4 Summaryof existing studies

Based on literature reviem the abovethe advantages and disadvantagethegxistingdeep
learningbasedault classificatiormethodsare summarizedndshownin Tablel.2. This summary

also hold truefor thedeeplearningbasedault detection methods when applicable.

Pre-modeling methods address the effectsméed variatiom prior. The learning difficuy of
successive deep learning modslseduced. Deep learning modéds constant speed conditions
could be directly adoptdukerein However, intensive expert knowledge is neeedesign proper
signal processing methods to preprocess the data to adbeesffects of speeadariation and
heavy labor work is required to implement such signal processing Raskmodeling methods
here efer to transfer learning methodlsr fault classification A prerequisite of a successful
transfer learningaskis that the model must perform sufficiently well in the source dontiain.
model does not perform well in the source domain, it will never have a chance to peeibrm
the target domainThe model in the source domain is essentially the mololinedin the in

modeling methodsTherefore improving the inmodeling methodsvould contribute to a better
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transfer learningask Besides, the transfer learning mag exhausted whewe are askedo

transfer to many speddvels We need to conduct the traesing for every single speed level.

Indeed, the transfer learning is more frequently utilized to trakefewvledgeacross machines in

or beyond a fleah real applicationfor either fault detectiof#0] or fault classificdon[38], [118].

We do not focus ortransfer learningn this thesis.

Tablel.2: Summary of existingleeplearningbasedault detection and fault classification methods for rotating

machinery under varying speed conditions

Category Description Advantages Disadvantages
Premodeling 1) Effects ofspeed variation 1) Reduced learning difficulty 1) Intensive expert knowledgt
addressed inaw data and labor work required
2) Input to deep learning
models igpreprocessed
data
In-modeling 1) Effects ofspeed variation 1) Endto-end learning 1) Difficult to design the deep
addressed automatically b' 2) Effects ofspeed variation learning model
a deep learning model are addressed automatical

Postmodeling

2) Input to deep learning

models is raw data

1) Effects ofspeedvariation 1) Reduced learning difficulty 1) Intensive expert knowledgt

are addressed in the outpL.  if signal processingased and labor work required if
of deep learning models methods adopted signal processinbased
2) Input to deep learning 2) Promising forcases methods adopted
models is raw data wherein the speed 2) Performances rely on that
conditions of the source of the source domaifi
domain and the tget transfer learning is adoptet
domain are differenif 3) May be exhausted when

transfer learning is adoptec  there are too miay speed

levelsto transfer

47



The inmodeling methods are difficult to realize because the deep learning modsltoded
carefully designed to address the effectspded variationwithin the modelHowever,it does
provide an endo-end learning scheme among these three types of learning methods. We will
focus on the irmodeling methods for fault classification in this the$ise eisting inmodeling
methodg114]even showed entraging performances with rotating machinery fault classification
under varying speed conditions, they did not unfold the effecspedd variatioron the fault
classification performances of deep learning models, and also did not specifically aderess th
effects induced bgpeed variationWe address these drawbacks in this thagietailas the third

research topic which is defined in SectibB.

1.3Research objective

The overall objective of this thesigesearchs to developnew deep learning models or improve
the existing deep learning models feffective fault diagnosis of rotating machinery operated
under varying speed conditianslachinesof interestare typical rotating machinesuch as
bearing, gearboxesand rotors Condition monitoring data to besedis vibration. Based on the

literatures reviewed iSectionl.2, we have the following three sulbjectives

1 Develop adeep learning modeto extracttherotating speed from vibration signals

1 Developa deeplearning moeél to conduct fault detection of rotating machinery under
varying speed conditions

1 Develop a deep learning model to conduct fault classification of rotating machinery under

varying speed conditions
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To achieve the three suibjectives, we have completddee research topicEhey are defineth

the following

1 Topic # 1 focuses on speed extractisnTopic #1,a deep learning model named many
to-manyto-one bidirectional long shofterm memory (MMGBILSTM) is proposedor
this purpose Limitations of the reported MQSTM model [78] are addressedThe
proposed model consists of two parts: the ra@aynany BLSTM part (BLSTM part) and
the manyto-one LSTM part (LSTM part). The iBSTM part learns speed related
information from vibration signals in both forwatithe and backwartime directions. The
final speed is successively extracted via the LSTM part from the information learned by
the BLSTM part. The performance of the proposed model is validaedyan inernal
combustion engine dataset, a rotor system dataset, and sHfiaitdyearbox dataséthe
results show that the proposed model achieves a higher speed extraction accuracy than
reported modeldetails of this topic are given in Chapter 3.

1 Topic #2 fa@uses on fault detectioin Topic #2, adeep learning model named speed
normalized autoencoder (SAE) is proposed for rotating machinery fault detectioer
varying speed conditionkimitationsof reported AE model®5], [96] areaddressedlhe
proposed SMAE consists of two branches, i.e., an AE branch, asplead normalization
(SN) branchThe input of the SN branch is the speed signal. The output of the SN branch
is to multiply the vibréon to normalize its amplitude remove the effects afpeed
variation The normalizd vibration is then inputted to the Airanchfor fault detection.

Case studies over planetary gearbox dataseffixedshaft gearbond a bearing dataset
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validatethe effectiveness of the propos8H8-AE. Details of this topicare providedin
Chapter 4.

1 Topic #3 focuses on fault classificatidn. Topic #3, an auxiliary branch named speed
adaptive gate (SAG) is proposed fbe existing deep learning models to impeotheir
fault classification accuracy for rotating machinery under varying speed conditions
Drawbacks of reported CNN and ResNiEt4] are addressedThe proposed SAG is an
auxiliary branch for existing deep learning modtlsakes speed signals as the ingdite
output of the SAG multiplies existing deep learning modetetdrol the information flow
in these models. The SAG values change adaptwgly speed, such that thiult
information imbalance induced Igpeed vaation is mitigated. Case studies with two
baseline models, i.e., a CNN and a ResNet, over two experimental datasets, i.e., a planetary
gearbox dataset and a fixgbaft gearbox dataset, show the effectiveness of the proposed
SAG and its superiority ovehe existing methods Details of this topic are shown in

Chapter 5.

Relationshipsamongthe three topicsare illustrated irFig. 1.18. Topic #1 extractghe rotating

speed from vibration signaishich aremeasured from a rotating machine. The extracted speed
together with vibration signalare used forthe modeldevelopmenbf Topic #2 and Topic #3.

Topic #2 focuses on fault detection. If a fault is detected, Topic #3 will identify its typitsand
severity through fault classification. Note the speed used in Topic #2 and Topic #3 can also be

measuredbesides the extracteldrough Topic #1.
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Fig. 1.18: Relationships among research topics in the presented thesis.

Primary assumptions for this thesis are lisiedollows

1 The load condition of the interested rotatmgchinery is constant.
1 The amount of vibration signals is balanced across fault types and speed.

1 Adequate data is available.

The presemd research workeported inthis thesis promotes the frontier aéeplearningbased
fault diagnosis especially for varying speed conditionBhe effects ofspeed variatiorare
addressed to some extéor deeplearningbasedault diagnosis. Researchers in this field can take
this thesisasa baseline to get promoteBhgineering practitioners mayse tle proposed methods

in this thesis in their applications.
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1.4 Thesis organization

This thesis consists of 6 chapters. Chapter 1 provides the background, literature review and
objective of this thesis research. Chaptde&cribes thtundamentals of deepdrning.Chapters
3 through 5 display aterials regarding research Topics #1#3, respectively.Chapter 6

summarizes thentirethesis research and suggests future work

This thesis is written following the papkbasedtemplate andsatisfies thamninimal formatting

requirements of the University of Alberta.
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2. Deep learning fundamentals

Chapter 1lhas briefly introduced theonceptof deep learning. This chapter will provide
fundamentals of deep learning, including artificial neusdimorks, typical deep learning models
and how to build a deep learning modethe introduced models this chaptewill be used in

Chapters 3, 4 and Saneeded

2.1 Artificial n eural network

As introduced in Sectiofi.1.3 popular deep learning modelse pretty much based on artificial
neural networks (ANNS). As such, this section will first provide fundamentals of ANNSs, such as

the structure of an ANN and how to train an ANN.
2.1.1 Structure of neural networks

An ANN is a networklike machine learningnodel that consists of inteonnected artificial
neurons. The artificial neurons are braispired systems which are intended to replicate the way
that we humans learn. The connection between a pair of neurons has a connection weight. Each
neuron repreants a mapping between multiple inputs and a single output. The output of a neuron
depends on the sum of the inputs and an activation funétigrn2.1 illustrates the diagram of a

single neuron. Suppose it afputs® @ B K, and weights connected each input are

O 0 B . The sum of weighted inputs is,
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4 0w © (2.1)
where,@is a constant referring as the bias. It allows the activation function to be shifted to the left

or right, to better fit the data.

Weights

Inputs X3

Activation

Fig. 2.1: Diagram of a single neuron.

The activation function is often a nonlinear transform of the @ulndefines how the weighted

sum of the input is transformed into an output,

0 , (2.2

where,, refers to the activation function aags the output of the neuron. The output of this
neuron can be the input of successive neurons, or simply the output of the wholé&JsuNINy
used activation functions are the linear, rectified linear unit (ReLU) and sigmoid functions. They

are mathematally represented as,

-_)

[ Agfa 2 23)
3

M > m

AA
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The linear activation has the least nonlinearity, tgmeid activation has the highest nonlinearity

and the ReLU is in the middle. Besides these three commonly used activation futioéienaye
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other types of activations such @ Gaussian, exponential linear unit (ELU) and hyperbolic

tangent (tanh). S@6] for details.

Neurons in an ANN arerganizedin layers.Fig. 2.2 illustratesthe structure of a simple but
commonly used ANN, the feedforward neural netw@hN). It consists ofour layers. The first

layer is the input layer, the last layer is the output layer, and other layers are hidden layers
Information flows in one way only as shown in arrow directions Each neuron receives
information only from neurons in the previous layer. The inputs to each neuron are weighted

outputs of neurons in the previous layer.

Y1

Y2

y m

; f
Input layer Hidden layers Output layer

Fig. 2.2: Structure of a feedforward neural network.

The MLP can have different number of hidden layers. If an Maftains less than two hidden
layers, we say it is a shallow neural network. If an MLP has two o hidden layers, it is deeded

as a deep neural network (DNN), which is the most popular deep learning model.
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2.1.2 Training of neural networks

An ANN can be considered to be a mapping fldnto2 ,ie., fromo GhoMB h to

®w whdMB o 8Here,nis the number of inputariablesand m is the number of output
variables.For a neural network with a fixed structure, the connection weights uniquely define a
specific mapping. Thus, a specific neural network can be consideaddnction, though not in a
mathematical form. Given thieput &y the function can beritten as"Qah—), where—refers to the
collection of all weights and biases in the neural network. For simplicity, weights and biases

togethemwill be briefed as weights hereafter.

An ANN is desigred and traired to make it behave in a certain way. For givenuispw

whof o, it should provide outputghat are close to the expected outputd

whd B iy as much as possibl€his is achieved through the optimization of teanection

weights. The optimal weights are obtained with the use of @a&process of finding optimal

weights with data is the smlled neural network training. The training is essentially a process of

Al earningo knowledge from dat a. The | earned
specifically, reflected by the valued weights. Training a neural network requires three key

gradientsi.e.,dataset, loss function, and optimization method. They are introduced briefly below.
2.1.2.1Dataset

A dataset is a set of input data and sometimes corresponding expected outguAdatatry of
x andy is calleda sample oanobservation. A dataset often contains more than one sample. The

expected outpuy is also known as true value, real value, or label. A dataset with labels provided
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is a labeled dataset, otherwise an unlabeled dataseaftéerare will take the labeled datsetas

an example to proceed

Prior to traininga dataset is often split intoonoverlapped subsets, including a training set and a
test set, and sometime a validation set. The training set is the data used to train the neural network
to find the optimal weights. The test set is to test the performance of-aaus#ld neural netw

over never seen data in the training set. The performance refers to how good a neural network
achieving its intended goal. Commonly used performanagrice are the accuracyor
classification taskend the mean square error (MSB) regression task§ he validation set if

exits is utilized before testing for the purpose of optimal hyperparameter selection.
Hyperparameters are parameters that are necessaynéarral network, but cannot be learned
through training, such as the number of layers, numfoggurons and type of activation functions.
Optimal hyperparameters are usually selected through trial and error. That is, train neural networks
with different hyperparameter values, and compare their performances over the validation set, and

optimal hygerparameter value is returned when the validation performance is the best.

2.1.2.2Loss function

Given inputy a loss function measures tliscrepancypetween the output @ neural network
® "Q-hw and thecorrespondindabela If the values ofJare continuous, the loss function is

often a quadratic function,

b -0 (2.4)

If the values ofoare categorized, the loss function is often a eesgsopy function,

0 Wl p I TEL 0 (2.5
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If a dataset contains multiple samples, the overall loss is the average loss of all samples.

Training a neural network is to minimize the loss function over the training set and returns optimal
parameters—. Note it is not enouglp minimize the trainig loss only The ultimate goal is to

minimize the loss over the test set. The problethasa small training loss does not guarantee a

small test loss. This can be interpreted with the following analogy. Suppose a student is taking a
courseanth e/ she wants to get an fAA0. He/ she works
tutorials (training), and thus can solve the problems in the textbook correctly (training loss
minimized). Even these bring high chances but not assure that he/sherfoitm well with the

final exam (test |l oss minimized) which iIs net
mental stresses, difficulty levels of the exam problems and so on. Indeed, in real applications, we
care more or even only care about mqutformances over the test set as this illustrates how a

model will perform afterdunched.

The ability of a model to perform well over the test set is called the generalizability. Good
generalizability means that both the training loss and the tesadessnall. Poor generalizability

may be caused by underfitting or overfitting. Underfitting means a model does notifiirtiveg

data well. It occurs when both the training loss and the test loss are large. To mitigate underfitting,
one can increase tmeodel complexity or even design new model structudeerfitting means a

model fits therainingdata too much. It occurs when the training loss is sufficiently small, but the

test loss is large. We can gather more training,da@uce the model compligx, or add
regularizatonst o avoi d overfitting. The regularizat:i

|l earning algorithm that is intendel[26].tQitenr educe
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used regularizatiomethods include penalizing parameters (e.g., adding L1 norm or L2 norm to

the loss function), adding noise to inputs, outputs or weights, dropout, andteailzo6].

2.1.2.30ptimization method

Training a neural network isssentiallyan optimization problem. The loss function is the target
function to be optimizedHowever, the loss function is usualhonconvexand hasmultiple
minima, andthus difficult to be optimized, especially when the number of layedeép The
gereric approach to minimize the loss functiorthe gradient decenmethod which is usually
organized in éack propagatiormannerfor neural networksThe back propagatiooontains a

two-pass procedure:

f Forward pass: The current parametegse fixed, ad the predicted values "Q—hw
are calculated.

1 Backward pass: The errdrs @ ware computed, and bagkopagated layer by layer.

The backropagated errorethen utilized to calculate the gradientfor each parameter. Details

of finding the gradient can found in Chapter 11[Df9]. The gradient is used to update the

parameter iteratively following the gradient descent manner as follows,

— — -—B — (2.6)
where,- is a hyperparameter referring to the learning rate, are the parameter values at
iterationi , 0 is the loss of sampl@n the training set, and is the number of training samples
used to update the parameters at a single iteration. In the context of deep learning, the iteration is
also called the epocfihe number of samples of each epockan have multiple options. If

p, i.e.,only a single training sample is used at a time, the optimization algoistoailed the
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stochastic descent or online method) If 0, i.e., theentire training set is used at a time, the
optimization algotthm is called the batch or deterministic methddhe stochastic method often
returrs unstable updatesvhile the deterministic methodnay overwhelm the CPU or GPU
memory. A tradeoff is the secalled minibatch method, which uses more than one but lesalthan

the training samples to update the parameters at a time. Typical batch sizes range from 32 to 256,

and better to be the power of 2.

The gradient descentethodcan be slow. Reasons can be improper initial values, improper search
directions orimproper learning rateThey are essentiallthe three key ingredients for gradient
basedoptimization[120]. Efforts have been made to accelerate the training from all these three

aspects and are briefly introduced below.

The nitial parameter values are typically drawn randomly from a Gaussian or uniform distribution.
Using either the Gaussian or the uniform distribution does not affect much but the scale of the
initial distribution matters[26]. Goad options for the initial scale include the normalized

initialization and sparse initialization. Thermer onanitializes weights of a fully connected layer

with £ inputs and outputsusing a scale of —. The later oneassures exactl{2non-zero

wights to avoid extremely small weights when the layers become large. One more method, named
layerwise-greedypretraining which was proposed by Hintft21], can also beadopted for

initialization. This method consists of two steps. The first step pretrains two successive layers to
reconstruct the input of the first layer. The learned weights are to initialize the parameters in the

successivéinetuning step.
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Thesearch directiors related to the gradient. We can simply use the current gradient as the search
direction as shown in Eq. (2.6pne modification is the momentuii26]. It preserve pag
directions for the current move to avoid instability indubgdcurrent gradientA variablev is
introducedto accumulate an exponentially decaying moving average of past gradients and

continues to move in their directions,

0 /0 -—B — 2.7
— — 0 (2.8)
where] N Tip is a hyperparameté¢hat determines how much past gradients affect the current

direction.

The learning rate has a significant impact on model performances and need to be carefully set for
every single model. Usually, the learning rate is a fixed constant ranging from 0M01Adarge

learning rate can speed up the training but also bring risks of missing the optima or even leads to
nontconvergence. A small learning rate can somewhat assure convergence but may converge to
local optima, and the convergence speed is slow.r@odification is to decay the learning rate in

in terms of epochflL22]. A larger learning rates adoptedat early epochs to speed up trening
anddecay this value at late epochs to avoid missing the optima. Another modification is to use
different learning rates for different parameters. The rationale is that thé&ufagion is often
sensitive to some directions in the parameter space and insetwsothers. For this purpose, quite

a few algorithms like the AdaGrad, RMSProp, and Adam were designed to adaptively assign

different learning rates for different paramet@g].
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2.2 Typical deep learningmodels

As introduced in Section1.1.3 neural networks have three typical structurésey are the
feedforward neural network (FNN), convolutional neural network (CNN) and recurrent neural
network(RNN). Thedefinition and general structure of tR&IN has been introduced Section

2.1 Here, we will not repeat the description of the FNN, but a special FNN, thealted
autoencoder (AE) will be introduced. After that, structures ofGhNIN andthe RNN will be

introduced.

2.2.1 Autoencoder

An autoencoder (AE) is a neural network that attempts to copy its input to (26puduring this
processa new representation with lower dimensiaghanraw input signals can be learndte
new presentation is also referred as features extracted from theArnppical structure of an AE
consists of an input layer, a hiddeager,and an output layer, as showrfig. 2.3. The input layer
and the hidden layer form the encoder pHne hidden layer and the output layer form the decoder

part.

Fig. 2.3: Typical gructure ofanautoencoder [7]
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The encoder learns features or a new representation of the hopwtach measured signal

from a datasetw of rotating machinery, the encoder vector is defined as,

(ORI o ¥ (2.9)

where,’Qis the encoder function andis the weight and bias matrix in the encoder part. The

decoder part reconstructs the raw data,

w QN0 (2.10
where,’Q is the decoder funan and is the weight and bias matrix in the decoder part. The

parameters and are determined by minimizing the following loss function,

O h -/ 0K (2.11)

where,6 ® ando
The AE is going be used in Chapter 4 for fault detection.

2.2.2 Convolutional neural network

A conwolutional neural networKCNN) is a type ofneural networks that useconvolution
operation in at least one @b layers[26]. It is specialized for processing data with glike
topology, like 1D timeseries data and 2D imadata. Based on the topology of data, CNJsde
becategorized as 1IDCNNs and 2DCNNs. In thédfief PHM, 1IDCNNs are widely employed as

we often encounter with 1D vibration signals. In tthissis the term CNN refers t@D-CNN if

not specifically indicatedA CNN is usuallycomposed of three types of layeise.,convolutional

layers (Conv), pooling layers, and fully connected layers, as showfigin2.4(a). The
convolutional layer is the layer the uses the convolution operation. Suppose we have a time series

vectore N 1 as the input, the output of the convolution laydR&,
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ed £ze | (212
where, * denotes the convolution operafpr, 1 is the bias vectog N 1 is the kernel
matrix, ande 3¢ 1 is the featurenatrix learned by the convolutional layer. Here, the integer
mrefers to the number of kerneidich is also known as number of chanpalsdk refers to the
size of the kernel. The process of convolution operation is illustrateéigin2.4(b). The
convolution operation enables sparse interactions, parameter sharing and equivariant

representation, and thus bratgenefits of invariance to data translation, and reduegslork siz

[26], [123].

Input Signal Convolution Pooling Fully Output
(BN +ReLU Connected

. (a)

1] & PR | | Input to layers: x
= kot ks *

X3 k' |
] h" kst ks x; | Max pooling using | max(x,, x7) Conv
[ g Kisty+ ki 1 2 poolingsize xc

Xs : Xy maxixs, xy)

il £ Kyexs+ kyx — 2 BN
X6 E Xs max(xs, xs) =
—1 = kyxet kaxy

o o \n max(x, ) xn

Xy 1

"™ hexet oz | % | The pooled vector ReLU
— Thc l)u[pul vector Xg x}"

2]
The vector Xy

The vector _r’“ Next Iayel': xr

(b) (©) (d)
Fig. 2.4: Convolutional neural networKa) Typical architecture, (lonvolution operation(c) pooling operation

and (d)Basic building blocK38], [123].

A convolutional layer is often followed by a batch normalization (BN) layer and a rectified linear

unit (ReLU) activation layej123],

o= GUedk (2.13
o> YQie (2.14)
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where,xn and xr are the outputs of the BN layer and the RelLU layer, respectiVélgir
dimensions are identical w{'fThe BN layer is to speed up the convergence and improve the
generalizatiofl124]. The ReLU layer is to prevent possible gradient saturii®®]. These three

layers form a basic building block for CNNs, as showhRigq 2.4(d).

A pooling layerdown-samples its input along the spatial dimensionality,

o etk (2.15
where, the) € éndicates the pooling operation, which is illustratedrig. 2.4(c). The pooling
operation replaces the output of the pooling layer with nestdystic of the input, such as the
maximum, minimum and avera¢@6]. The pooling layer outputs lengimortened data, and thus
reduce computation load for successive layefsilly connected layer flattens featudesrned by

preceding layers including the convolutional layer. It is identictiedayers in an FNN.

A CNN may suffer from the performance degradation problem when it goes very deep. The
residual network (ResNet), wariant of the CNN has been develogeo address this problem
throughshortcut connectiongig. 2.5 shows he typical building block i ResNet. It is composed

of two branches.e.,a residual brancland a identity branch124]. The residual branch is shown

as the two convolutional layerBhe identity branch is shown the shortcut conneciitwe.residual
branch learns a neimear mapping, the scalled residualOw , from the inputa The identity
branch provides an identity mapping of the in@uThe overall mapping learned by the ResNet

building block is[124],

Oe Ve o (2.16)

The RelLU activation is then applied @ e before going to the next layer,
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o> YQO e (2.17)
Note that theEq. (2.16)requires a same dimensionality 8w anda If not satisfied, a linear
projection or zero padding tocan be performed to match the dimensiofiGab [124]. In this
thesis the linear projection will be adopted wherever neededsirgplicity, the identity will be

always written asoeven such actions taken.

Input to layers: x

Y
| Conv 1 |
BN+ReLU x

Identity

F(x)

Next layer: xr

Fig. 2.5: Typical building blockof the ResNe{124].

Both the CNN and the ResNet will be used for fault classificati@hapter 5.
2.2.3 Recurrent neural network

Recurrent neural networkRNNSs) are a family of neural networks for processing sequential data
In a sequence, one data point is related to previous data points. FNNg dons@ler the
dependency among data poihNNsare designetb address this probleritheystore the states

or information of previous inputs to generate the next output of the sequibedgpical structure

of RNNs is illustrated inFig. 2.6. Visually, RNNs have connections not only among layers, but
also within layes, as compared to FNNs which only have connection among layéfs. 2.6, 'Q

is the hidden staté, is the output] is the loss;Ywandw refer to weightso be learned
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Fig. 2.6: Typicalstructure ofarecurrent neural netwoiR6].

An RNN usually suffers from the gradient vanishing or gradient exploding problem when dealing
with long-term sequences. To address this problem, the longtehortmemory (LSTM) model,
which is a variant of the RNN, is developed with the use of gatingpamézm[126]. An LSTM

cell contains three gates as showikign. 2.7. The three gates include a forget gate, an igpte

and an output gate. The three gates work with the inputs, which include the currest, data
previous cell staté& and previous cell outpiéd , to an LSTM cell to determine the statas

and output of the celb . The state and the outpaftthe current LSTM cell can go to a successive

LSTM cell.

The forget gate determines how much information to be forgotten from the previous cell state. The

forget gate i®btainedas follows,

M ,no 0 m o (2.18)
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where is the weight matrix of the forget gatd is the bias vectorand, is the sigmoid

function. The forget gat®is a matrix with all entries rangingdm 0 to 1.
A candidate cell state for current time is calculated throughiifunction,
W O0BRw & o © (2.19)

where® is the state weight matrix amal is the corresponding bias vector.

Forget gate | | Input gate tanh Output gate

f (I S

Xt

Fig. 2.7: Construction of an LSTM ce|R26].

The inputgate decides how much information of the candidate state to store in the cell,
N o, 00 O (2.20)

where® is the input gate weight rtrix ando is the bias vector.

The state of the LSTM cell is then determined as,

© Qo 0 w (2.22)

where the operation means the elememtise multiplication.

68



The output of the LSTM cell is based on the cell state. The output gate determines how much

information to output from the cell state,
€ , 00 hh (2.22

where® is the output gate weight matrnda is the bias vector. The output of the LSTM cell

is then determined as,
w ¢ OAld (2.23)

An LSTM model is a sequence of LSTM cells, as showRi@ 2.8(a). LSTM cells at different
time points share the same parameters, i.e., same weights and biases. The number of LSTM cells,
¢ , also the number of time points, is defined as the window dizeFig. 2.8,

©wQ o ¢ pMBM p represents the inputted data at tim@ andd denote the cell state
and activation at tim&U0 mears the real (label) output at tinjeandd means the estimated

output at timg, which is equal to the activation of the corresponding LSTM cell, that is,
0 (2.29)

where® is calculated with Eq.2(23. Given the real output at time'Qthe los function of the

LSTM model is,

00 -B U0 0 (2.25)

where'Odenotes the parameter set of the LSTM model, which contains all the weights and biases

of the model.

The LSTM models can be classified into maoymany (MM), oneto-many (OM)andmany-to-

one (MO)modes according to model structures. The model showigir2.8(a) follows an MM
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mode. In thignodel, the outputs of LSTM cells at all time points are employed to build the loss
function (Eq. 2.25). If we only keep the input at time poimt ¢ p in Fig. 2.8(a), the model
becomes an OM mod#. only the output of the LSTM cell at current tirdés considered, the
model structures an MO mode, as shown iRig. 2.8 (b). The loss function of the MO mode is

then changed to,

60 0 0 (2.26)
Yion+1 Vi1 Uy Ve
4 v y
Prnt1 Dy By Ut
A A 4 A
a Qg
Ct—n+1Ce—p Ct—1 Ct—n+1 - Cr_ Ce—1
LSTM ” a LSTM™ a LSTM LSTM " a LSTM [ LSTM
t—n+1ee Oy t—1 —n+1 A t—1
ry n S A A frm 2 ry r'y
Li—n+1 L1 Xy Xt—n+1 Xe—1 Xt

(@) (b)

Fig. 2.8: Examples of LSTM models: (dany-to-many modeand(b) Manyto-one modg26].

The LSTM model can also be classified into the unidirectional LSTM model and diredional

LSTM (BiLSTM) model. Models shown inFig. 2.8 are unidirectional LSTM models. The
informationflows in the forward time directioonly. The BILSTM allows information flowing in

both the forward timealirectionand the backward time directioAn example of the BSTM
model is givenirFig.29. The ALSTM FO0 and ALSTM Btimeand e LST

backwardime directions, respectively. For the forwairde direction, the LSTM cell stat® and

activation® are the same as a unidirectional LSTM model. For the backward direction, the LSTM
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cell stated and activatiord can also be determined using E@s2) and @.24) but in a reverse
direction The output of a BRSTM model is the merge of the forward activatidnand the

backward activatio. The merge operation can be max, min, average, multiply and concatenate.

For the simplicity of description, hereafter if not specified the LSidtlel means a unidirectional

LSTM model by default. The LSTM is going to be used in Chapter 3 for speed extraction.

Vi—n+1 Vi1 L£?
h
Din+1 Dy Uy
— — -+ = = —
Atnt1/ \Oe—n+1 Qg (-1 fy Uy
= = =
Ct—n+z - Cp— Ce
LSTM B |« - LSTM B = LSTM B
i—n+tz- Qply ty
- = -
Cetntr - Ce—2 Ce—1
LSTM F |5 = LSTM F = LSTM F
\a —nt+1e B2 \ Qy—1 '\
Xt—n+1 Xe—1 Xy

Fig. 2.9: lllustraioin of a bidierectional LSTM26].

2.3 Building a deep learningmodel

Sections 2.1 and 2.2 provide fundamentdlsleep learningnodels. This section will provide a
general guideline of how to build a deep learning model to resolve Tdsksecipe of bilding a
deep learning modalsually conssts of following stepsi.e., define the problem, collect data,
choosemodel, preprocess data, split datagmpile modeltrain model,evaluatemode| freeze,

modify or choose new modahd apply the mod¢26], [127], as shown irFig. 2.10.
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Define the problem Identify what is the problem to be solved. Is it a supervieathingor
unsupervisedearning problem? Is it a regression problem or classification problem? A good

undestanding of the problem will guide us to collect data @mabsemodels.

Collect data: Collect data as much as possilifave are working on a supervised problem, most

efforts will be devoted toollecting labels.

Define the problem

v

Collect data

v

Choose model

v

Preprocess data

v

Split data

v

Compile model

v

Train model

v

Evaluate model

Is model fine?

Yes

A

Modify or choose
new model

Freeze model

v

Apply model

End

Fig. 2.10: Flowchart of building a deep learning mofE27].
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Choose modelChoose a model that best fits the problem and the collected data. Designing a new

model is also possible but it is always encouraged to try egheli models first.

Preprocess data Select relevant data. Clean selected data. Reshape the data tbdimodel

structure. Segment the data. Convert the data into other domains and so on.

Split data: Split the data into a training and a test set, and sometimes a validation set.

Compile modet Configure the loss function. Select the optimization algoritéssign the

learning rate and more.

Train model: Train the model to learn parameters with the training set.

Evaluate model Evaluate theérained model with the validation set if we have one. If not, the test

set can be used over here.

Freeze, modify or clopose new modelCheck whether the evaluation of the model is successful.

If yes, save the algorithm for future prediction purpose. If not, modify or choose new algorithms,
again train, and evaluate the model. Repeat the process until the best model.isfeere the

best model. Sometimes, we may need to collect more data to improve the performance of deep

learning models.

Apply model: Apply the frozen model to newly collected data.

This thesis will follow the above process to design proper deep leamminigls for speed
extraction, fault detection and fault classification for rotating machinery that operated under

varying speed conditions, respectively.
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3. A deep btdirectional long short-term memory model for

automatic rotating speed extraction from vilration signals

This chapter focusson rotatingspeed extraction from vibration signalsis the researciiopic

#1 as introduced iBectionl.3. A deep bidirectional long shofterm memory model is proposed

for speed extraction in this chapter. The extracted speed can be used in Chapter 4 and Chapter 5 to
facilitate fault detection and fault classification, respectively. Materials of this chaptebbaxn

published in a journal papgt28] and a referred conference pafiz9].

3.1Introduction

Rotating machinglike wind turbines often work under varying speed conditidree rotating
speed is not only an important condition monitoring indicator for, but also fadlitagefault
diagnosiof these machind§9], [130]. Asreviewed in Sectiof.2.1, available method®r speed
extraction broadly icludetwo types i.e., signal processinpasedmethods andleeplearning
basedmethods Comparablysignal processingasedmethods needs intensive expert knowledge
and working load to design and implemensesensitivesignal processinglgorithmsto obtain

either the mona@omponent signal or thelear TFR and the ridge tracking algorithrAs such,
researchers are exploridternative methods which are free from these drawbacks, such as the
deep learning approachlowever,the existing deep learning model, i.e., thEO-LSTM model

[78], evenperforms well in the car running speed extractimut, ill suffers from the following

74



deficiencies: (1) the speed information was only learned in the fortivaeddirection but the
backwardtime direction was ignored, and (2) tabeled speedas only utilized at a single time
point but remainingg p) points were not used in a window of lengtiHere thdabeled speed
means the real speed used in the modeling training. Ichiher the speed measured by speed
sensors will be taken as tlabeled speedrhe length of the window means the timeglgnof the
LSTM model. As a result, the speed information mining abibiy thus the speed extraction
accuracy of the reported MOSTM model,leave room for improvementhen applied to extract

speed from complex signals, for example, the vibration sgsfalotating machinery.

This chapter proposesnew manyto-many-to-one btdirectional LSTM (MMGBILSTM) model

to overcome the abovaentioneddeficiencies Compared to the reported MCETM model, the
proposed model learns speed related information fiibnaton signals in both forwartime and
backwardtime directionswith the use of BiLSTMandutilizeslabeled speedt all time points in

a windowthroughan MM manner We have spotted few studiesvhich alsousedBiLSTM but

in other application domain&or example, Huang et 4lL31] used a BiLSTM for the intensity
modulating and direct detection of higpeed passive optical networkst in a MO manner
Laranjeira et al[132] employeda BILSTM for indoor scene recognition through an MM manner.
Buoy et al[133]used a BIiLSTM for word segmentation through an MM manner. &talg134]
proposed a new model structure named ghtdizd! BILSTM for disulfide bonding state prediction.
In the globallocal BiLSTM. the protein chain is first cut into consecutive short segments. Each
short segment is inputtéda BILSTM layer to learn local features. The outputs of these BILSTMs
are inputted to a successive BILSTM layer to ledobalfeatures. This structa is like the LSTM
model used i113] for machinery fault classification. The difference is thaflih3] the LSTM

not the BILSTM was utilized. However, in these works, the MM or MO BIiLSTM models were
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used for classification tasks, nfoir regression tasks as in our case. Besides, these models only
employed a sole MM or MO structure. While in our proposed MBIOSTM model, we first use

an MM structure to utilizehe labeled speed at diime points, and then use an MO structure to
further improve the speed extraction performancetlamscan yield stronger information learning

ability.

Effectives of the propesl MMO-BILSTM is validated withthree case studigscluding an
internal combustion engine dataset, a rotor sysisiasetand a fixedshaft gearbox datasdajor

contributions of this chapter are as follows

(1) A new deep learning model is proposed toaettrotating speed from vibration signals.

(2) A two-stage training strategy @evelopedo train the proposed model.

The rest of thighaptelis organized as follows. Sectior2Ppresents the proposed MMBILSTM

model. In Sectior8.3, three case studies including an internal combustion engine dataset, a rotor
system dataset and a fixeHaft gearbox dataset are displayed to verify the effectiveness of the
proposed modeDiscussions are provided in Section Anclusions of thishgterare drawn

in Section3.5.

3.2Proposed MMO-BIiLSTM model

This section introduces tregructure and training strategy of the proposed MBIOSTM. It is
based on the deep learning model of LSTM, whose fundamentals have been provided in Section

2.2.3.
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3.2.1 Model structure

As describedn the introduction of this chapter, the reported MSTM learns information only

in the forward direction. However, the backwdirde direction also contasruseful information.

In the speed extraction task, either in tbhevardtime or in the backwartdme direction, the
extracted speed should change smoothly. Therefore, the speed at the next time point would also
Ai nfl uenc e thecurrert tineegoiat eydsuppréssing abrupt jumps. Therefore, learning

in both forward and backwartime directions would reveal more speed related information to
improve the speed extraction accuracy. As suchsuggest usinghe BILSTM for the speed
extraction.Besides, lte reported MELSTM follows a manyto-one (MO) mode which only

utilizes the speed of a single time point. To use more speed information, we suggest using the

manyto-many (MM) moden this way the speed at all time points in a window are involved in

the training process.

Given above considerations, \weoposedan MMO-BiLSTM modelfor speed extraction in this
chapter. ltconsists of two parts, thellBSTM partandthe LSTM partas shown irFig. 3.1. The

BiLSTM part contains five layersThey are théayer Oi Layer 5, i.e., thénputU BiLSTM U
BiLSTM U AverageU DenseU Dense.This part assures the model to learn speed related

information from vibration signals in both forwatithe and backwartime directions. The LSTM
part contains Layer 6 and Layer 7, namely the LSTM layer and the Output layer. The LSTM part
extracts theefinedspeed from the information learned by th&STM part in the forwardime

direction.Thereforethe overall model forms a maitg-many-to-one (MMO) structure.
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Fig. 3.1: Structure othe proposed MMGBILSTM model

The input of the model are the muithannel vibration signal sequences Q o0 ¢

plB o phi  pltB RO. Here,Orepresents theumber ofchannels of vibration signaland

0 is the measured speed, which is taken as the real or labeled value in thisThedritput of

the modeht timeois the extracted spe&d. The output dimension of each layer is also shown in
Fig. 3.1. For example, the output dimension of Layer Msrf, 256), where the first entry) is

the number of data samp)eéke second entrynj is the number of time points within a window,
i.e., the wirdow size and the third entry (256) is the number of the neurons of this layer. The
output dimension of Layer 6 id( 32), which means the output of this layer is in 2D. For 2D
outputs, the first entry also means the number of data samples and theesgppisdthe number

of neurons of this layer.
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3.22 Training strategy

A two-stagetraining strategy is proposed to train the proposed MBICSTM model, as shown

in Fig. 3.2. In the first stage, theiBSTM part is pretrained via a supervised learning manner. The
supervised préraining is different from the traditional unsupervised-paening [135], [121],

[136], [137], which intends to obtain dimensioeduced features. Instead, the proposed supervised
training forces the model to learn speed related information with an unchanged dimension. Besides,
the pretraining process israMM leaming process, which means tledbeled speedt all time

points in a window will be utilized.

In the second stage, tiveightsand biases of theiBSTM part will firstly be initialized with the
corresponding weights and biases that learned frorirgheatage. Then theiBSTM part will be
fine-tuned,and the LSTM part will be trained simultaneously to obtainrédimed speed via a
supervised and MO manner. The way that the LSTM part extracts speed from the information
learned by the BSTM part minmics the process of predicting a variable with its historic data,
which is an effective way to conduptedictionand has been successfully used in wind speed

prediction[138].

Compared to the reported MCSTM model, where th&1O mode and unidirectional LSTM are
used, the BILSTM, MMO and a twstage training strategy are employed in the proposed MMO
BiLSTM model. The MM enables the proposed model to utilize all the speed labels in a window,
while the reported M.STM model utilzes the speed label at only a single time point in a
window due to MO. The BILSTM enables the proposed MBIOSTM model to learn speed

related information in both forwattime and backwartime directions, while the reported MO
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LSTM model learns informatioonly in the forwaretime direction as it uses LSTMherefore, it

is promising that our proposed model will have stronger speed information mining ability.

Stage I:

Pre-training Labeled speed

Vibration
Stage II:
Fine-tuning

Fig. 3.2: Two-stage training strategy for tipeoposed model.

The mean absolute percentage error (MAPE) will be used to evaluate the speed extraction accuracy

of the proposed model. The definition of the MAPE is as follows,

0ovL0O-B — (3.1
whereu denotes the extracted speed by the madéénotes théabeled speed.e., the measured
shaft rotating speeandT is the number of the time points of the speed. CR& timeper epoch
for model training will be employed as another performamegic It measures the training speed

of a model.
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3.3Case studies

This sectionpresentshree case studid® extractthe rotating speed of three commonly used
rotating machines separately. Thagan internal combustion engine, a radgstemand a fixed

shaft gearbox.
3.3.1 Case study 1: Internal combustion engindataset

3.31.1 Dataset description

The engine dataset wasllected from a 4ylinder internal combustion engity the author and
colleaguesn 2016at Chongging University, Chongqing, China. The schematic of the experiment
setup is shown ifrig. 3.3. Five acoustic sensoramedS1-S5 were installed in away from the

surfaces of the engine to collect acoustic pressure signals. The acoustic pressure signals have the
same nature as vibration thus will tad&kenas vibration signals in thishapter The speed athe

output shaft othe engine was measureith a speed sensaamedTl'1 which was arencoder. The

sampling frequency was 51200 Hz.

The rotating speed of the enginas controlled by a dynamometer via a manual speed control
knob. The designed speed profiles include constant (between 700 rpm angh24@ith a step

size of 100 rpm), running up (700 rpm to 2400 rpm) and running down (2400 rpm to 700 rpm).
For each speed profile, two tests were conducted. Each test lasted for 10 s for the constant speed
cases, and about 80 s for the varying speedchiste that the measured speed is slightly different

from the designed speed profile due to randomness of operating environment and machine capacity.
The measured speed of two tests of a single speed pohlso different as the speed was

controlled nanually.
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Fig. 3.3: Schematicof theinternal combustion engirexperiment rig

The datas preprocessed to make them proper fot. 8TM model before the implementation of
speed extraction. The vibration signals and the speed signals are preprocessed synchronously.

Steps to preprocess thataare listed in the following

Step 11 ow-pass filter and own-sample data to a new samplirage of 256Hz. The new sampling
rate assures that up to third order harmonics of the highest speed are contained in the down

sampled signals.

Step 2: Segment the raw data into segments with a length of 2guivalently512 data points.

For the engie dataset, we g800 segments.
Step 3: Randomly spldownsampledsegments into a training set and a test set by a ratio of 8:2.

Step 4: Shift each segment with a window size ahd overlapping of¢ p . We get (513n)

shifted samples from each segment. As a result, 300 segmsit§n) samples/segment = 300
(513n) samples are obtained in total. Generally, the longer the window size is, the higher the

accuracy the LSTM model will achiey#39]. But a largerthe window sizeneedssubstantially

more CPUWimeto train the modelln thischaptey the window size is set as ( tThen 129900

82



samples are obtained for the engine dataset. The shifted vibration samples will be treethgout t

LSTM models, and the shifted speed samples will serve dalibled speed

The training set will be used to train the models to obtain the optimized weights and biases. When
the model is trained, the test set will be applied to evaluate the performance of the model. To
further check the performance of the model, the trained nvatldde used to extract speed from
newly obtained vibration data. This process mimics the real applications that using the developed
model for speed extraction from nevdgllectedvibration data as a machine keeps operating. For
the engine dataset, weueatwo new applications.e., the application 1 and application 2. Each
application corresponds to a varying speed progigher running up or running down. The

application data will b@reprocessd with Step 1 and Step 4.

3.31.2 Model setting

The proposednodelwas programmed with Python in the framework of Tensorflow, and trained
in Google Colaboratorj140] with one GPU used. The Adaji41] is taken as the optimization
method. Usally, hyperparametersf deep learning modelare determined manually or by
parameter searching methodsich as thegrid search, randonsearch,and modelbased
hyperparametesptimization[26]. In thischapter thehyperparamiers are determined manually
after many trials. For example, for the learning rateve tried four valuesi.e.,0.0001, 0.001,
0.01 and 0.1. The one with the lowest training errorratadivelyfast convergent speed is chosen.
As a result, we get the followirtgyperparameter the learning rate js 18t 11;the exponential
decay rate for the first moment estimaigs 1@y the exponential decay rate for the second
moment estimates is @0 w;@nd the batch size is 512. The maximum epoch fetrpireing

is 300 and for finduning is 100. The specific epochs are determined by an early stopping rule.
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Early stopjing is a commonly used strategy to avoid overfitting in the traifiég) It stops the
training process when the validation error begins to rise with some pasiecit@asafter certain

epochs. The patience is set as 20 epothss chapterWe have implemented the reported MO
LSTM model as a benchmark under the same computing environment described in this paragraph.
The hyperparameteralues of the reported MOSTM model are selected in the same way
described in this paragrapAfter selection, samieyperparameterlisted above are used for the
MO-LSTM except thathe maximunepoch for training is set to be 400 as the reportedl8OM

uses only onatage training.

3.31.3 Results

For the engine, we intend to extract the engiating speed from the vibration signals measured

by five acoustic sensorfhe speed extraction performance of the reportedU8®M model and

the proposed MM@BILSTM model is shown iMable3.1. The speed extraction error, namely,

the MAPE of the proposed model is substantially decreased compared to the reported model in the
test set (from 3.15% to 1.03%), application 1 (from 4.38% to 1.27%) and application 2 (from 5.68%
to 1.29%). The relative redtion percentages are 67.30%, 71.01% and 77.29%, respectively. The
test set measures the performance of the model with existing data, while the two applications
measure the performance when applying the model to resliicteddata. The way to use both

the test set and applications mimics the process of how we employ deep learning models in real

applicationsthat istrain a model and test it with historiatta andapply it to new data.

The extracted speed of the two applicatimshown inFig. 3.4. Each application represents a
typical speed profile of the engin€he application 1 corresponds to the running down and the

application 2 corresponds the running up speed profile. fing. 3.4, some parts of the speed are
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zoomed in for a closer observation. The zoomed in parts are named (HH@pked operation
and (Il) for lowspeed operationThe extracted speed curves by the proposed MBADSTM
model are closer to the real speed than the reported M model, which means the proposed

MMO-BIiLSTM model has stronger speed mining ability tHareported MA.STM model.

TheFig. 3.4 also illustrates that the accuracytlé extracted speed in legpeed (less than 1000

rpm) operation is lower than that of the higheed operation, especially for the reported-MO

LSTM model. This may be because that higher speed brings higher energy to the machine, thus
more speest el at ed energy wil/l be contemnithe @adbientn t he
environment (i.e., fixed environment noise), the SNR of the vibration signal would then increase

with the increase of speed. For a deep learning model, it is easier to learn from cleaner (higher
SNR) data. As a result, the speed extractmueacy of both the reported M(STM model and

the proposed MMEBILSTM model for lowspeed operation is lower than that for hggeed

operation. However, for the logpeed operation (see zoomed in parts (IBign3.4), the proposed
MMO-BIiLSTM model can still track the real speed relatively well, but the reportedS1TM

model cannot. This means the proposed model can work well even with low Sidfovilsignals.

Table3.1: Speed extraction results of the engine dataset.

Model MRC?_FIJ_OSrErel\C/jI MMPCI;(-)E?LSSe'IqM Relative reduction
CPUtime (s) 8 24/21* -
Test set 3.15% 1.03% 67.30%
MAPE Application 1 4.38% 1.27% 71.01%
Application 2 5.68% 1.29% 77.29%

* Means theCPU timeof the pretraining and finetuning

From Fig. 3.4, we can observe slight fluctuations in the extracted speed curves either by the

reported MGLSTM or the proposed MM@ILSTM compared to the real speed curves. This may
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be caused by noise ihé vibration signals. Noise induces fluctuations to the input (vibration) of
the models. Consequently, fluctuations occur in the output (extracted speed) of the models. The

fluctuations can be eased by some curve smoothing strategies, like weighted anevaugi142].
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Fig. 3.4: Speed extraction results thfe engine dataset: (@pplication land(b) Application 2.
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Table 1 also shows thtte proposed MMEBILSTM model needs more time to train per epoch
than the reported MQSTM model. For the reported MOSTM model, theCPU timeper epoch

is 8 s, while the proposed model needs 24 st(aieing) or 21 s (finguning) per epoch. The
reasoris that the proposed model has more trainable parameters (734,465 paramettra) tfian

the reported model (394,945 parameters).
3.32 Casestudy 2: Rotor systemdataset

3.32.1 Data description

The rotor system dataset was collecte¢ a ut h owed m 20d7ding a eo@r system
simulator fromthe University of Electronic Science and Technology of China, Chengdu, China
[143]. The experimental setup of the rotor system and the schematic of sensor locations are shown
in Fig. 3.5. Two accelerometers were installed on the bearing housing to the right side to measure
the vertical and horizontal accelerations. Two dispiaent transducers were placed between the
flange and weight plate to measure the displacement in vertical and horizontal directions. One
tachometer was installed near the motor to measure the rotatingapgkedhaft The sampling

frequency was 10240 Hz

The rotating speed of the rotor was controlled by an automatic control system. Two speed profiles
ranging betweerd00 rpm and 2000 rprvere designedBoth speed profiles contain linear up,
sinusoidal and linear down parts, but the amplitudes of theatal parts are different. For each
speed profile40repeating tests were conducté&dch test lasted faboutl4s. The rotor system
dataset is preprocessed in the same way as the engine dataséase 1. After preprocessing,

we get 242480 sampleand two more applicationse.,application 1 and application 2.
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Fig. 3.5: Experimental setup of the rotor system.

3.3.2.2 Results

For the rotor system, we intend to extract the rotating speed of the rotor shaft frechdonel
vibration signalsncluding two channels aiccelerations anivo channels oflisplacements. The
model parameters are the same as the engine case. Thesjpaetion results of the proposed
model and the reported model are showhable3.2. The extracted speed of the two applications

is shown inFig. 3.6. Detailedobservations are given below.

Table3.2: Speed extraction results of the rotor system dataset.

Model MROe-Fl)_OSrEI?I\?I MMF)C;?E?ES'?M Relative reduction
CPU time(s) 28 53/61* -
Test set 1.50% 0.69% 54.00%
MAPE Application 1 2.21% 1.27% 42.53%
Application 2 2.97% 1.50% 49.50%

* Means theCPU timeof the pretraining and finetuning
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Fig. 3.6: Speed extraction results thfe rotor system dataset: (Application 1 and (bApplication 2.

The MAPEs of the proposed MMBILSTM model are 0.69%, 1.27% and 1.50% for the test set,

application 1 and application 2, respectively. These values are all smaller than their counterparts
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of the reported ME.STM model,i.e., 1.50%, 2.21% and 2.97%, respectively. Compared to the
reported MGLSTM model, the speed extraction errors of the proposed MG TM model are
reduced by 54.00%, 42.53% and 49.50%, respectively. But the proposed model costumes about

double time permoch of the reported MQSTM modelto train

For a closer observation Bfg. 3.6, some parts of it are zoomed Bee those namét) and (11).

The two applications represent two typical speed profiles of the rotor system. Both the reported
model and the proposed modehdsack the speed trend well, but the proposed model tracks the
real speed closer than the reported model. Hragn 3.6, we can also observe that thpeed
extraction accuracy of both the reported MSTM and the proposed MMBiLSTM for the low

speed (less than 400 rpm) operation is lower than that for thespagd operation. But the
proposed MMGBILSTM model tracks the real speed better in dgpeedoperation than the
reported MGLSTM model (see zoomed in parts (ll) Fig. 3.6). These observations are like the

enginedataset as seen@ase 1.
3.3.3 Casestudy 3: Fixed-shaft gearboxdataset

3.33.1 Data description

The fixedshaft gearbox datas§t44] was collected at the University of Alberta, Edmonton,
Alberta, Canadain 2018 llgea ut h o r aootleaguaskhétestrig is shown iRig. 3.7(a).

It consists of a drive motog bevel gearboxa 15 stage planetary gearbax2" stage planetary
gearbox.a 1% stage speetip fixed-shatgearbox,a 2"9stage speedp fixed-shaftgearbox, and a
driven motor.The rotating speed of the gearbox was controlled\®riable frequency driv@he
gearbox of interest is th#&' speedup gearbox (marked iarectangle) The fixed-shaftgearbox

has three shaftse.,an input shaft, a middkehaft,and an output shafas shownn Fig. 3.7(b).
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Fig. 3.7: Experimental setup for the fixeshaft gearbox dataset: (a) Test rig, Bohematic of théixed-shaft
gearbox and sensor locaticgrsd (c)Simulatedfaulty gearswith crack severitiegncreaing from left to right

Four accelerometers were installed edlect the vibration data. Three of them were mounted on
the bearing housingf the middle shaft in the horizontal, vertical and gear meshing directions, and
one was mounted on the gearbox top cover. An encoder was installed on the shaft of the load motor

to pick up its rotating speed. The output shaft of the gearbox was conteetttedoad motor shaft
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via a coupler. The speed of the output shaft thus equaled to the motor speed. The speed of the
middle shaft was then calculated according to the transmission ratio between the middle shaft and

the output shaft.

Data with differenhealth states under different speed conditions was collected. The health states
include the healthy state and the faulty states with five severity levels of tooth root cracks, as shown
in Fig. 3.7(c). The crack was manually induced. The speed varies continubaskunning up to

180 rpm and then gog down. For each case, 5 repeating tests were conducted. Each test lasted
about 60 s. The samplingefjuency was 25600 Hz. An example of the collected vibration signal

and its corresponding speed signal is giveRig 3.8.

Only healthy dat#s usedin this chapter. Faulty data is going to be used in Chapter 4 and Chapter
5. All the four channels of vibratiowill be used for speed extraction. The gearbox dataset is
preprocessed in the same way as the engine dadasetthe rotor system dataseifter
preprocessing, 255037 samples are obtained. Also, two applicatienspplication 1 and

application 2will be applied.
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3.3.3.2 Resuls

For thefixed-shaftgearbox dataset, the goal is to extract the rotating speed of the middle shaft
from four-channel vibration signal§able3.3 displays the speed extraction results of the reported
model and the proposed model with the gearbox datéketMAPEs of the proposed MMO
BiLSTM modelare 2.03%, 2.05% and 1.97% with tlest set, application 1 and application 2,
respectively These values yield corresponding reductions of 25.61%, 37.56% and 29.44 % over
the speed extraction errors of the reported-M&IM model. Still, theproposed model consumes

about double time per epoahtrain.

Table3.3: Speed extraction results of tfired-shaftgearbox dataset.

Model MROe_pl)_osrtTel\c/jl MMP(;(-)IQ?LSSe'IqM Relative reduction
CPU time(s) 30 53/60* -
Test set 2.03% 1.51% 25.61%
MAPE Application 1 2.05% 1.28% 37.56%
Application 2 1.97% 1.39% 29.44%

* Means theCPU timeof the pretraining and finetuning

Different from the engine and the rotor system, ftked-shaftgearbox operates in a relatively
narrow speed rangef 100 romi 180 rpm but with heavy load applied. As a result, some
unexpected shocks would happen in the gear meshing préags3.9 illustrated the extracted
speed curves of the two applications. Some parts of this figure are zoomadhrarenamed (1)
and (Il) for a closer observation. It can be observed especially figm3.9 (b) that some
unexpected jumps occur in the extracted spgethé reported model, bsmootherspeed that
closes to the real speed curvesteaekedby the proposed model. This means our proposed MMO

BiLSTM model outperforms the reported MG TM modelwith the fixedshaft gearbox dataset
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Fig. 3.9: Speed extraction results thfe fixedshaftgearbox dataset: (&pplication 1; and (bApplication 2.

Also different from the engine dataset and the rotor system dataset, the speed extraction accuracy

of the gearbox dataset is similar in the {epeed operation and in the higheed operation. The

94



reason may be that the gearbox operates in a relativetwnapeed range (max speed/min speed
= 1.8), while the engine and the rotor system operate in a quite wide speed range (max speed/min
speed = 3.4 and 6.7, respectively). For the gearbox, thed8fé¢Rencecaused by speed variation

in such a narrow rangeaw be not large enough to influence the speed extraction accuracy.

Overall, the speed extraction results of the proposed MBUGTM model with the three typical

rotating machines imply that, the proposed model can successfully extract rotating speed from
vibration signals of different rotating machines and outperforms the reportedSW® model.

These machines can operate under different speed and load conditions. Therefore, we believe our
proposed deep learning model is effective to extract rotating $meedibration signals and can

be applied to other rotating machines.

3.4 Discussiam

In the proposed and the reported models, several model structures, namelyBiSS MW, MM,

MO and MMO, and awo-stagetraining strategy (TS) are used. To understahyg the proposed
MMO-BiLSTM model performs better than the reported-M®TM model, separate contributions

of these model structures and the training strategy to the speed extraction accuracy are evaluated
with the above three datasets. Models formed bylflsasombinations of these structures and the
training strategy are listed irable3.4, wheren the LSTM+MO is exactly the reported MCSTM

model and the BRSTM+MM+MO+TS is the proposed MM@®BIiLSTM model. Note that in Table

34, LSTM-M (BiLSTM-M) and LSTMO (BiLSTM-O) mean the ETM (BiLSTM) model

pertaining to a MM structure and a MO structure, respectively. The second layer of LSTM+MO
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and LSTM+MM+MO is a Dense layer while others are not. As according to our trials, with this

Dense layekeptthe LSTM+MO andhe LSTM+MM+MO perform better for speed extraction.

Table3.4: Feasible models composed of different structures.

Model Layers
LSTM + MO .. .. .. . . ..
InputY Dense Y-MLSTMSTMW Dense Y Dense Y
(Reported MGLSTM)
LSTM + MM Input ¥MLSTIMMIW Dense Y Dense Y Out g
BiLSTM + MO | nputiiSMM-MB YiLBTM-O Y Dense Y Dense Y OL
BiLSTM + MM Il nputiiSMM-MB YiLBTM-M Y Average Y Deuatgue Y
LSTM + MM + MO I nput Y DenMeY YL IMSW MDense Y DensYe OW
_ Il nputiiSMWM-MB YiLBTM-M Y Average Y Dense& W
BIiLSTM + MM + MO
Output
Pret r ai ni ng: IMnprutlL S ML SOeviDseens¥e Y Out p
LSTM+ MM + MO + , o } . }
s Finet uni ng: I ntduY LYSMLMTMense Y DebnsYe
Output
, Pret r ai ni ngiLSTMiMp WtiLBMM-MB Y Average Y De
BiLSTM + MM + MO
Output

+ TS (Proposed MMO

_ Finet uni ng: USTMM tY iYBTB-M YAver age Y Dens
BILSTM)

LSTM-O Y Out put

The speed extraction performance of these models with the engine dataset are Jladnla8i6.
The resuls with the rest two datasets, namely, the rotor system dataset dinddrshaftgearbox

dataset illustrate the same trend as the engine dataset thus notEhloe. shows that,

(1) All the models achieve higher speed extraction accuracy than the reptddTM
(LSTM+MO) model.
(2) When the MM is employed, the accuracy is substantially improved than MO no matter the

LSTM or BIiLSTM is used. The MM consumes simif@aPU timeasthe MO per epoch.
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(3) The BILSTM achieves higher accuracy than LSTM with either MM or MO used, but the
BILSTM consuimes moréCPU timethan LSTM per epoch.

(4) Without TS, the MM+MO (i.e., MMO) structure performs relatively poor with either
LSTM or BILSTM used. When the TS is employed, the speed extraction accuracy is
substantially improved, especially for the BILSTM case.

(5) Overall, the BILSTM + MM + MO + TS, i.e., the proposed MMBILSTM model

performs the best in terms of the speed extraction accuracy.

Given the comparison results of these structures, we wik@ldo suggest that if one has
sufficient computation resourcesd prioritizes the speed extraction accuracy, the proposed
MMO-BILSTM model is preferred. If we want a tradéf between the accuracy and the
training time consumption, only using the MM is preferred. Only Using BILSTM is not
suggested as it consumes tmuaore training time than the MM but does not bring significant

gain in the accuracy compared to the MM

Table3.5: Speed extraction performances of different models with the engine dataset.

CPU time MAPE (%)
Model —— —
(9 Test set Application 1 Application 2

LSTM + MO

8 3.44 4.33 6.65
(Reported MGLSTM)

LSTM + MM 9 1.70 1.27 2.12
BiLSTM + MO 23 1.99 1.99 3.40
BiLSTM + MM 24 1.05 1.22 1.92

LSTM + MM + MO 12.5 2.71 3.51 2.75
BiLSTM + MM + MO 21 2.28 2.93 3.55
LSTM + MM + MO + TS 9/12.5* 2.80 1.73 2.01
BiLSTM + MM + MO + TS (Proposec
) 24/21* 1.03 1.28 1.29
MMO-BILSTM)

* Means theCPU timeof the pretraining and finetuning
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3.5Summary and conclusion

This chaptempresentsa deep learning model.e., the MMO-BILSTM, to automatically extraca
machin® sotating speed from its vibration signals. Tperformanceof the proposedMO-
BiLSTM is evaluatedwith three typical rotating machinesjcluding an internal combustion
engine a rotorsystem,and a fixedshaft gearbox, and compared witie reported MALSTM

model. From the results, we can conclude that,

(1) The proposed MMEBILSTM can successfully extract the rotating speed of rotating
machines directly from their vibratiogignals andachieves higher accuracy than the
reported MGLSTM model. Therefore, it is promising that the proposed model could work
|l i ke a virtual speed sensor to automati cal

(2) For the speed extraction task, k& structure outperforms the MO structure, and the
BiLSTM performs better than the LSTM. The MMO witiLBTM performs the best when

the proposed twstage training strategy is taken.

In this chaptey the proposed model is trained with the historical vibrabind speed data of a
machine and@an only extract the speed of the same machine. In the future, we will investigate to
train the proposed model with historical data of one machine (e.g., motor) but apply it to another
similar machine (e.g., rotor systetmy using techniques like transfer learn{ig5], [145]. This

could be very useful for those machines that speedmafioonis in demandput the speed sensors

are difficult to be installed due fahysical space and/or cost limit.
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4. A speed normalized autoencoder for rotating machinery

fault detection under varying speed conditions

This chaptefocuses orthefault detection of rotating machinetlyat operated under varying speed
conditions.lt is the researchiopic#2 as defined in Sectidn3. A speed normalized autoencoder

is proposed for fault detection of rotating machinery under varying speed condition. The proposed
model requires the speed an auxiliary input in addition to the vibration. The speed utilized in
this chapter can bmeasured oextracted from Chapter 3. When a fault is detected with a machine,
the typeandtheseverityof the faultis going to be identified in Chapter 5. Ma#ds of this chapter

have beempublished in gournal papef146].

4.1 Introduction

Rotating machinery in service usually deteriorates over time due to variable internal or external
excitations When the deterioration is acculated to a certain level, we say a fault is occurred.
Faults if not detected and addressed early may lehétailure of a machine. Failure would result

in unexpected shutdown which further resiriteconomical and/or moral loss. Fault detection has,

thus, been introduced as an effective way to prevent the occurrence of{&ilure

Fault detection isisuallyunderstood aan unsupervisedearningproblem Only healthy data is
allowed for the development of fauletection algorithmsA typical unsupervised deep learning

model, the autoencoder (AE) and its variants were widely #s@adexampleZhao et al[98]
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employed a deep A detet wind turbinefaults Reddy et al[82] utilized a deep AE toorduct
anomaly detection and fault disambiguation of flight daten et al.[97] traineda sparse AHor

the fault detection aiimachine toalMalhotra et al[85] and Chen et aJ147] used an AEshaped

long shoriterm memory (AELSTM) model for anomaly detection of sensors and wind turbines,
respectively. Yu et a[148] and Jana et a[149] utilized a convolutional autoencoder (AENN)

for fault detection of industrial processes and sensors in structural health monitoring, respectively.
Spyridon et al[150] suggested an ABasedyenerative adversarial network for fault detection of

a chemical industrial system.

While utilizing AEs for fault detection, we often follow a reconstruction proced&H, as shown

in Fig. 4.1. Firstly, healthydata isused to train an AE to reconstruct its inputs. The AE can be
trained through the widely used backpropagatityorithm [26], or probabilistic learningl52],

[153], or the generativ@dversarial manng¢t50], [154]. The welttrained AE is then employed to
reconstruct newly collected data with unknown health states. The difference between the
reconstructed input and the input is defined as the reconstructionsdric,isalso known as the
residual. The residual feen inputted to a successive detection module which will identify whether
the newly collected data indicates a fault or not. The detection module can be a simple health
indicator calculated from the residual, such as the harmonic to noisg8@jtar the widely used

root mean square (RM$32], [83].

Faut detection algorithms must adapt to dynamic environnj@si§. This is critical forrotating
machines since they usually work under varying speed conditBpeed variationntroduces
amplitude modulation (AM) and frequency modulation (FM) to vibration sigigdls The AM

and FM effect can also be introduced by fayBg], [92]. Their effects are often overlappg].
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The overlapped effects if not distinguished, may lead to false alarms amdémd alerts in fault
detection92]. The abovanentioned AEs for fault detection did not consider the effectpedd

variation Their performances cannot be guaranteed for varying speed conditions.

— T

Training set X, qin
(Healthy data only)

Newly collected data X Reconstruction model =
>(U nknown state) new (e.g. AE) Reconstructed data X,,,,,

—

Reconstruction error
(Residual)

Iy

Detection module

Healthy state

Fig. 4.1: Procedure of fault detection based on data reconstrydtidr, [152].

The focus of thischapteris to improve the fault detection performance of AEs for rotating
machinery that operated under varying speed conditions. The key is to address the effects induced
by speed variationOnce the effects adpeed variatiorare removed, the resultant false alarms
ard/or missing alerts could be avoided. The fault detection performance would be improved
accordingly.As reviewedin Section1.2.2 exiting models[95], [96] for fault detection under
varying speed conditions did not indicate how the effectspeed variatiorwere addressed.
Moreover, the employed data were the valyee data if95], [96], rather tha the waveform data

as the vibration in our case. The wavefatata ismuch more complicated than the vatype

data[3]. Effects ofspeed variatioron valuetype data and waveforrdata isalso different.
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Therefore, the fault étection performance of the models employel@%j, [96] over the vibration

data needs further investigation

The goal of thishapteris to design an AE model theanremove the effects afpeedvariation
automatically from vibration data, and ultimately improve its fault detection perform@nce.
achieve this goal, we propose a new deep learning model named the speed normalization
autoencoder (SME). The idea is to design an auxiliary branch for thetdEemove the effects

of speedvariationautomatically. Specifically, an auxiliary branch redrspeed normalization (SN)

is designed to learns a SN function, which further normalizes the vibration data to removes the
effects ofspeed variationThe normalized vibration is then processed by the AE for fault detection.
The idea to normalize the vdttion using a certain function with respect to speed is indeed inspired
by [52], [92]. Through normalization, the effects of AM induced by ¢peed variatiomould be
removed. Once the effescof AM are removed, the fault detection performance could be improved
as the false alarms and/or missing alerts inducesppegd variatiooould be eased. In this chapter,

we will focus on the AM only. The FM will be not considered for now. Indeed, baseslr
evaluation, the FM has limited impact on the fault detection performahagetails are given in

Section 4.5.1.

Indeed, he primary goal of the proposed model is to remove the speed induced variations in data.
For the purpose of removing variation data, we have spotted a few related works in other
domains. For exampleRen et al.[156] proposed a variatienormalized AE for person +e
identification in photos shotted by street cameragl36], the variatiomnormalized AE removes

all variations in photos while sustains persetated common featuresp that a same person in

different photos could be4identified. However, this model may fail in our case as we only want
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to remove speedhduced variations in data but to sustain fault related variation in the meantime.

In thedomain of medical health, Rong et [dl57] developed a deep adversarial model to remove
batch effects in liquid chromatography mass spectronietsed metabolomics dato that the
metabolism changes induced by disease would be well estimated. The changes were then used to
indicate the occurrenad certain diseases. This model is not appreciatedr case as it will also

remove fault related variations intra batches, and thus leads to incorrect detection.

In this chaptey thetypical deep AE as used [B2], [98] will taken as the baseline. The AE is
selected as it is widely adopted for fault detection, and the variants of the AE suclsarsiee

AE [95], [97], denoising AH96], AE-LSTM [85], [147] and AECNN [148], [149] are among the
stateof-the-art methods fordult detection. Without loss of generality, the proposed SN will be
developed based on the typical AE, and the whole package will be applied to these advanced

variants to show its generalizability and superiority.

Given a fixed AE, how to select the hyparameters of the SN branch that returns the best speed
effects removal performance and then superior fault detection performances remains a problem.
The hyperparametens this chapterefer to that regarding the structure of the SN branch only. We
assume the hypearaneters of the baseline AE are already well selected. Existing strategies such
as the grid searcf26], random searcki26], Bayesian optimizatiorfl58] and differentiable
architecture searcf159] select hyperparameters whilst minimize the mean square error of the
reconstruction of the validation set (VMSE). The VM®&Easures how well a model reconstructs

its input. A minimal VMSE may guarantee a good reconstruction performance but cannot assure
a good speed effects removal performance. As the scale of the learned SN function can vary across

hyperparameters. A small®fMSE may be because of relatively smaller SN values, not better
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speed effects removal performance. To address this problem, we propose a new measure, i.e., the
correlation coefficient between the health indicator and the speed of the validation set (VCOR)
for the hyperparameter selection for the SN branch. The rationale is that if the effectspeieithe
variationare removed, thlealth indicatoishould be independent frothe rotatingspeed. The

VCOR should approach zeros, otherwise would be large.

The effectiveness of the proposed 3% as well as the proposed VCOR is validated with three

case studies. The case studies correspond three typical rotating machines, i.e., a planetary gearbox,
a fixedshat gearbox and a rolling element bearing, respectiRegults show that the proposed

SN significantly improve the fault detection performances of the baseline AE, as well as its

variants. Majoicontributions othis chapteare as follows:

(1) Proposed new deep learning model SAE for rotating machinery fdtidetection under
varying speed conditions.
(2) Proposed a new hyperparameter selection measure VCOR for the SN bfatheh
proposed SMAE model
The rest of thighaptelis organized as follows. Sectid?introduceghe baseline AE Details of
the proposed SME are given in Sectio®.3. Case studies are conducted in Sectdch

Discussions are made 8gction4.5. Conclusions are drawn in Sectibb.

4.2 Baseline models

This section provides a brief introduction the AE nidtat is going to be the baseline model in

this chapter. More knowledge of the AE has been provided in Section Zleldeep AE
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employed in82], [98] is selected as the baseline model in thiapter as it features a typical AE
structure, as shown Iig. 4.2. The baseline AE consists of an inpaydr, multiple hidden layers,

and an output layer. The hidden layer in the middle is named as the bottleneck layer. The AE is
used to reconstruct the inputted vibration data. The RMS of the reconstruction residual is taken as
the HI for fault detection. Agdicated in the Introduction, the fault detection performance of the

baseline AE is deteriorated Bpeed variatiorWe will address this problem in this chapter

104e[ nduf
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Fig. 4.2: Structure othebaseline deep AP8].

In this chapter, the area under the receiver operator characteristic curve [B&OTWill be used

to measure the fault detection performance. The receiver operator characteristic curve is created
by plotting the true positive rate and false positive rate at all feasible threshold settings. Suppose a
test set containd faulty (negative)samples and healthy (positive) samples. At a certain
threshold;YOsamples out of thé healthy samples are detected as healthyjatdamples out of

the0 faulty samples are missing alerted. The true positive rate and the false positivefoatedare

with,

4 O ®A O E@AG®RA (4.2
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& A 190 A0 EQEGRR- (4.2)

Calculate the true positive rates and the false positive rates at all thresholds. The receiver operator
characteristic curve can be plotted with the false positive rate asatkis &and the true positive

rate as the-axis. The AUC is the area under the receiver operator characteristic curve, which can
be foundusing the numerical integration. The AUC provides a comprehensive measure by
integrating false positive rates and true positive rates and is widely used in teet adrfault
detection[32], [160]. The value of AUC varies from 0 to 1, and the larger the be&tteAUC of

1 means that the model performs perfectly. No false alarms or missing alters océlwCAaf

0.5 corresponds to a coin flip. An AUC of 0 means that all faults are not altered, and all healthy

states are falsely alarmed.

4.3 Proposed speed normalized autoencoder (SAE)

4.3.1 Structure of SNAE

As mentioned in the Introduction, existing rhetls for rotating machinery fault detection under
varying speed conditions are either not able to address the effeptseaff variationor address in

a manual and separate manner. The goal of this work is to remove effegtsedf variation
automatically to improve the fault detection performances of AEs. The proposed idea is to learn a
speedrelated normalization function automaticalyough the training of AE with a proper design

of the model structure. The normalization function is to multiply the vibration to remove or
mitigate the AM effects. In thichapter a deep learning model named speed normalized

autoencoder (SME) is propsed to implemerthe proposed idea.
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The structure of the propos&Hl-AE is illustrated inFig. 4.3. It consists of twdoranches, i.e., an

AE branchand a speed normalization (SN) branch. The AE over here is identical to the baseline
AE. It is going to reconstruct the data inputted to it. The SN branch is an auxiliary neural network
that is going to learn a speed normalization funci@m . It takes the speed sign®as the

input. The yrefers to trainable parameters of the SN branch including the weights and biases.
The"Q W  is going to normalize the vibration sigreprior to being processed by the AE. The

normalized vibration is,

e o0QW, (4.3)
The normalization operation iRig. 431 s r epr es en koe.d Heayrebaisnagtheo s s

multiplication operation which can be elemavise, samplavise or others.

Speed normalization

Spe;ed function
' H
i
¢ 9(s)
SN branch s
AE
A
[ |
9(s) g(s)
AE branch x " x
* *n }in i
! ) i
: : ‘ l
_Raw Normalized vibration Reconstruction of ~ Reconstruction of raw
vibration x, = xg(s) normalized vibration vibration ¥ = %, /g(s)

Fig. 4.3: Proposed speed normalized autoencoderAEN

The normalized vibratiowe, is inputted to the AE for reconstruction. Suppose the mapping of the

AE is"Q.). The reconstructed normalized vibration is,
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e Qeh, "QeOQW ,h, (4.4)

where, , is the set of trainable parameters of the AE braftie. reconstruction of the input

vibrationwis the inverse normalization ef ,

Yiyh,
. 0 (45)

The inverse normalization operation is represented by aedivid y m® oHign4r3. It refers to

the inverse operation of the normalization adopted in Eq. (4.5).

The loss function is the mean squaeer of the reconstruction of the vibration,

0 iy, - @ (4.6)

0 iy - Wb (47)
Trainable parameters of the AE branghand the SN branchyare optimized by minimizing the
loss function,
RS TN - By TR (4.8

where, , and % are the optimized parameterds described in Section 2.1.2, this is an
optimization problem and is usually achieved by gradasednethods. We first find the gradient

of the loss with respect to parameters, and then update the parameter with decertmg rate

. . -—thv (4.9)
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v v (4.10)

The optima , and ‘yare gradually approached when the updating in Eq. (4.9) and Eq. (4.10)
meets certain rules. We can also introducemtipdating schemes such as the momentum and
Adam to speed up the convergefi2z@]. The process to optimize the parameters is thealied

model training. Note the parameters for the SN branch and the AE branch are trained
simultaneously. Eq. (4.9) and Eq. (4.10) only provide the general scheme of the gradients. Exact
gradients withrespect to certain parameters (e.g., the connection weight between the first neuron
of the first layer and the first neuron of the second layer of the SN branch) can be found with the

backpropagation algorithii26].

The reconstretion residual of the normalized vibratien instead of that of the raw vibratienis
adopted to build the health indicator. That is, the RMS of éhe e notthee e will be
utilized for fault detection. Because the effects of the speed varatioexpected to be removed

or mitigated in the residual of normalized vibration, but still preserved in that of the raw vibration
For simplicity, hereinafter and iRig. 4.3, Q% , and'Qe.h , are written a8Q v and'Qe, |,

respectively.

The proposed SME is supposed to work because it will remove or at least mitigate the AM
effects induced by speed variation through normalization like reported wdika]92]. Better
performances can be expected as the proposedlSk to be able to automatically remove the
effects of speed variation (i.e, AM) and conduct fault detection as a whole. Compared to existing
deep learning models such as the AE and its variants, thieES®dnaddress the effects of speed
variation while the existing cannot, and thus better fault detection performance can be expected.

Compared to existing wor82], [92] on removing the effectsf gpeed variation, the proposed
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SN features at least two merits. First, the SN is more {aigordly as it is realized automatically.
Second, the proposed SN conduct the normalization and fault detection as a whole and thus an

overall optimum can be exped, which generally yields a better performaf.

In addition tothe typical AE as shown iRig. 4.3, the baseline model can also be the advanced
variants of the AE, such as teBparse AH95], [97], denoising AE96], AE-LSTM [85], [147]
and AECNN [148], [149]. Performances over these models will also be evaluated in case studies

to show he superiority of the proposed method
4.3.2 Structure of SN branch

The SN branch is a neural netwattkat intends to learn an SN function. It takes the speed signal
as the input and outputs corresponding SN value. The SN function is leatoethtically during
the training of the SM\E. The learned SN function normalizes vibration signals to remove speed

variation effects

In this chapterthe CNN is adopted for the SN branch. The intuition is that the CNN preserves
local information of speethrough moving kernels, which is going to normalize nearby vibration.

The adopted structure for the SN branch is showkign4.4. It hasa typical1D-CNN structure
consisting of several convolutional (Conv) layers and a global average pooling (GAP) layer at the
end. The GAP is applied across channels not the time points to preserve the data shape. The
activation functions are the commonly used Redxgect for the last layer, with which a Sigmoid
activation is adopted to limit the range of the SN functtdw within (0, 1). Hyperparameters

such as the number of convolutional layergy(kernel sizeQ) and number of channelgiQ will

be analyged in case studies in the next section
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The learned SN functioif2 v will multiply the input vibration through an elemewtse manner.
Suppose we have a vibration data saneple @ anda corresponding speed data sanmple

i , Where¢ refars to the number of data points (or length) of the sample. Elewisat
multiplication requires thaf2 v has a same dimensioneds.e.,"Q v Qv N . The

normalized vibration is

° e QY w Qv (4.11)
o~ —— E‘\
[77] .—4h§ :J .,._Jhgl :1 *-:3!..] E
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Fig. 4.4: Structure for SN brancl. & number of convolutional layer®ii kernel sizeg¥ number of channels.

The SN functionQ v is expected to decreaseth respect to speed like the signal processing
methodg52], [92]. Such that the effects induceddpeed variatiowould be removed. In the next

section, we are going to evaluate the performance of the proposa#é 8ier three experimental

datasets.

We acknowledgehere may be better structures for the SN bra@ther possible structures can
be a feedforward neural network like the AE, or a recurrent neural network, or others. But
comparison of different netwaskis not the focus of this chapteédnce the effectiveness of
proposed SMAE with a CNNshaped SN brandh validated, wean easilyexplore other possible

implementations for the SN branch in our future studies
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4.3.3 Hyperparameter selection for SN branch

As indicated in theéSection 4.1 existing hyperparameter selection strategies use the VMSE as the
measire toguide the selectiof6], [158], [159]. The best hyperparameters are selected when the
VMSE are minimized. The VMSE can be applied to the baseline AE. Since it nedsseare
reconstruction performance of the AE. A smaller VMSE generally yields a better fault detection
performancg161]. For the proposed SNE, we need to care about the speed effects removal
performance as the SN is propoged this purposeA minimal VMSE may guarantee a good
reconstruction performance but cannot assure a good speed effects removal performance. As the
scale of the learned SN function can vary across hyperparameters. A smaller VMSE may be
because of relatively smaller SN vaduaot better speed effects removal performance. To address
this problem, we propose a new measure, the Pearson correlation coefficient between the health
indicator and the speed with the validation set (VCOR), for the hyperparameter selection for the
SN kranch. The rationale is as follows. The VC®@iasures the linear dependency between two
variables. Its absolute value is in between [0, 1]. Hereinafter, the VCOR refers to its absolute unless
specifically indicated. A larger VCOR indicates that two vagabdre more likely correlated,
otherwise less correlated. Based on our evaluation, the health indicator returned by the baseline
AE and the speed are highly correlated, and the VCOR is large. Such phenomenon can be observed
in case studiesf this chapterRemember the goal of the proposed SN is to remove the effects of
speed variationOnce such effects are removed, the correlation between the health indicator and
speed is supposed to be mitigated, and thus the VCOR would be smaller. A better fautindetecti

performance can be expected accordingly.
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In this chapterthe scope of the hyperparameter selection is limited to the SN branch only, that is,
the number of layers: (Jy kernel size'Q) and the number of channeti], for the SN branch.

For simpilcity, let ¢ BQQ herein and afterWe assume the baseline model already
performs well with the reconstruction task and its hyperparameters are fixed. The widely used grid
search method26] will be adopted togethewith the proposed measure VCOR ¢onduct
hyperparameter selection for the SN brantte acknowledge there are many advanced
hyperparameter searching methods, such asattdom searcf26], Bayesian optimizatiofiL58]

and differentiable architecture seaf@®9]. Since the hyperparameter search method is not the
focus of thischapter we choose the grid search due to its simplicity. Once the proposed searching
measure, i.e., the®OR, is verified effective, it is supposed to be applicable with other searching
methods.Detailed stepf hyperparameter selection using the grid search incorporating the

proposed VCORare given below.

Step 1: Configure a validatioretswhich contains healthy data onhich isnever used in the

model training or model testing.

Step 2: Reconstruct the validation set with a wmrelined SNAE with a certaincombinationof

hyperparameteris

Step 3: Calculate theealth indicator, €., RMS of the reconstruction residual or eri@r §,i of

every single sample in the validation.set
Step 4: Calculate the mean speled)(of every single sample in the validation set.

Step 5: Calculate the correlation coefficient betw@anandi & with the following equation,
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6#/ 2ck 1 DiA & (4.12)
B B

where,Qi andi drefer to the average @11 andi & 0 wmeans the number of samples in the

validate seandw ¢ ireffers to the function to find correlation coefficient
Step 6: Repeat Stepd 5 to find VCORs for all candidate hyperparametambinations in .

Step 7: Selecvptimal hyperparameters for the SN branch. The optimal hyperparamédess

returned when the absolute value of the VCOR is minimized
& i Qo / 2 (4.13)

Given the above description of the proposedAH\ an overall flowchart of using the proposed
SN-AE to conduct fault detection is givémFig. 4.5. The overall method consists of three stages
including a training stage, a validation stage, and a test $tage training stage, we train the
proposedSN-AE using the training set to optimize the parametgrand  of the SNAE for

each hyperparameter combination inThe optimal parameter§ and ‘yare reached when the

lossO h is minimized. In the validation stage, we conduct optimal hyperparameter selection
for the SN branch. The optimal hyperparameters are obtained when the correlation coefficient
between the RMS of the reconstruction residual of the normalized vibratiohentean of the

speed, i.e., the VCOR over the validation set, is minimized. In the test stage, the selected model is
used to conduct fault detection over the test set. The RMS of the reconstruction residual is taken
as the health indicator. The health wator is compared with a predefined threshold to determine
the health state of a machiriéthe health indictor is small than the threshold, the machine is

deeded healthy, otherwise fauls mentioned in Sectiofh.2, in thischaptey we do not provide
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a specified threshold but try all feasible thresholds, and use an integrated performance measure,

i.e., the AUC[32], [160], to show the fault detection performance of the proposeABSN

Training stage: Optimize model parameters 0,., 0

A s I I Ig(S)

Training se Speed signal a(s) g(s)
(Healthy data) ‘ ‘ ‘ ‘ I:I H s 2
1

Vibration s1gnal
————— L(68,,8,)=1/2(x—%)2> ————

0%, 05 = argming_g_L(8,,85)

' Well trained models

Validation stage: Select optimal hyperparameters A for the SN branch
9(5)

Validation set .Speed signal (s) g(s)
(Healthy data) *
» xn

Vibration s1gnal

err = RMS(x,, — xn)

VCOR = corr(err,sm), sm = mean(s) A" = argmin, VCOR

' Selected model

Test stage: Conduct fault detection

: 9 (s)
Test set S d ional
(Healthy data— Pese Slehd (S) 9(5 )
+ Faulty data) m I:I
X ?’1
Vibration signal

Health mdlcator (HI) = RMS(x,,1 —-x,)
Fault detection: HI < Threshold, healthy, otherwise faulty

Fig. 4.5: Overall flowchart of the proposed fault detection method.
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4.4 Case studies

This sectiompresentghree case studigs validate the effectiveness of the proposedAENover
three differenexperimental datasets, respectively. The datasets used include a planetary gearbox

dataset, a fixeghaft gearbox dataset and a bearing dataset.
4.4.1 Case study 1: Planetary gearbox dataset

4.4.1.1 Dataset description

The planetary gearbadatasetvas colected in 202%t Tsinghua University, Beijing, China by the

author and colleagud462]. The teg rig is shown ifig. 4.6. It consists of motor, a planetary
gearbox, and a magnetic power break. Three accelerometers were mounted on the planetary
gearbox to collect its acceleration signals from the vertical, lad@dhthe horizontal direction,
respectively. A current sensor was used to collect the current signal of the nmoeoicoler was

installed in between the motor and the planetary gearbox to measure the rotating speed.

The data was collectethdermultiple health states and multiple speed conditions. The health states
contain 16 states including the healthy state, bearing fault, ring gear fault, sun gear fault and
planetary gear fault, and different fault severijtias shown irFig. 4.7. The speed conditions
include constant speed conditions and varying speed conditions. The constant speed condition
contains five speed levels of 300 rpm, 600 rpm, 900 rpm and 1500 rpm. fiegvapeed
conditions changes the speed continuoirshetween 300 rpm and 1500 rpm. Ten repeating tests

were conducted for each health state and each health condition. Each test lasted fdre60 s.
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sampling rate was 20 kHAn example of collected spgeignal and corresponding acceleration

signal is given irfFig. 4.8.

&

‘@ . . &k Planetary T ' N - % Induction
Magnetic -

- earbox = ; motor
B powder break; 9 - I

Fig. 4.6 Planetary gearbox test rig.

In this chapter, only the healthy data is going to be used to train the model. The data collected
under an incipient fault, i.e., the planet gear tooth root crack, is goingvtoasethe faulty data to
test the performanagf models. The vibration in the vertical direction and speed signal are to be

used. Other data will not be used. The data is preprocessed in the following steps before being

further processed by deep learnmgdels

(1) Low-pass with a cubff frequency of 2.5 kHz and then dowsample data from 20 kHz to
5 kHz for both the acceleration and speed signals.
(2) Segment data into short samples with a length of 2000 data points (0.4 s) without overlap.
(3) Delete outliers to balance the distribution across speed. The outliers here are defined as
samples with rare speed values (i.e., outsideatnge of300 rpmi 1500rpm) or samples

with corrupted speed collection.
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(4) Split the data into a training set, a validation set and a test set. The training set and the
validation set contain healthy data only. The test set contains half healthy data and half
faulty data.

(5) For thetraining set and the validation set, the data is further segmented into a shorter length

of 250 data points (0.05 s) to speed up the training process.

(b) (d)

() (9 (h) (i)

] L]

(k) o (n)

Fig. 4.7: Seeded faults of planetary gearbox: (a) Ring gear tooth missingyrflgear chipped tooth, (8un gear
tooth missing, (dPlanetary gear tooth root crack, @anetary gear chipped tooth, @anetary gar tooth missing,

(g) Planetary bearing inner race crack (hereinafter, bearing race crack means the crack width = 0.4 mm), (h)
Planetary bearing inner race fault (hereinafter, bearing race fault means induced crack width = 2Ptamptéiy
bearing outr race crack, (jPlanetary bearing outer race fault, ®anetary bearing rolling element fault, (Hput
shaft bearing inner race crack, (mput shaft bearing inner race fault, (nput shaft bearing outer race crack and

(o) Input shaft bearing oet race fault. Seeded faults are marked in red rectangles.
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