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Abstract

Modern industrial processors, engineering systems and struciunese grown
significantly in complexity anth scaleduring therecent years.Therefore there is an
increase in the demand for automatic processtosavoid faults and severe break downs
through predctive maintenance. In this context, the research into nonlinegsters
analysis has attained much interest in recent years as linear models cannot be used to
represent some of these systems. the field of control systemshe analysis of such
systemsis conducted in the frequency domain using methodsFoéquency Rgmnse
Analysis Generalised-requency Response FunctiofGFRFs) and the Nonlinear Output
Frequency Response Functio(NOFRFs) afrequency Response Analysshniques
used for the analysiof nonlinear dynamical behaviour in the frequency domaime
problem of Condition Monitoringand Fault Diagnosi$as been investigated in the
perspective of modelling, signal processing and multivariate statistical analysis, data
driven methods such aseural networks have gained significant popularity. This is
becaise passible faulty conditions related to complex systems are often difficult to
interpret. In such a backgroundecently, a new datalriven approach based on a systems
perspectivehasbeen poposed This approach uses a controls systems analysis method
of Sysem ldentificationand Frequency Response Analyaigl hasbeen shown before as
a potential technique. Howeverhis approach ha certainpractical concernsegardng
realworld applicatbns. Motivated by these concerngn this thesis,the following
contributions are put forward

1. The methodof evaluating NOFRFgsing inputoutput data of a nonlinear
system may experience numerical erroffis is a major concerhencethe
development ofa method to overcome these numerical issues effectively.

2. Frequency Response Analyssnot be used in its current stafier nonlinear
systems that exhibit severe nonlinear behavioAithough theoreticallyit
has been argued thdhis is possibleeventhough,it has been impossible in
a practical point bview. Therefore, the possibility and the manner in which
Frequency Response Analysis be conducted for these types of systems is
presented

3. Developnent ofa System Identificdon methodology to overcome the issues
of inadequately exciting inputs arappropriately capturing system dynamics
under generatircumstance®f Condition Monitoringand Fault Diagnosis

In addition to the abovgthe novel implementation of a control stems analysis
approach is implemented in characterisiogrrosion, crack deth and crack lengtton
metal samples. The approach is appliethe data collectedusing a newly proposed nen
invasive Structural Health Monitoring method called RFID(Radio Frguency
IDentificatior) wireless eddy current probing. The control systemslgss approach
along with the RFID wireless eddy current probing method shbeglear potential of
being a new technology in nanvasve Sructural Health Monitoring systems
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Chapter 1

Introduction

1.1 Background

Fault Diagnosi¢F-D) andCondition Monitoring(CM) is a vital aspect afiechanical
systems, electrical systems and structures. The significahdanely identifying the
occurrence of faults, its type, location and severity in engineering systems is immense and
vital. This is due to the high costsattare to be carried fromevere damages owing to-ill
timed maintenancelue tonot being able to idntify faults beforehand1].

This is done mainly for thed of safe and optimal operation of systeras well asts
components without ovestressing Most systems are set to function within bounded
limits or furctional conditions. Thus increasj its lifetime and efficiencj2]. At the same
time Condition Monitoringand defect detectionin systems and structures is &ty
importance to avoid any severe incidents and losses that can be experienced by carrying
out welktimed upkeep.

The procss ofCondition Monitoringand Fault Diagnosisvolvescollectingspecific
information from a sysm and evaluation of the precissondition of a systemThrough
this processan assessment dhe true confidence of the systeand itsoperations is the
main criteriaof Condition Manitoring and Fault DiagnosisThis providesa certain level of
assuranceo the operator in the applicatin of safetycritical purposesf-ault Diagnosits,
the accurate detection and isolation of faylta/hile Condition Monitoringis, the
observation of asystem for the development of faultR2], [3]. ThroughCondition
Monitoring, an assessment of the system staterélation to the progress towards fagit
and information about the system safety or its optimum operathg level can be
determined.This information can be ilizedto conduct predictive maintenance to avoid
faultsandocaurrence ofsevere break down&]. Faulttolerant functioning ad avoidince
of off-spec operations in mission and safettical applications are achieved using-o
line Condition MonitoringandFault DiagnosidVhile off-line diagnos and monitoringre
used for complete maintenance of systems and structaid]. Essentiall, there is an
important need for onlingas well as offine ConditionMonitoring and Fault Diagnosis

Many Condition Monitoringand Fault DiagnosigCM-FD methodsthat fall under
different types or schemebave been formulated. These different categsrief CM-FD
methods exhibitvarious advantages and disadvantagdsnce depending on the needs
of the appication, a suitable framework shdd be chosen3,5,6,8,9] Fom the different
CMFDschemes, the analytical type and knowledugsed schemes are the most popular
in industry am research. This is due to the advantages these schemes pd6sd8$.
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Howevae, analytical schemes, which are dateven and modebased methods, are most
widely used in practicgb], [7]. Thisis mainly due to its advantage over knowledupseal
schemes regarding the amount of prior expert knowledge required and the complexity
involved in degning knowledgéased schemes.

The use of blackox models, particuldy time-series analysis models @the data
driven identification of these models féault Diagnosisas gained particular interef]¢
[11]. This is in reason to not requiring much prior information about the physical
characteristics of the system under consideration, as thesebeaobtained from the
system inputoutput data itself{12].

Inrecent advancements @ystem ldentificatiotbased FD methods, in partiar to
autoregressive timeseries models. Some researchers have taken a control systems
approach to theCM-FDproblem. In regard to both linear and nonlinear systems, the
authors of[13]¢[19] have used the method dfrequency Response Analy$iRA) through
the Frequency Response Functi@grRFjor linear systems. While in the case of nonlinear
systemsthe GeneralisedFrequency Response Functiof@GFRFs) dné Nonlinear Output
Frequency Remnse Functios (NOFRFsf the identified system modé$ usedo extract
frequency responsbased features foEM-FD The current status of the system dynamics
is captured throughSystem ldentificatiorand the dynamics athe model are analysed
usingFreguency Response Analysi®thods. Faultsor a change in system conditions that
induce dynamical changgbus can be isolated and recognisdtis is the essence behind
CMFDthrough the metha of System Identificatiorand Frequency RespongEnalysis
This approach stems from the wadbtablished methodology of analysing system
dynamics in the field of control systems engineerifay the purpose of designing
controllers and compensators to achieve desired system resparssystem stability
in the frequency domain.

1.2 Motivation

The field ofCM-FDhas been driven towards constant development in order to keep
in pace with the development of more complex aadgescalesystems and structures.
This is also motivated by theffort to minimise the disadvantges incurred by currently
available technigug forCM-FD The recently proposed method of using a control systems
approach ofSystem Identificatiormand Frequency Response Analylas been one such
effort for CM-FD of engireering systems and structuregspecially in the case of
nonlinear systemsThis is because in the case of nonlinear systehgscurrently available
modetbased techniques are mostly based on linear systEmdt Diagnosif20], [21]
thus cannot be easily applied and is a relatively diffimagk[22]. In order to overcome
these issues with moddlased methods, techniques based pultivariate statistics and
expert systems hae been under studfd], [23]. However, these techniques usually do not
considerthe dynamical behaviour of the systerfiherefore overdooking features that
could be used pentially for additional insighinto the dyramical characteristics of faults.
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In this contextthe approach oBystem Identificatioof blackbox time-series models
avoid the requirement of much prior knowledge oktlystem and overcomes the issue
when phenomenological modelling is difficult. Furthermore, through tReequency
Response Analysi$ these identified timeseries modelghe dynamic nature of the faults
can be interpreted in the frequency domaithus, obtaining credible fault features.

Sysem ldentification(Sl)strategies for nonlinear systems tinseries models is well
established and thus have been used in various-neald applications[24]. The
Frequency Response Analy$iERA)of these nonlinear models using the GFRFs and
NOFRFs have been under the subjecseferal studie$13], [18] In comparison, wih
regard toCM-FD the NOFRFs are preferred to the GEREsause of its ongimensional
nature compared to the mulilimensional GFRF This is because the NOFRFs can be
interpreted and evaluated with easmmpared tothe GFRH4.9]. Therefore the NOFRFs
are more practical in embedded implementatiotdowever, in the previous studies
conducted on theSland FRAapproach toCM-FD in both linear and nonlinear systeims
some practical concerns involved have beeartboked.

In order to capture the systm dynamicsappropriately usingsystem ldentification
the systemusuallyhas to be persistently excited. However, inadequate inputich do
not persistently excite the system are commonly present and at times rptbém be
done about this. This is beese CM-FDhas to be carried out without interrupting normal
operations of the system by feeding different inpy5]. Furthermore, the dynamic
model resulting from th&ystem ldentificatioproceduresshould be able to dynamically
reconstruct the system from the datan order for the model to be ralysed in the
frequency domain accutaly. The accurate dynamical reconstruction of a system from its
data, especially in the nonlinear case, depends omageispecifics of a suitable choice
sampling time and the order of the mod@6]¢[28]. Such concerns are related $ystem
Identificationexplicitly have ot been considered in previous studieghe context ofCM
FDusingSystem Identification

In the context ofFrequency Response Analysis nonlinear systersy using the
NOFREghe algorithm for extracting NOFRFs using input and output data of the system
or a model of the systerf9] has nunerical inaccuracief30]. Therefore the NOFRFs
evaluation has to be done using appropriately chosen gains in the input datawillhis
hinder the process of automati€M-FD Furthermore, when considering nonlinear
systems that exhibiseverenonlinear behaviourVolterra series based methogsuch as
the GFRFs or the NOFR¥ese not able to be appliedrhis is because the Volterraries
does not have a convergent solutioroand severe nonlinear behaviour. However, it has
been argued that in theorya truncated solution should exist giverethise of a very high
order of nonlinearityf31]. The GFRFsannot be used becausd# the computational effort
concerning higar-order nonlinearitiesand the NOFRFs cant be usedbecause of
numerical inaccuracieattained when using higher orderonlinearities thus causing a
limitation.

The Sl and FRA approaclabtFDhas shown to bef clear potential in the previous
studies However, the concerns mentionglimits the use of this approach in widéiv
FD applications. The present study is concerneith overcoming these practical
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concernsthat are present in the methd and to estabish the SI and FRA method@d#+

FD Additionally, an embedded application of NDE&T (Nhwstructive Evaluation and
Testing) or nosinvasive technique for SHM (Structural Health Monitoring) will be
undertaken. The SI and FRA methodOFDwill be appliedto a recently proposed
NDE&T technique ofiweless eddy current probing for nenvasive SHM through the use
of RFID (Radio Frequency Identification) techno[88Y, [33]

In [32], [33] the respective athors used features from the timseries signal of the
RFID system to distinguish between different stages of corrosion and different
progressions of cracks. Even though tidmmain features wereable to be usedn a
controlled laboratory environment, three timedomain features are highly susceptible to
even very low noise levels and other external disturbafi@és Furthermore, the circuitry
in RFID systemis vulnerable to noise when operated in the outside environmf].
Therebre, to overcome this issue in the practicaof applying this NDE&T method is of
importance thus the proposition of applying a SI and FRA approach.

Through this implementation of the SI and FRA metho@KkbFDin the context of
SHM though wireless edy current probing via RFID technology,cvel SHM technique
is presented.

1.3 Aims and djectives

The main aim of the research undertaken is to optimise the Sl and FRA approach to
CMFDin relation to the concerns mentioned in the pieus section. Aus, facilitating the
use of this approachenerally in the wide€CM-FDproblems.Consequentlyapplying the
optimised method to RFID baseidreless eddy current probing approafdr non-invasive
SHM to result in a new method of corrosiomdecrack detectin in metallic structuresTo
accomplish tis the key objectives will be perused

1. Examine the concept of NOFRFs amtbress the issues of numerical
inaccuracy present in the current method of evaluating NOFRFs using input
output data of a gstem or a model

2. Investigate severe nonlinear behaviand themethod in which theconcept
of NOFRFs can be applied for the analysis of these types of nonlinear systems.

3. Developa System Identificatiormethodologyaddreséng the concerns of
inadequate inputs and dymaical reconstructionThusin combinationwith
Frequency Response Awsis a widely applicabl€M-FDmethodology

1 Realise thespecificsthat can be usedfor accurate dynamical
reconstruction of system behaviour in the form of tirseries black
box modes.

1 The approach tdSystem Identificatiorthat needs to be taken to
overcome the issue of inadequate excitation inputs.
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4. Develop anovelmethod to SHM by th@nplementation of the RFID NDE&T
technique coupled with SI and FRA approach to CMFD for the
characerisation ofcorrosion and crackin metals

1.4 Thesis @erview
The thesis is organised into 8 chapters in the following manner;

1 Chapter 2provides a brief overview of common terminology used in the field
of CMFD and introduces the recently proposed approach of antwls
systems analysis approach®fstem Identificatiomnd Frequency Response
Analysis The chapter briefly overlooks the advantages and disadvantages of
different types ofCM-FDmethodologies while highlightathe significance of
hybrid approaches.

1 Chapter 3 provides an overview oBystem Identificatiorprocedures.A
description of lirar and nonlinear systems in the tind@main is introduced
and model structures that can be useith these systems are reviewed. The
mainsteps inSystem ldentificatioarereviewed with different methods used
in each step. Two of the commonly used mosilicture selection criteria
are discussed.

1 Chapter 4 introducesthe theory of Frequency Response Analysidinear
and nonlinear systems. The description oftbtihear and nonlinear systems
is provided and the characterisations of the output frequency response in
relation to these systems are reviewed. The FRF useldracterising linear
system frequency 1gponse and the GFRFs and NOFRFs which can be used to
describe nonlinear systems in the frequency domain is discussed. The
concept of NOFRFs $ibeen discussed in detail because of the use of this
method in theCM-FDof nonlinear systems in this thesis.

1 Chapter 5focuses on a new effective method of extracting NOFRFs that can
be used with ease with just the inpoutput data of nonlinear systems. This
new method is named as theMS méhod for evaluating NOFRFs. Thel®
methodis shownto extract NOFRFs with significant numerical accuracy than
the original method. The accuracy of the new method is demonstrated under
two cases of inputs, general bandlimited and harmonic instandéss
chapter also demonstratedhe exstence ofa truncated convergent Volterra
series of extremely high order around severe nonlinear behaviour that was
previously only argued theoretically and was deemed impossible or
impractical to achieve practically. $hwas shown using the NOFRFscivig
basal on the Volterra series, evaluated using theL® method. This is a
significantmanifestation ofthe numerical accuracy the M-LS method and
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the efficiency of using the NOFRFs for nonlinear systems analysis now
possible in the case of severeniinear kehaviour.

1 Chapter 6presents an identification methodologlpased on other previous
works that can be used @M-FDmitigating the concerns mentioned dier
in Chapter 1Sectionl.2. Therefore,a new identification methodology which
is an extension to an already existing method is proposed to produce models
that tend tobe dynamically optimumFurthermore, some steps thaeedto
be considered when usin§ystem Identi€ation is introduced in order to
address the issues mentioned@hapter lof this thesis.

1 Chapter 7 presents a novel implementation @ystem Identitiation and
Frequency Response Analysis a recently proposed new technology called
Low Frequency (LF) RFID wireless eddyent probing for norrinvasive
SHM It is shown through characterisation of defects on metal samlEs
RFID wireless eddy curterprobing technology coupled withSystem
Identification and Frequency Response Analybasthe clear potential of
being anew technology if6HM

1 Chapter 8provides concluding remarks for the work presentedhis study
and the future direction of research headifrom the work are highlighted.

1.5 Summary ofcontributions and research outputs

Novel contributions that stem from the work conducted in the current study are listed
below:

1. Chapter 5 A new and effective method that mitiggs the numerical
inaccuracies of the original methoof evaluating NOFRFs using just the
system inputoutput data has been developed.hd& numerical accuracy
achievedy this method is demonstrated under the insta of two different
types of inputs geneial bandlimited and harmonic inputs. It is shown that
the new method (MLS method) evaluates NOFRR significant accuracy.
Therefore the NOFRFs can be used to decompose the output of a nonlinear
system to itsrespective output nonlinearitiesin the frequercy domain
Hence tofacilitate practical nonlinear system analysis with applications
including engineering systerfRault Diagnosisind SHM. The chapter also
presents for the first timgthe existence of a comvgent Volterra series
around the regions of seere nonlinear behaviour. Such an existence was only
theoretically argued in the literature and was considered impossible or
impracticalto achieve. This jdecause of the extremely high order required
to reach such a convergencdue to the computationakefforts needed.
Therefore, in previous studigshe regions of severe nonlinear behaviour
were not possible to be studied in a puférequency Response Analysis
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framework. However, explicitjpecause of theaumerical accuracy attained

by the MLS method ad the NOFRFs being ecdanensional Volterra series
based frequency functionslt was demonstrated practicallythat a
convergent Volterra series indeed exists in severe nonlinear cases because of
the convergnce achieved by the NOFRFs. This enables thly sff severe
nonlinear behaviourin aFrequency Response Analysemework and the
analysis, design arfeaut Diagnosi®f such systems.

Chapter 6 This chapter proposes ava method toSystem Identificatioyin

the formof extending an already existing methaual order to achieve models
that tend to be dynamically optimunfurthermore, in &M-FDpoint of view

a novel System Identificationmethodology is proposed in considng
previous work done in the field ddystemldentification to address the
concerns mentiond in Chapter 1of this thesis. These concerns specifically
relate to usingSystem Identificatiofior CM-FD Addressing these conces
facilitates the use of a conbl systems arlgsis based approach tOM-FD
through System Identificatiomnd Frequency Response Analysis

Chapter 7 In this chapter the initial investigationof potential new
technology inSHMis presented. Data on metal samples areexittd using

a recently proposed technology on namvasiveSHMcalled LF RFID based
wireless eddy current probing. The data is processed and features are
obtained usingSystem Identificatiomnd Frequency Bsponse AnalysiShe
results obtairedillustrate aclear indication of this new implementation being

a potential new technology in the field &HM

Based on the work conducted ®hapter 5 on the formulationof the M-LS method. A
conference papehas beeracceptedand published.

T S.R.A.S.Gunawardena and Z. Q. Landg:ffective Method for Evaluation of the
Nonlinear Outpti Frequency Response Funcsioffom System Inpt®utput
Data" 2018 UKACC 12th Intextional Conference on Control (CONTROL)
Sheffidd, 2018, pp. 134.39.

Furthermore, on the work presentdd this chapter regarding the use of NOFRFs on the
analysis of seere nonlinear systems will be presented in a journal in the future.
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Chapter 2

ConditionMonitoring and Fault
Diagnosis; Brief Overview and a
Control Systems Approach

2.1 Introduction

Throughout the developments in the fikbf CM-FD basic terminology and concepts
have beenintroducedto categorisedifferent types of faults and the different stages
involved inCondition Monitoringand Fault DiagnosisThe chaptebriefly overlooks at the
different terminology used and varigs approaches td-ault Diagnosiand introduces the
recently proposed contradystemsanalysisapproach toCM-FD The main focus on the
work undertaken in the current study is this new approachdvantages ath
disadvantages of the currently available ahdindustry standard methods t&€M-FDare
reviewedin briefand the use of hylid versions of these approaches are highlighted. The
control systems analysis based approach Syfstem Identificationand Frequerty
Response Analysisould be looked atin the perspective of being one such hybrid
approach, in which being a purely dadaéven, modelbased signal processing method.

The clear potential of the new approach is highlightespeciallywith regard to tre
dynamic nature of faults. Faults and -sfiecconditions induce dynamic changes to the
system concernedAs suchthese dynanic changes can be observadd analysed using
a systems perspectivia which the system is considered in its entirety as a bbaok This
systems perspective t€M-FDis the mdivation behind the use of a control systems
analysis approach to diagriog faults and the monitoring of the current condition of
engineering systems.
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2.2 A brief overview of Fault Diagnosis isolation ard
Condition Monitoring

The process of diagnosifaults can begenerally broken down into three important
steps[1], [5], [7]

1) Fault detecion.
The stage at which it is detected whether a problem has arisen or is about to arise.
In this particular stagehe root cause of the fault is not establesth
2) Fault isolation
Using theinformation collected from the systenthe procedure of classiation
of whatindividualfaultsthat have occurreds determined in this stage
3) Fault analysis or identification
The procedureof identifyingthe root cause of the fauls carried outvhereeither
preventive or remedial measures ddube taken.lt is inthis stagethe type of
fault, its severity and locaiih are determined.

In particular towhat functions &ault Diagnosisystem povides the process iknown as
Fault Detection, Fault Detgion and Isolation(FDI)or Fault Detection, Isolation and
Analysis(FDIA)7]. In the literature however, at times both FDI and FDIA are commonly
referredto as FDI.

Faultsthat affects a systemasa whole can be categorically separaténto two main
types;

1 Additive faults.
These type of faults affecessystermas anadditionto the system output by an
external influence Essentially the fault signal is added to the egstfor
example a sensor falt.

1 Multiplicative faults.
This type dfault acsas parameter changes the system where the fault
influences a variable as a multiplicatidrhiscan be translated into an internal
componentof the systenbeing affected

| FTM
Fault

Output
—»| System ’Dé—b InL System 4»;3
Input Output

Figure2.1: Example of an additive fault (left) and a multiplicative fault (right).
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Faults are further categorised within the above mentioned twodgpaccording to the
time dependency of a fau8] as follows

1 Abrupt fault: Fault takes the formas a stepwise function. #ffects the monitoring
fault featureas a bias.

9 Incipient fault Fault increases in a linear manner as time increases, such as a
ramp.Brings about aft effect onthe monitoringfeature.

91 Intermittent fault: A collection of implses with different amplitudes.

faulth  change of
feature f=AF
—>

Process

fT a ’b;-’ fT c
o0,
t t

Figure2.2: lllustration of the effect of the timedependent behaviour of faults on the
monitoring fault feature f. (a) abrupt fault, (b) incipient fault and (c) intermignt fault
[36].

Throughou the literature[1], [4], [7], [36E[41] the performance ofCM-FDschemes
are determined by the concepts tHult detectabilityandfault isolability,

9 Fault detectability Detectability of faults in th@resenceof noise, uncertainties
and unknown disturbances.

1 Faultisolability (ability to isolate a fult): Clear identification and classification of
a fault that has occurred, even in the presence of other fault occurrences.

Expanding upon these two comis the respective authors ¢i] and[4] have outlined
the desirable qualities that should be expected from a fault diagicsystemAcomplete
CMFD framework should possesshese quadities to be considered as a godM-FD
method [4]. These qualities are reflected throughout evemage of the Condition
Monitoring and Fault DiagnosiprocessThe significant ones that generally apply to most
techniques are summarised below.

1 Quick detection and diagnosiibility to detect and diagnose faults in a timely
fashion.

Precise isolationAbility to clearly distinguish between the occurred faults.
Rolustness:Accuracy of diagnosis in the presence of noise and uncertainties.
Novelty identifiability: Identification and classification of unknown or new faults.
Classification error estimateAbility to identify the reliability of decisions given.
Adaptability: Identifying and easy adaptation to changing environments that
could change operating conditions.

1 Explanation facilityCapability to clarify the reason ftre faults thathavearisen.

= =4 =4 -4 =9
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1 Multiple fault identifiability: Identification of multiple faults tha occurred
simultaneously.

2.3 Outline of different types of Condition Monitoring and
Fault Diagnosischemes

Condition Monitoring and Fault

Diagnosis
|
v v v v
Hardware - .
Redundancy Plausibility Datadriven Model-based
test methods methods
schemes
v Y v
Multivariate Signal Knawvledge
statistics processing based (expert
based techniques systems)

Figure2.3: Classification oCondition Monitoring and Fault Diagnossshemes

ConditionMonitoring and Fault Diagnosischemesand methods can be categorized
as shown irFigure2.3. From these different CM-FDschemes that are wedtstablished in
the industry, the most popularmethodsof CMFDI[1], [6]c[8], [22], [23], [42]are briefly
summarigd as follows;

1 Model-basedCM-FDmethods in general contaisia bank of modelén whicha
nominal model (no faults) and different fault models (each mod®itains a
complete system model with a specific fault inddtare run in parallel with the
actual system to generate a residual vector, where a set of residuals or errors
between each model output in the model bank and the actual system, is used for
FD.

1 Multivariate statistics basedCM-FD methods rea-time data fromthe system
inputs and outputs are comparedsing multivariate statisticsvith a bank of
system inputoutput datathat is already availableThis bank of dat@ontains
data from nominal opertgons as well as specific fault operations.

1 Signal processingnethods use traditional signal analysis tools, such as signal
frequency spectrum, on the system output for FD and CM.

1 Knowledgebased CM-FD methods usng expet knowledge about the system
and its faults to diagnose faults using neural networks, fuzzgsysetc.
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A brief oveview of the different pros and consof these CM-FD schemes are
mentioned inTablel. Various developments are taking placettie field of FD and CM
and numerous techniques are being propddgor eliminating many of the disadvantages
present in current methods. However, many drawback®l exist [5]¢[7], [43] and
continuous improvements in FD and CM methods are required to overcome these
disadvantags. This is in reason to keep in pace with the development of more complex
andlargescalesystems in the industry.

Tablel: Pros aand Cons ofault Diagnosischemed5]¢[7], [42], [44]

Fault Diagnosischeme | Advantages Disadvantages
Hardware redundacy High reliability High cost
scheme

Directfault isolation

Plausibility test Faults can be categorized according Limited efficiency in
to physical laws complex systems

Less adaptability

Less novelty detection

Modelbased High effectiveness idynamic Efficiency limited to the
processors details h plant model
embedded

Robust against noise and uncertaint Input signal not exciting
depending on the observer thatis | all dynamics
used to identify faults

Less novelty detection
in physicamodels

Multivariate statistics Ability to handldarge amounts of Availability of large
based high dimensional data amounts of data

Requires lesser prior information Mainly applied to static
about the process processes

Signal processing Efficiency irsteady state situations | Limited efficiency in
dynamic gstems
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Not robust against noise
or disturbances

Knowledgebased Applicable in situations where high | Expert knowledge abou
fidelity mathematical models are nof faultsisrequired.
available.

Rolust against noise and Overfitting of data
uncertainties

Training of complex
model structures

An idealCM-FDframework should be robust against noise and disturbances while
maintaining sensitivity towards all types of systanide faults. Furthermorethe
framework should be sensitive to significant chamga the system to monitor its
condition or progression wards faults. These could be system wide parameter changes,
sensor faults and other additional system component faults. However, this should be
achieved without any occurrences of false alarms tilgting false conditions about the
system[5¢10,12,26,27] These considerations are a reflection of the qualitieSN&FD
method should attain as discussed in the previsestion.

Achieving the abovenentioned considerationsire at times a compromise in the
individual FD schemesolFinstance, modebasedFault Diagnosisystems require prior
information about the system and possible faults to build accurate models fut tault
detectability and disturbance rejectio[87], [46] Whilst multivariate statistics dsed
methods at times require large amounts of data depieigdon the complexity of the
system. This data has to contain both healthy state and faulty state data in order to
identify faults utilising mibtivariate statistics[6], [47] However,[6], [48]c[51] have
proposed new hybri€ M-FDschemes through the integration of dathiven methods for
fault isolationand modelbased methods for fault detection to attainggod compromise
between the qualities mentioned beforehé&refore, the hybrid methods foEM-FDare
designed in such a way that they utilise the advantages of more than one methodology to
overcome sore of the individual disadvantages in each respectiveese. Thusmuch
of the research in the field is concentiea on these hybrid techniques to minimize the
disadvantages of individual FD scherffgs[52], [53]

Hybrid CM-FD techniques based ondatadriven model parameter estimation
approacles have been introducedin the past decade or so and is progressindgé¢oa
popular area ofresearchin the field[15], [45], [54[60]. These range from subspace
identification techniquesused in extracting statepace model$14], [61k[63], to System
Identification techniqueswhich are used inthe extracion of linear and nonlinear
autoregressive time series modé§y, [45], [52], [54], [55], [64]These identified models
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are uilizedfor the purposeof fault detection througreither residual generation between
the model and the actual systenr as parameter comparisori§]¢[8], [10], [25], [45],

[65]. This is similar to tratibnal modetbased FDI methods howeyehe modelin these

methods areextracted through datadriven model identificationechniques. In traditional
model basedFD| the model is obtained throughordinary differential/difference

equations (ODEs), which are derived frphysicé equations andifst principles

The following section of this chapter Wibriefly discuss some of the recent
developments of the datariven model identification approaches f@M-FD This section
alsoaims to introduce a nevdata-driven approat for CM-FDthat has bea recently
proposed. This new approach is basedanethodused in the field of contrangineering
for frequency domain analysis and design of control systems.

2.4 A control systems analysis approach t&ondition
Monitoring and FaultDiagnosis
A system pengective, system viewpoint or systems approach, is obseallrige sub

proceduresor subprocesses or subystemsawithin as one whole entitygonsidering only
the main inputs and outputf66]¢[68]. The figure below illustrates thiwiefly.

1 }
} 1
Sub /Subsystem- (SP

i ubprocess/Suksystem- (SP) Sp3 i

Main | » SP1 SP 2 _l |
} - 1

Input i " < :) .
1 ! Main
E SP 4 J E Outputs
1 1
1 +—»
L o o o o o e e e mmm e m - 1

Figure24: 9 EI YLX S 2F | LINROS&a | y Rperspécive ahe

dotted box indicates that completimternal subprocesses are to be considered as
one system. Theub-processes or the subystems contained within the whole proc
are denoted as SP

Langet al.in [66] presented a systems approach to PEC (Pulse Edde@ubased
NDE&T for structural defect detection, where a dali@ven parameter estimation of a
continuoustime transfer functiormodel was first extracted and its parameters were used
as fault specific feates. UsuallyPEC based NDE&T methods utilimdy the output
response of the PEC probe for diagn¢8&. The proposed method ii66] uses both the
excitation input and the system response for feature extractiyridentifying a model
and using the model parameters as fault specific features. SiyiMunozet al.in [69]
proposed arultrasoundbased NDE&Technique coupled with ARX models to diagnose
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structural faults in wind turbines. This was conducted utilizing residuals generated
between an ARX model and the actual systenputs. The ARX modekedwas identified
whenthe system was in a nominal stade normal state Sructural faults were identified
when the mean of the residuals generated deviates from zero. In the same manner
Fassoigt al.in [14] have used the ARX model based residual generations to identify faults
in structures subjected to vibrations.

In the case ohonlinear systemd~ault Diagnosistudies have bee conducted using
the NARK model Dimogianopoulogt al.in [56] have utilised MRX models fahe Fault
Diagnosi®f aircraft systemsTheauthorscarried out the diagnosis of faults liging the
degree of correlationn the residuals between previouslyidentified system- nominal
state NARX predictor modeind the actual systeroutputs. Furthermore the authors
presented another method ithe same paper where the residuals were used to identify
a NAR (Nonlinear AutBegressive) modelhe parameters of the NAR modate then
compared with baseline NAR parameters tbe diagnosisof faults. A similar Fault
Diagnosisnethodfor sensor and @uator faultsin automotive enginebased on residuals
generated between &ARMAX modeadf the nominal system and the actual systeras
presented byKrishnaswamet al. in [70]. However, in this method the residuals were
processed using a certain form of nonlinear parity equationshfediagnosis of faults.

Blackbox timeseries modelssuch as ARX and NARX mod#dsnot require much
prior information about the physical characteristics of the systendemnconsideration, as
these are obtained from the system inpatitput time-seriesdata itself[12]. This is
because timeseries models are based on the correlations between the signals involved
with the system. Hengahe progress of the dynamics or states bétsystem in time is
related to the past changes of theserrelations backwards in tim§4], [71], [72]
However, it is a weknown fact that a discretéime representation of a cdinuoustime
system does not have a uniquelstion [19], [24], [72] Especially in the casd# nonlinear
systemsthere may exist more than one solati to the identification of the moddR4].
Butgiventhat, the modelidentification is doneppropriately,and the model can correctly
capture the dynamics of the systemThe corresponding frequency response
charactersticsremain unchanged for all local solrns[19].

Frequency domain characteristics oh dnput-output system ha&e a direct
relationship to its dynamics. This relationship has been used in the field of control systems
engineeringto conduct Frequency Response Analysisdynamic systems-requency
Response Analysiss a well-established methodiogy of analysingand interpreting
system dynamics for the purpose of designing controllers and compensators to achieve
desired system responses and system stalilig}jc[75]. Hence by means ofFrequency
Response Analysid anidentified modelof a systemthe dynamics of thactualsystem
can be observéin the frequency domairConsequentlyfaults and other &f-specification
conditions thatinduce dynamic changes in a system can be detectedbisgrving the
frequency response of the systerihus the frequency domain characteristias the
systemcan te used adault inspecting featuresThesdeaturesare directly linked to the
system dynaricsandwill be fault specifisince aultsor off-specification conditionshay
dynamically affect the system significantly at certain frequencies relative to ¢aloés.
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Because of thisa dynamic interrelationshipetween the inspecting features and the
faults could be comprehendedhich will be beneficial in fault isolatiariTherefore, the
system frequency response is a betgproachand fault featuresobtainedfrom it are
better fault indicatorsthan the directuse ofblackbox models folCM-FD[19], [24] As a
result, a comprehensive CM-FD framework for dynamic systems based oBystem
Identification and Frequency Response Analy$ias clear potential Such aCM-FD
framework essentially captures tleeirrent status ofthe system dynamics the form of
a timeseries moel through System IdentificationThese dynamicsre observed by
projecting the identified modelto the frequency dmain usingFrequency Response
Analysis Therefore,any dangesto these dynamics are aervedvia the Frequency
Response Analysid the model.If faults and different offspecification conditions of the
system induce unique dynamic changes in the given system, then these faults and
conditions could be detected and isolated successfiligure2.5 illustrates the basic
layout of such a frameworkt should be noted that this type &@M-FDmethod is only
used for multiplicative fault types, i.e. faults that affect the internal poments of a
system.

TheFrequency Response Analyaighe identified model isonducted depending on
the complexity of the timeseries model obtained. In the case of linear atggressive
models, the welestablishedFrequency Response FunctoFRFs) are used for the
Frequency Response Analysithe etensions of the linear FREsthe nonlinear case, the
Nonlinear Outpufrequency Response FunctiofNOFRFSs), first proposed28], isused
for the Frequency Response Analysisioninear auteregressive models.
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Figure 2.5: Basic layout of a&CM-FD framework based onSystem Identificationand
frequency response analysiShrough System Identification the current status of
system dynamics is captured in the form of a tisezies blackbox model (ARX/NAR
The blackbox model is then projged to the frequency domain via the frequel
response analysis of the model fF#ROFRF). The features extracted from frequ
response analysis is then compared with a set of prior obtained baseline featu
processing and diagnosing faults.

24| Page



2.5 Summary

This dapter aims to briefly introduce the terminologies and cepts that are widely
used in the field ofCondition Monitoringand Fault Diagnosi€stablished approaclkeo
CMFDis overviewedn briefwith regard to the various advantages and disadvget
the respective methods posses3he current progress in CGKD using System
Identificationis covered in detail to illustrate the current state of the art in this type of
FDI method and its advantageBurthermore, the chapter introduces the recently
proposedcontrol systems analysis approach@d-FDthrough Systemidentificationand
Frequency Response Analy3ise feasibility of such a GND methodology was discussed
in a qualitative manner. This was with regard to the unglag essence in a control
systens analysis approach and the dynamic changes faults argphetf conditions induce.
The chapter overviewed the current progress of-EBlthrougtsystem Identificatioand
Frequency Response Analysigile highlighting studies that have experimentally
validaed this concept for practical application¥he current stdy focuses on this
approach in the context of the concerns highlighte€imapter 1
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Chapter 3

Introduction to System ldentification

3.1 Introduction

System Identificationis concerned with obtaining mathematical moslef dynamic
systems fromthe input-output data obtained from the system Essentiallythe
mathematical models attainethrough theSystem Identificatioprocessshould be al#
to map the input data to the output data diie system[24], [72] In addition it is crucial
that the model shouldbe able toprovide a @scription of the underlying system
behaviour in order to conductan analysis of the system dynamjder the purpose of
design, contro[76], [77]andFault Diagnosif].

This chapter aims to provide anttine of the process of linear and ndimear System
Identification in the context ofdiscretetime blackbox modelling As mentioned in
previous chaptersin line with the research conducted inhe current studyfor the
purpose ofCondition Monitoringand Fault Diagnosjshe system is considedeas a black
box. This is becausen the modelling procesavhen the system is regarded as a black
box, knowledge othe physical properties of theystam are not consideredSnce the
underlying system dynamicsvill be captured within theblackbox model during the
identification processThe knowledge of the physical nature of the system or its falt
not completely required as this will be obtaingdri theinput-output datagenerated by
the system Alsq the use of blackbox models wi facilitate the analysis of system
characteristics which cannot be easily represented using physical equgBiphnd2].
Various ypes of blackbox model stratures under different model classes such as; linear,
non-linear, timevarying, timeinvariant, discreteime, continuoustime, parametric, non
parametric, etcare avalable[78].

In line with the reseatt undertaken and the work presented, this chapter reviews a
number of linear and notinear, discretetime parametrig blackbox model structures
Because of the use of parametric modalsd since the parameters are estimated from
dataparameter estimatiorand model structure detection ataoth significant. Esser#lly
for accurateCondition Monitoringand Fault Diagnosisihe System Identificatioprocess
needs to capture thérue dynamics of the systeritom the inputoutput data. This has a
direct relatin to the model structure detection stagsmdthusattainingof a parsimonious
representation of the systerf24], [68], [72] Therefore the model struture detection
processis of vital importance and is the most challenging stage of the identification
process. Model structure detection involves in selectirgsignificanset ofmodel terms
by searchindrom a ol of terms, whiclcanbestdescribe tke inputoutput reldionship
of the system in a parsimonious mann&here are a number of commonly used model
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structure detection search methods. These methods use certain criteria for the selection
of terms. The ctéria utilized - in these search methodgsually come undetwo main
modelling objectivesnamely Predicton Error Minimisation (PEM) and Simulation Error
Minimisation (SEM[R4], [72], [79], [80] These common search methods and the criteria
used for model structure detection are aldscussed.

3.2 The dynamic nature olinear and nonlinear systems

Given that a system is timiavariant, i.e. the dynamic properties of the system
remairs unchanged over timeand that it satisfes the superposition principlecan be
defined as lineatime-invariant (LTIBystems[72]. Moreover,given te LTI system is
casual, where the output at giventime is depeneént only on the input up to thapoint
in time. Then for timet , the system can be well described a onvolution between the
impulse responsen(t) of the system and the input signa(t) as

y( = ph)ut-yd 3.1

t=0

where y(t) is the system output ands is a time delay indexThe impulse response

defines the time domaicharacteristics of the systeand it is the response of the system
when excited by unit impuke. Traditionalsystems theorypased on LTI systernssa well
established area of researcHowever,it should be noted thatisually the LTI property
of a systen is an approximation which @ten justified

Nonlinear systems are broadly defined as syssahat do not hold the superposition
principle and the behaviour of such a system is much more comipigke case of LTI
systemsthe output frequency comporas ofthe output responseare the same as the
input. However, in no#linear systemghe outpu responsasmuch richer in its frequency
componentgthan therespective input signallhis is because nonlinear systems have the
ability to transfer energy beteen frequency componentand also to frequency
components thatare not present in thenput sgnal [29]. Norlinear systems catve
described in the time dmain, by extending the concept of convolutional integrals for LTI
systems, equatiofi3.1), by a series of muHilimensional convolutio integrals known as
- the Volterra series. A class of nonlinear systems that are stable at zero equilibrium can
be explained by the Volterra series in the neighbourhood of the equilibrsishawnin
eguation(3.2) below.

v = & %0
" (3.2)

+ o + o

WO = f i DO - )

- o

where h (¢,,---, 1) is known as then" order Volterra kernel representing the time
domain characteristics of the™ order system nonlinearityy(t) is the systenoutput,
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u(t) isthe system input y (t) is called then™ order nonlinear output or the output of
the n" order nonlinearity of the system where=1,---,N and N is the highest order of
nonlinearity[81].

3.3 Theprocedureof System Identification

As mentioned befar System Identificationinvolves in the development of
mathematical models for dynamic systems to attain two main objectives;

1 Accurate mapping of the input(s) to the output(s) of thgstem under
consideration with the abilityo predictnew and unseen dat

9 Capturing the unddying dynamics of the system within the model.

The latter objective is of vital importance in the contexiQiftFDas systerrwide faults
and changes in the coritin of the system affect the system dynamfseeSection2.4 of
Chapter 2. Therefore,the identification pocedure needs to be able to cape the
dynamicsof the given systemacarately in order to precisely ssess the system
operational conditions

The methodical approach tBystem Identificationvolvesthe solution offour key
problems[24], [72] These key problems arat times solved togetheror iteratively
depending o the type ofidentification algorithmand the strategyused[24], [72], [74],
[82]¢[87]. These far steps are summarised below and will diecussed in detail in the
following sections.

1) Structure detection
Depending on the type of system and the data acquijr@etermination of an
appropriate structure thaparsimoniously maps the inpwtutput variables.

2) Parameter estimation
For a given modestructure the estimation of the parameters that weight
each model term

3) Model selection
Selecting the best model that attains a good biasiance compromise from
a set of competing models.

4) Model validation
Validation of the selected model in accordawith performance criteria and
validation testdo attain confidencen the model depending on the intended
purpose of modelling
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3.4 Model structure representation

The Systemidentificationliterature offers a varietyf different blackbox modelling
structures such gd/olterra series, neural networks, fuzzy models andst bblinear and
nonlinear auteregressive timeseries model structureg4], [72], [88], [89]are to name
a few. The scope of thisverview will focus on the different discretame blackbox model
structures tased on linear and nonlinear autegressive with exogenous input type.

Considering the types of model structures reviewiedthis section the System
Identification task is to ihd a certain functional mapping from the past inputs,
ut-1) fu@),u(2);--ut 3 and past outputs,y(t- 1) fy@),y(2);-,yt 1] to a
future output;

y(O=f(u(t 1),y 1)) et) 3.3

where y(t) and u(t) are the output and input respectively and(t) is the eror
between the predicted outputf (u(t- 1),y -1)) and the actual outputy(t) at the
time samplet .

3.4.1 Linearblack-box models

Acommonly accepted standard Bystem Identificatiof a generic linear blaefiox
model structurg[72] is shown in equatioK3.4) below.

B2y + A2
F(2 A2 D3 A%
where u(t)i R, y(t)i R and (t) are the discretised inputputput and noise signal
respectively at the time stept. z! denotes the backwad shift operator where
z YY) =yt 41). The noiseg(t) is assumed to be independent, zemean andwhite.

y(t) = g9 (3.4)

A9 =1 +qz* + » g z

B(2) = hzt + » -Q yads

C(9=1+gz" + » gz~ (3.5)
D(z) =1 +dz* + »d zv

F(2) =1 +fz* + » f 2™

where {ai,---,ana Beb G de g e ,f]f}l' R is the set of model
parameters that appropriately weights the relevant lagged input, output or error terms.
n,, n,, n,, ny and n, are nonnegative inegers which relate to the orders of the
relevant polynomials and are usually known as the model ordetee modeldynamc
orders. In addition equation(3.4) can be further simplifiecs
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B(2)

6D = tyns (3.6)
__ C(2

where G(2) is the input transfer funton that describes the dynamics of the system
which mapghe input u(t) to the output y(t) . Usuallythe obsered output may contain
additive noisgdue to sanpling errors etg.andother externaldisturbances \wich arenot
related to the system being excited the input u(t) , i.e. uncorrelated disturbancgs?2].

It is assumed thaall such extraneous behaviour to be described gy tational transfer
function H(2) .

Some of the most commotinear blackbox mode$ such as the Autd&Regressive
model with eXogenous input (ARa€)d theAuto-Regressive Moving Averagedel with
eXogenous input (ARMAX) can be derived from the generie@septation in equation
(3.4) as shown below.

ARXmodel: By equatingC(2) = D(2 =K 3 Xin equation(3.4);

v = 22 u 4Ly (38)

is the ransfer function description ahe ARX model. By substituting appropriately from
equation(3.5) into equation(3.8) and rearrangingthe time-seriesrepresentationform
of the ARX modadhownin equation(3.8) can beobtained as

y( = -ayt B - |-t n)- b+l - br@t+)  ep (39

ARMAX model:By equatingD(z) = F(2 = in equation (3.4) the transfer function
representation of the ARMAX modedn beobtained as shown in equatig@.10) below.

_ B9 A2
y(t) = A2 u(t) - A9 o9 (3.10)

Bysubstitutingthe relevarn polynomials from equatioli3.5) in equation(3.10) the time-
series description of the ARMAX model can be attained as

y() = -aft H .= g-Xt n)- b+l .- bhrdt+p
+te(f) gt H) .+ gt p)-

(3.11)
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3.4.2 Noninear blackbox models

When a system exhibits nonlinear characterist{sge Section 3.2), the modé
structure to be used to represent such a system must also be nonlinearder to
accurately model the sysm dynamicsThe ronlinear extension to the linear ARX model
given by guation (3.9), the Nonlinear AuteRegressive witleXogenous inpu{fNARX)
model[90] has been widely used in research in model idésdifon, analysis and control
of a variety of complex nonlinear systef84]¢[99]. The NARX model can be represented
by the difference equation

y() = f(x(t)) +«9 (312
where,
X(t) = (y(t D), yt /), ut Ly ,ut ny) (313

n, and n, denotesthe maximum lags in the optit andinput respectvely. The nonlinear

dynamics arelescribal by thenonlinear mapping functiorf (.) . The most common form
of representing the NARX model structure is the polyndmMidRX modgR4] as shown
in equation(3.14) below.

y() = f0x(1)) +&9

]

|

i N,

f f(x(®)) = a/.(x))

| n=1

%'((t)) 25 "y A (ko K )6y(t 0O t-K §

~ X = .. oK, - - k

%jn pzogeklaé ko 2 3 é@”'q ' P i P 5
(3.14)

where n is the polynanial orderin whichn=1,---,N; and N is the highest degree of

polynomial nonlinearitpr the maximum polynomial ordeg=n -p./ .( x(t) ) is the n"
order part of thepolynomialNARX modelC, ,(:--) refers tothe modelparametesofthe
n degreepolynomialterms. For n=1, 7, ( x(t) ) will contain all the linear combinains
of the input and output lagged termshile / ,( x(t) ) for n2 2 will contain the nonlinear
terms resulting fromthe n™ order nonlinearpolynomialcombinatiors of different input
and outputlagged terms.

The extension of the linear model struceé ARMAX to the nonlinear instance, the
Nonlinear AuteRegressive Moving Average with eXogenddBRMAX model is also
widely uised in modelling nonlinear sgsns[24]. The NARMAX model can tepresented
by equation(3.12) where instead

X(t) = ( y(t '1)1!y(t F]),),U(t 1)-,"',U(t rl])’dt 1)1"' 1dt p) (315)
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in which n, denotes tre maximum lag in the error terng(t) . The polynomial NARX
polynomial model given in equatidB.14) is composed of linear and nonlingaslynomial
combinations of lagged output and input termskewisethe polynomial NARMAX model
will be a compositionof linear and nonlinear polynomial combinatiomd the lagged
output, input anderror terms.

A compact parsimonious descripticof a widerange of nonlinear systems can be
modelled by the NARMAX representation. This pas=es great advantage in the context
of CMFD This is because NARMAX modie be used to describe complexteyss and
its faults of nonlineain nature easilyithout any prior knowledge of the physics involved
due to the blackbox character of NARMAX mald.

3.5 Parameter estimatio

Parameter estimation is the process of estimating a local unbiasedicolfor a
parameterized model structure from a set of itpand output data acquired from a
system.

Depending on the system undeonsideration, the model structure used and the
main objective of using model identification, a variety of approaches @taken for
parameter estimation. Some of the commonly usedthods are the leastquares based
methods, recursive estimation, maximu likelihood, Bayesian estimation and
evolutionaryalgorithms. These different methods have been successfully used tanobtai
unbiased estimates in both linear and nonlinear systemd @ore details about these
methods can be found if24], [72], [100§[104]. The scpe of the research undertaken
falls under the leassquares (LS) based methods and recursive estimation methods based
on recursive least squares (RLS). Hence this section of this thiess to review these two
types of parameter estimation methods.

The blackbox time-series modelsreviewed earlier in thischapter defined in
equations(3.9), (3.11), (3.14) and (3.15) can be represented in a linear vector equation
form as

y(t) = x(O)d +&(9 (3.16)

where x(t) is the vector of lagged vabites, also known as the regression vector ahd
is the parameter vectoDepending on the type of model stture both x(t) and d will
take different formsDenote

G, @) = gy(t 1),y R) (3.17)

G,(t) = [ut 4),-.ut g) (3.18)
and

G.(t) = [e(t 0),. et n) (319

32| Page



In equations(3.17)-(3.19) above n,, n, and n, signifiesthe maxmum lags in the

output, inputandthe errorrespectivelyThus the ARXARMAX, NARX and NARN#O(lel
structures, represented irequatiors (3.9), (3.11), (3.14) and (3.15) respectivelycan also
be represented in the vector form as giviey equation(3.16) as shown below.

1 ARX nodel structure

- , ed,
x©)=g4,0, gt) g d gd (3.20)

where d, and d, are the corresponding parameters that weight thetput and

input lag termsn G (t) and G, (t) contained in x(t) respectively.

1 ARMAX model structure:
é:fy

s

x(t) = g 4,M, GO, & g da. (3.21)
&,

where d_ correspond to theparameters that weight théagged error termsin
4. (t) contained inx(t) .

T NARX modestructure:

e x(1) =g4,0,. 4O g

1 &d,

i €d, (3.22)
PO = [x® %0, xy O] d =g,

i 4,

where x, (t) for n=1,---,N, contains thelagged inputoutput terms relating to

n degree polynomial NARX modebr n2 2, the vectorx,(t) is comprised of
the nonlinearlaggedterms resulting from then™ order nonlinear combinations

p

betweenall the terms withinthe vector gi (t), G (t) . d, corregonds to the

parameters that weight theespectivelagged terms contained iR, (t) .
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T NARMAX model structure:

x,() =gd4,0), GO, d&) g
ed,
) (3.23

X() =[x (), %, @), x, )] . :g 52

é

&y

Similar to the MRX case above however, in the NARMAX instance fo?
wheren=1,--,N,, the vectorx,(t) is comprisedf the nonlinear lagged terms

——) =) =) i) =) (]):

resulting from thent order nonlinear combinationdbetweenall the terms within
the vectorgli (t), (), Kt) . d, corresponds to the parameters that weight

the respectivdagged terms contained ix, (t) .

The leastsquares (LShethod and its variantare the most popular approaasfor
parameter etimation of model structures whogarediction errorterm, e(t), does not
depend on previous errorare known as models which atmearin-the parametersThe
ARX andhe polynomialNARX modelboth fall under this class, see eqiats(3.9) and
(3.13) respectively This however,is not the casewith the ARMAX andhe NARMAX
models as seen from equation8.11) and (3.15). Thus, both ARMAX and NARMAX
modelsfall under the category of nonlinean-the parametersand require the use of
recursive parameter estimation methods.

3.5.1 Lesst squares

Linearin-the parametesmodekcan be represented in thmatrix format Therefore,
a linear regression model can be formulatedran past observations ahputs and
outputs, for L number ofobservationsat discree-time samplet let;

ex(l)
0=g: (3.24)
ex(L)
and
ey(d)
Y=§ (3.25)
gy(L)

where U is the regression matrix containing @ik lagged input and outpuerms. Y is
the vector containingL samplesof the observedoutput of the system.Therefore, the
linear regression modés$ described gs
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Y=0d+ (3.26)

where d contains the parameters of the model that corresponds to the retige lagged
terms within the regression matrig . For ARXype of models x(t) , in equation(3.24)

and d in equation(3.25) aredefined in equatior{3.20) accordingly. Similarly for the NARX
case the corresponding(t) and d to form the regression model are defined in equation

(3.22) respectively The estimabn of the urknown true parameter vectod can be
evaluatedusing the LS method as

d=[ @ " @ (3.27)

where d contains theestimated parametes of the wouldbe actual parameteyin d.
Given,e(t) = Y1) -K 9, where;

W) = x(t) d (3.28)

is the model estimated outpytalsoknown as the model generated output or the model

predicted output,resuting from the estimated parametersd will be an unbiased local
solution to d if the resultinge(t) is azero-mean whitenoise sequence.

3.5.2 Recursive least squares

The RLS algorithevaluates the parameters of a given model recursively at each time
stept by minimizing a weightt LS cost function given by
S~ 2
Jus = &0 WY Xt b)) (329
t=1
where /i R*, known as theforgetting facta, is the weight that is used which

exponentially gives a lesser weigigio older error samples. The equations involved with
the RLS algorithrfl00] are given by,

et) = (O -x(Hd(t ) (3.30)
k(t) = Pt Dx@)(/ *QPE x ¢))" (3.31)
Pt) = /(1 -k@)x())Pt B (3.32
dit) = ¢ 1) +®e(t) 333
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3.6 Model structure detection

The selecting of a subset of regressors or model terms from a superset of dendida
regressoraind the estimation of the correspondinguameters that describe the system
behaviouris the task of model struate detection. Depending on the manner in which
the quality of the model is validatedhe model@ application and many oén fadors
deem wha the best subset of regressors ar€hisstep is of vital importance in the
identification of both linear and ndimear modelsin order to attaina parsimonious
model that fits the data well whilecapturing the underlying dynamics of the ®m
present wthin the data

Compared to linear modelthe task of structure detection in nonlinear modes
significantly dificult. In the case of polynomial NARX and NARMAX modelSésgimn
3.4.2 it is often common toedect the relevant model terms from a predefined supars
of candidate termg88], [105], [106] In the cae of identifying models for the description
of linear systemsusually this superset is smallHowever, this is not the case thi
nonlinearsystems The search spader a model thatcan describe a nonlinear system
rapidly becomes extremely large withehncreasing complexity of the systeirhis can
be illustrated as followsconsideringa superset of all polynomial NARMAX moideins
resulting from a maximum polynomal order N =3 and dynamic orders

n,=n, =n 3, thesearch space is evaluated[ad];

(n+ )
5= (3.34)

wheren=n, #, ® 9. nisthe total number of linealagged terms that would give

the nonlinear model terms resulting from all the possible nonlinear polynomial
combinatbns. Thusthe superset of model terms that comprise all the kmeand
nonlinear terms for the above scenario = 220 terms. Consequently increasing the

maximum polynomial ordeto N =4 would resultinS=715and N, =5 would result

in S=2002. As suchan increase in the maximum pwiomial order would rapidly
increase the search spaceherefore, model structure detection methods are necessary
in order to find a parsimnious description. Furthermore, in the conteof reattime CM

FD an efficient algorithm for model structure detéch is vital even for linear systems as
brute force appoaches are tim&onsuming.

The model structure detection problem has to main catgeswhich arelinear and
nonlinear regressn. Linear regression is used fibre class of models that are linear-
the-parameters where the residual error terms are rsotunction of the model terms. In
the case of nonlineain-the-parameters nonlinearegression is employed.
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3.6.1 Linear regres®sn

A variety of linear regression approaches are availablé some othe commonly
used methods are as follows:

Exhaustive sarch

This method involves the comparison of competing models resulting from ailpb®s
combinations of terms in the supersef oandidate model terms. This is a brute force
approach and can onlpe used when the search space is very small because of the
computational cost required. However, in a general sense when consideliFeD due
to the requirement of a relatively fast asssment of system conditions the use of this
approach is discouraged.

Forwardselection

Adding of model terms from the superset of candidate model teromg at a time
according to a certain criterigis knavn as forward selection. The model is firstialised
as an empty set of terms. From the superset of candidate ehteiims each competing
term is assessed to see how it increattes quality of the model according to a certain
measure. Further terms aradded in this manner repeatedly niil a specific stopping
criterion is satisfied

Backwardelimination

In backwad elimination the model is first initialised as a superset of candidate model
terms. Each term is eliminated one at a time based on aerdteria. The elimination of
the term shoutl increase the model quality according to a certaieasure. This iterate
process is terminated if a certain stopping criterisrsatisfied Usually this approach is
used as a pruning method for models thiasult from, for examplgforward selection.

Stepwise regression

An iterative combination ofdrward selection and &ckward elimination is involved
in stepwise regression. This method can result in better models than using backward
elimination, or forward selection separatelyf107], because some model terms may
become redundant at future iterations in the forward selection prodé8§]. Therefore,
each tme after adding a certain term through forwardlsetion, based on a ctin
criterion backward elimination is performed on the current set of terms included in the
model. Theprocess is carried out until a giping criteron is met.

37| Page



3.6.2 Criteria for model structure selection and model structureletection
algorithms

As discussd throughout Section 3.6, model structure detectioninvolves in the
selection of appropriate regressors or g& terms basedma catain criterion to impove
the quality of the model. In this sectiptwo criteria that are commonly used for term
selection ardntroduced

Orthogonal Least Squares and tiERR criterion

A frequently used method for linear regiasn is the Orthogonaleast Squares (OLS)
method. The OLS method is used in combination with the Error Reduction E&R
criterion [108] for the selection of model termsin order to assess each term
independently and sequentiallgn orthogonal decomposition of the regression matrix is
carried ouf109]. TheERRIis a measure with the capability of describing the contritugi
made by each model term to thebservedoutput variance[24]. Thusbased on the
contribution to maximiséhe ERR model terms are selected accordinghp8].

Once theregression matrixi isorthogonalisedo W = gv,,---,w,, , wherew, is

™ auxiliary orthogonal regressor corresponding to tife regressor inG where

i =1,---,N, and N, is the total number of regrssors the ERR relating to the respective
model term or theregressolis given by

2 T
ERR = % (3.35)

where g, is the auxiliary parameter relating tav, .

The Forward RegressionlLS algorithm (FR®)09], [110]is a model structure
detection method based otine OLS and th&ERRcriterion to efficiently chooseegressors
in a forward selection approacModel terms (regressors) are added at each step using
the ERR criterion. The FRO algorithm bkabeen studied extensivelin realworld
applicationsand is often useds a benchmark because of the wide body ofrditere
developed for the identification of NARX and NARMAX md#é]sSystem Identification
algorithmssuch as the FRO method formed arouhd OLSERRstrategyfall underthe
PEM approach

In pracice when the data is not well conditiongei is difficult to assess thactual
significance of a model term using tlEERRcriterion [106]. This is because thERRis
dependent on the order in whictihe terms are selected thus the firew terms selected
will often be able to explain the observed outpatriance. Hencgfter the first few terms
are ®lected theERRassociated with further model terms drops rapidly even though
those model terms mightbe of actual importance to explathe system dynamicf.06],
[111]. Therefore downsampling daté advantageous for structurestection as shown in
[28].
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Simulation errorminimisation

An alternative approach to PEM such as the -BRR based miedds is the SEM
approach.Piroddi and Spinelli ifil06] and Billings and Mao if86] have used a SEM
strategy for System Identification A model term selection criteriorbased on this
approach was pngosed in[106] and is known as the Simulation errBeduction Ratio
(SRR. TheSRRselects model terms (regressors)sea on the ability to predict future
data and is given bgquation(3.36) below.

SRR = MSSEMi) 3 MSS&‘AM)

)

(3.36)

in which the model obtained at thié' iteration is M, and M,,, is the model attained at
the subsequent iteration with the inclusion of thgh candidate malel term. MSSE is
the mean squaredsimulation error between the observed outpg and the simulation
output. The simulation output of a model is also known asriwel predicted output
Thus SRR is defined as th decrease in theVISSE attained by the inclusion of thg®

canddate model termwhich is normalised against the output varianites reported that

the models with a better long rage prediction accuracy camtt&ned by usingriteria
based on the model predicted output for model structure detectid@], [L06] Howe\er,
such criteia come with higher computational cost due to the repeated simulations that
are needed to be done for the assessment of models.

3.6.3 NorHinear regression

Considering the lass ofmodel structureswhich are nonlineain-the-parameters
such as ARAXand NARMAX models, nonlinear regression methods are to be used for
the model structure detection probleraf these modelsThe regression matrix of these
types of models containsagged residual error tems, e(t- i) where i =1,--n._.
Furthermore, these lagged residual error terms are dependent on the model structure
since®t- i) =y(t B y@& 1) where ¥t) = x(t) d (seeSection3.5). Therefore,ihear
regression based mail structure detection methods and criteria mentioned earlier
cannot be applied directly to nonlinear regressidn.[108], modification to theERR

based linear regression procedures is introduced as a solution to the nantagrassion
problem. This method is summarised as follows;

1. Assuming the residual errote be zero as if identifying a NARX/ARX model,
detect the model structure andstimae all model parameters which do not
include any of the residual error termsing OLSERR basedrpcedures.

2. Bvaluate the residual erroréft) , between the observed system outpu(t)
and the estimated output bthe model §t) obtained in step 1.
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3. Using the same OLERR based procedes detect the structure of the noise
model (the sub model containing theesidual error termy the MA part of
NARMAX/ARMAX models and estimate the parametssspaated with the
residual error terms.

4. Repeat steps 2 and 3 iteratively Urdicertain conergence test is satisfied.

When identifying noisanodels,the process mdel (the sub model containing all
terms not associated with the residual error termshdde first identified.

3.7 Model selection

The process of model selection istitistively different from structure detection.
Model structure detections the procedureof selectingthe appropriatelaggedterms to
be included irthe model.Model structure detection algorithmeften can provide more
than one competing moderom whichto choose.An exampleof this instance is, by
varying theERRthresholdin the FRO algdhm, the search path of the algorithm changes
thus providing differentcompeting models. Model selection is the methodologgf
choosing an appropriate moddrom a ®t of candidatemodels thatis able to predict
unseen data fairly well while attaininggmod biasvariance compromise.

3.7.1 Biasvariance tradeoff in models

Biasand variance in model predictions occur due to different sources of error in the
modelling pr@ess Simply biasrelates to how thevell model fits a certain data setVhile
variancerelates tq the flexibility of the model to describe different aspectsaosystem
(for example, one model to describe different operating poifitg).

In order for a modeto be more flexible or less bigs needs to be more complex. In
parametic modelsthis relates taahigher number of term§l12]. Increasng the number
of terms reduces the error between the model prediction and the observaldies
However, this leads tdhe model fitting the data too well, including the noise (overfitting)
in the data resultingin a higher variance. Conversetiecreasinghe model numbe of
model terms leads to a decreased fit and hence a higher bias bwiea variance.

Given that a Bw dataset was obtained when the system was in the same operating
conditions as the dataset for identification was acquiré€te performace of the model
over this unseen data will be poor in both overly complex and overlglsimodels. This
is because aaverly simple model will not be able to capture the underlying true dynamics
of the system and an overly complex model ifitto random noise sequeres[24], [72]
Thus the choice of a gppropriate modelstructure is, thereforea compromise. fiis
trade-off depends on the regjred purpose of the moddlr2].

L/ 0! 1FA1SQa LYF2NNIGA2Y [/ NRAGSNALFOZ
Information Criteria) are commonly used d®l selection dteria. These information
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criteria give a score to models in relation tlee error between themodels predicted
output and the observed output and the model complexity. The scoring is such that a
certain penalty is applied when the modelaplexity is reléively higher. The models that
yield the lowest score is to be choséncomparison to AIC and FPEC Bipplies a higher
penalty for a higher model complexitf7l]. Therefoe, the models that result in
minimising the BIC score will have a lessanplexity in comparison to nuels that are
obtained when minimising the AIC and FPE scores.

3.8 Model validation

A true description of a system can never be attainednfian identifiednodel and at
best can only be considered as a sufficient representatiocedain aspects that are of
interest[72]. Model validation tests are therefore needed to be carried out on identified
models. These tests assess whether thedel performarte is valid and to put certain
confidence on the model for its intendedigpose.

Model validation tests irBystem Identificatiorof parametric models are based on
the residuals produced between the model generated output and the actualubaif the
system [24], [72] These tests are carriediq utilizing aseparate dataset to the dataset
used for estimating the parameters. Tolidate madels, commonly used methods
comprised of various correlation tests performed on the residuals. Furthermore, different
performance indicators are used to examaithe goodnessf-fit [68], [72]

The residualsepresent the fagments of validation dataset that cannot be produced
or explained by tB model.Hence correlation tests on the residuals are carried out in
order to know whether;

1 The residuals are white noise sequences. This test is called the awaiatiom
test andis performed in order to realise that the model can explain the actual
output appropriately[72].

1 The residuals are not correlated with the input. This test is performed in order to
validate that the model can explain the necesspart of the dypamics from the
input to the output[72]. It is known as the cresorreldion test. It should be
noted that if there is feedback present in the system theorrelations are
expected in the negative lags between the input and thsiduals. I150,the test
is done concentrating on the positive lags.

In order to quantiy the goodhessof-fit performance indicators such as the MSE (Mean
Square of Error), RMSE (Root Mean Square Error) are commonly used.
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3.9 Summary

In this chater, the time-domain characteristics of linear and nonlinear systems in
relation to convdutional integral functions werediscussed Therefore, a detailed
overview ofSystem Identificatioand related procedures were providddodel structure
representatons of both linea and nonlinear timeseries were outlined. Different term
selection methals in lirear regression and a commonly used method for nonlinear
regression in the OLBRR framework was discuss€bmmonly used model structure
selection criteria nder two different approaches t@ystem Identificatiomn the forward
selection frameworkvere outlined. System Identificationis the first step that is used as
a tool for capturing the system dynamics in tB&+FDmethod based on the control
systems angkis approach. Irthe next chapter the Frequency Response Analysis
methods are reviewedn relation to linear and nonlinear systems.

42| Page



Chapter 4

Frequency Bsponse Analysief
Dynamic Systems

4.1 Introduction

In the field of control systems engineeringRFs are used for-depth dynamic
analysis, design and control of nieus systemg72], [75] Linear frequency domain
methods are popularly used in the field of control saré comprehensive to@for both
implementations of control strategies as well & analysis and interpretation of system
dynamicgq35]. Across many disciplines of science, especially in engineering, the analysis
of systems in the frequency domain is thus considered of fundamental impor{d@@ge
[75]. The GFRF and NOFRF methodologies extend the Bsequiency Response Analysis
from linear to nonlinear systems.

The frequency regmse of analysisfan identified AR¥hodel for linear systems can
be done by transforminghe time-domain difference equation of the model into the
discrete domain g - domain) to obtain the discrete FRF. In the case of nonlinesdems
the outpu frequency charactasation issignificantlymore complex than in therear
systems. As sucthe Volterra series based methods suchtes GFRFs or the NOFRFs can
be used to project the identified NARX model into the frequency donTale.GFRFs are
the direct extension oftie FRF to the nonlinear instande comparisonthe NOFRFs show
the energy transfers from the input to different orders of nonlinearities in the frequency
domainand itis considered a more natural extension of thedar FRF to theanlinear
instance[29].

This chaptermims to introduce thebasic concepts dfrequency Response Analysis

and the output frequency characterisation of linear and nonlinear systédmitie context

of Condition Monitoringand Fault Diagnosisf nonlinear systems, the conceptNOFRFs
is of interest. This is becaughe output frequency characterisation of nonlinesystems
using NOFRFs is similar to the linear FRF. Furthermore, the NOBRIEsihadvantages
over the GFRFs when concerning computational effort and ease of iietation. Thus
with regard to nonlinar system$-requency Response Analy#iss chapterfocuses more
on the NOFRFs.
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4.2 Analysis of linear systems in the frequency domain

In control systems analysis and design, frequency domain analysis of lineansyst
is carried ot using the well-established methodology of linear FRFs. A complete
desciption of the steadystate dynamics of a linear system is provided by the linear FRF
andso,is unique regardless of the tirdomain model used to represent the syst¢72].

The quantitaive measure of the output spectra of a system in responsana@xciting
input is known as frequency responsekrequency Response Functiohthat system.

The FRF of a system is a tool used to observe the system dynamics oaage of
frequS y O A Saicdmparisio dfoutput magnitude and phasevith regard tothe input

as a function of frequency in the format of a bode i65]. Essendlly the rato of the
output spectrum to the input spectrumn LTI syst®s the output frequency response

for all frequenciesy can be explicitly characterised, given the knowledge of the FRF, for
any input signaas

Y(jw) = G(jau(j b (4.1)

where Y(juw) and U(jw) are the frequency spectra of the output and the input
respectively ands( jw) is the FRF.

The FRF can be interpreted as a nonparametric model of a linear system in the
frequency domain and can be readily evaluated from an idewtifi ARX model The
estimated ARX model aft&ystem Identificationf anactual linearsystemis given by

f) = -af(tEy - »a-vE - Byt - et @42

where 1) is theestimated output from the model andi(t) is the actual input to the
system. &+, aF and B, -, b F are the estimatedparameers corresponding to the

output and input lagged terms. Reranging eqation (4.2) andtaking the z - transform
(representingin terms of the forward shift operatorpf both sides of the difference
eguation will result in the correspondingstimated z - domain(discrete domainjransfer
function;

(E(Z) _ fgz) _ bzt+ » +blﬂ AL 43)

Z) 1+ g2z* +»-h’;]razﬂa

Over a given set of angular frequency poimts by equatingz = el%Ts [113]in (4.3) the
correspondingestimateddiscretelinear FRF cathus be evaluatedas

< t%ejWTs + » +l%|?e'nojWTS
&jut,) =

1+ &e IMs + » gEetl Ws

0¢ W, ¢,  (44)

44| Page



where T, is the sampling periadit should be noted that due to the periodic and
symmetric characteristics of the discrete FRF the effective frequencies of interest is given

by 0¢ w ¢f% where f, = 2/7.'. is the samplingreéquency in radians per seconidl.

S

the ARX model identified can describe tdgnamics of thesystem well then the
estimated discrete FR@(jM 5) evaluated using4.4) will be a good estimate to the

actual continuous time FRE( ju) of the systemHence featursfrom (E(jmﬂ's) canbe
used effectively folCM-FDof a systenthat can be adequately descridéy an ARX model

4.3 Analysis omon-linear systems in the frequency domain

It is weltestablished that the possible output frequeym components of linear
systemsarethe same ashe frequency components contained within the input sigfiéd],
[75]. However, this is not the same in the nonlinear instance, in which the output
frequency response of nonlineaystemssmuch more complexA simple eample of this
would be if the input to a nonlinear system is only composed of a single frequency
component ;. Then the corresponding output may contain thwput frequency

component vy, its supefharmonics such afw;, 3w, and subharmonics such as /2,

w /3 and so on. However, if the inputontains may frequency components, for
examplew;, w,, w,. Then the possible frequency components of the output will be
composed of the original ing frequenciesw;, w,, w4, the super-harmonics and sub

harmonics of those frequenciesnd also frequency componentthat arise from the
intermodulation between the input frequenciesich asw;- w, w,- w +y, W+ 1y SO

onwith many others. Therefore, nonlinear systems hold a distinct property in comparison
to its linear counterparts. Explicitly, the outpapectraof nonlinear systemsre much
richerand reveal more frequecy componentshan the associated input spectra. Hem

it is well known that in the nonlinear instance there is a transference of energy from the
input frequency modego other modes of frequecies,whichis known as the nonlinear
phenomena[29], [114k[117]. Figue 4.1 illustrates this phenomeon in a more gegral
sense.

ConcerningCM-FDof nonlinear systemsit is therefore important to consider the
behaviour of nonlinear gstems as certain faults exhibit nonlinear charactics [13].
Thus linear analysis methods would not be sufficient to characterise these faults and
nonlinear systems ralysis methods ar@eeded to be used16], [118], [119] In the
context of a control systems analysis approaclCiFD this section aims to résw the
Frequency Reponse Analysimethods used for nonlinear systemtie GFRFs and the
NOFRFEd heseare extensions of the lineaystemFrequency Response Analysisthod,
the linear FRFE$o the nonlinear instance.
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Figue 4.1: Comparison between the output frequency responses of linear al
nonlinear systems[a)a,a),,] is the frequency range of the input spectrum. The outf

A

spectrum of a linear systemsagplicitly within this range. While the output spectrum «
nonlinear systems will contain frequency components that are present in the ampat
other frequency components outside the input frequency range.

4.3.1 Output frequency responsef non-linear systens

In Section4.2 the output frequency response characteristics of linear systemes
defined by equatior4.1). However, as meioned abovepecause of the complex nature
of the ouput frequency response of nonlinear systems, equati) is not valid in the
nonlinear instance. Théme domain description of a clas$ nonlinear systens that are
stable at zero equilibrium can be described by the Volterra saseshown irequation
(3.2) andis discussed irsection3.2. Based on this description of nonlinear systems Lang
and Billings ifl117]derived an expression tcharacterisethe outputfrequency response
Y(jw) of anonlinear system gs

D:

Y(iw) = @ (i for " w
n=1
(4.5)

_ NG ~ A
Y.(jw) = H (... U(jw) ds,,
RSl o I Jm)g (i)
W= e

——) =) =) —t—) —) —)

where N is the highest order of nonlinearityo be consideredyY,( jw) is the frequency
characteristics of the™ order nonlinear output (output frequency response of thé
order nonlinearity) andu(jw) is the frequency spectraof the input. H, (ju;,...j ) IS

defined as the" order GFRWhichprovides a description of the dynantbaracteristics
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of the n" order nonlinearity in the frequencgomain. Thusthe GFR§ ae the direct
extension of the linear FRF to thwnlinear case rd similarly the GFRF is unique
regardless of the tim&lomain model use to representthe corresponding nonlinear
system.The natural extension of equatidd.1) which characterises the output frequency
response of linear systems to the nonlinear instance is givénebgxpression iequation
(4.5) above.

The generation of the output frequencies of a nonlinear system, as shown by
equation (4.5) is the sumover the output frequencies contributed by daworder of
nonlinearity, Y,(jw). Thusby considering the output frequency rangg, of each

nonlinear ordery, ( jw), the frequency range f, of the output response foa nonlinear
systemismuch greate116], [117]such that

f, = LNJ f, (4.6)

n=1

In[116]the authors presented a general algorithm which barused to evaluate the
possilde output frequency ranges of a nonlinesystem, that can be explained using the
Volterra series, using the frequency range of the input excitation sigid. algorithm

can be used with any bandlimited frequency ranbe, b] in whichthe inpu spectrum
can be described as

. gU(jw) when| /i (a B
u(im =} a @7)
10 otherwise
where b > a 20. The detail description ohe algorithm is as follows;
N
f=Uf
n=1
é -t nb é na U
i) ,when -6 u<
k=0 (a+b) ga+h g
1
fYn 21
[ . N
TII when nb__¢ na u,
heo ' (@b &a +b g (4.8)

whereg. gmeans to take the ineteger part

._€ na 0
=& U
ga+h) g

I, =[na -k(a B, nb Ka B} fork 0.=" 1
. =[0,nb 4 (a+b)]

) ) ) ) ) ) ) ) ) ) ) ) ) ) =) =) =) =) =) =) (]

47| Page



where f, and f, are the possible non-negative frequency ranges of the output

frequency spectrumY( jw) and the output frequency spectrumf the n™ order system
nonlinear outputY, ( jw), respectively This algorithm can also be applied to the ca$e
single tone sinusoidal inputs wheee= b. It should be noted, although this algorithm can
be used for the ealuation of the possible output frequepcangef nonlinear systems
aswell as theoutput frequency ranges of eadhdividual nonlinear order It does not
provide any information o the exact output frequencies. Lang and Billings[28]
introduced the concept of NOFRFs which can providgeitiiormation.

4.3.2 Generalisedrrequency Response Functisn

The behaiour of nonlinear systems, as discusseadlier, is vastly more complex than
linear systemsThis can be seen from the time domain description of nonlinear systems
using the Volterraeriesas shown in equatio(8.2) as compared to the linear counterpart
shown in equatior(3.1), where the time domain dynamics efch order of nonlinearity
is described Y separate multidimensional Volterra kernels. The Fourier transform of the
time-domainimpulse response of lmearsystem, h(t) in equation(3.1) is defined as the
linear FRIF72]. Simibrly, George irf120] introduced the concept of GFRFs defined as the
Fourier transform of te Volterra kernelsh, (¢,,---, f) terms inequation(3.2) andthe
GFRF adn™ order nonlinearityis thus given by

+ O

HoGw, i) = f Dt ) Seti s wid ¢ d, 4.9

Hence the concept of GFRFs is the direct extension of the liR#atdRhe nonlinear case.
As seen from equatiori4.9) GFRFs are multidimensioniéquency functios and it
describes the complex dynamics of each order aoflinearity.

In linear systemghe FRF can be used explicitly to characterise the output frequency
respanse ofa linear systenas shown in equatiofd.1) anddiscussedn Sectiord.2. This
however, is not the same in the casemafmlinear system$ecause othe association b
high dimensional frequencyctions of each order of system nonlinearit[@d7], [L21].

To explain this compleelationship betweerthe GFRFs and the system output frequency
response Lang and Billingm [117] derivedthe expression stwn in equation (4.5) in
Section4.3.2 As discussed earlier this expressidmaracteises the output frequency
response of nontiear systems in terms of theFRFslt is shown by this expressidrow

the n order nonlinear dynamicgn™ order GFRFyperate on the input spectm to
produce theoutput frequency responsef the correspondingionlinearity, Y, ( jw), and

thus, the sum of all theoutput spectra of alhonlinearities add up to the actual output
frequency responseY( ju) , of the system

As discused earlier nonlinear systenexhibit a distnct property in which there is a
transferenceof energy from the input #quencies to other frequencies that are not
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present in the inputThis is because of how tm& order nonlinear dynamicsperate on
the input spectrunto resultin the final output fequency responseas mentioned above.
Thus this phenomena cannot beompletely explained by GFRE29]. Langand Billings
introduced the concept of NOFRF$28] which can comprehensively describe the energy
transference from the input to ifferent orders of system nonlinearities and thuke
generation of new frequency compents. The NOFRFs can be considerednasher
extension of the linear to the nonlinear instance asdcomplemensthe GFRFS.he
NOFRFs and its properties willdiscussed in detail in the following section along with its
viability forCM-FDover the GFRFEs

4.3.3 Non-linear OutputFrequency Regmse Functios

Lang and Bihgs in[29] introduced the concepbf NOFRFs in ordéo explan the
energy transfer phenomena of nonlinear systems. The authar®9], alsointroduced
another concept, which is the natal extensiorof the input spectrumU (jw) to the n

order nonlinear case and is given; by

Un_ o AuG wd s 4.10)

Un(JVV) = (2p)(n-l) =W+ wWi=1

where U (jw) is then™ order nonlinear canposition of the inputU (ju) and can be
considered as the output frequency response af=order static nonlinear systerf29]
such as

y(t) = kuw(9 (4.11)
in which k =1 and the output frequency response is given by
Y(jw) = kU, (jw (4.12)
where U, (ju) is related to the Fourier transfornFT{ .} , of u"(t) such that

1/yn
(2p)v

The concept ofU,(jw) is of importance in the explanation of the energy transfer
phenomena of nonhear systems anah the definition of the NOFRFas shown irfi29],
which will be discusselelow.

u,(jw) = SFT {un (1)} (4.13)

The second expression in equati@h5), the output frequency response of tha’
order nonlinearity Y, ( jw) is restated here gs

YR

Yo (iw) = 2p)rD

AR
m HoGiw...i QU (iw)d s, (4.14)

i=1
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Equation (4.14) can be writtenm terms of equatior(4.10) as

N HoGse wQUmd s,

o we e 1= & Yvn ~ A
V(i) = EZZZ)[;_D fj Ovutmds.
n QU(JWX:I %W (; W= W+
w= W+

(4.15)

Since the expression in the parenthesis in equat4.15) above isU (jw), Y,(jw)
therefore can be rawritten in the formn

Y (im) = G(jaU,.(] b (4.16)

where

n. HoGw. i w)QU(jw) d 5,
G,(iw) = —

(4.17)

~S

A Ouimas,

Wi=1

G, in equation(4.17) above is déned asthe n" order NOFRFG, (jw) is only valid in
the frequency spacew in which

~S

i Au(imds, . 0 (4.18)

HWi=1

Thus the output frequency responsé( ju) of a nonlinear system, shown gguation
(4.5) in Sectiord.3.1, can be explicitly expressed using the N&¥8,(jw), n=1,--,N
[29] by introducing equatiorf4.16) into equation(4.5) as

Y(im) = a v (iw = aG(j w,(j x (4.19)

where N is the highest order of nonlinearity to be consider&terefore equation(4.19)
can bedefined as thaNOFR§&basedcharacterisation of the output frequency response
of a nonlinear systen29]. It can be seen that this description of the output frequency
response of nonliear systems is similar tthat of the linear systems description in
equation (4.1). The authors 0f29] outlined three important properties of the NOFRFs
representation ofY( ju) and these are summarised as follows;
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1) The NOFRFs are able to descithejw) in an identical manner to how the linear

FRF describes the output frequency response of linear systmation(4.1) in
Section4.2 and thus the complete characterisation of ( ju) in equation(4.19)

is of a similar nature.

2) For a sigalgiven by equatiorf4.7), in Sectiord.3.1, the validfrequency rangew
of the n™ order NOFRRG, (jw) given by equation4.18) is equal to f, , in

equation (4.8) of Section4.3.1, whichis the possible output frequency range
contributed by then™ order nonlinearity.

3) The NOFRFs are input dependent, as seen by equ@idi). However, it is

insensitive to a change of the input spectru( ju) by a contant amplitude
gain.This is shown by equatidd.20) below.

~ A - H
a"f) H.(im,..i)OQU( wd g,
=W+ i=1

Gn(jW)‘u(jWFaT(i M/z ~

an D CA)U(j wd s, (4.20)
= izl

- Gn(jW)‘U(iWFU(JW

Lang and BillingR9] evidently described the energy transfer phenomenadathe
generation of new frequency components using the concept of NORRHsief this
energy transfer mechanism is &dlows;

1 The nonlinear composition ot (jw) from U(jw) produces the possible
frequency compnents f, of Y (jw).

1 The NOFRRG,(jw) functions lke a dynamic filter over the frequency range
of f, whichoperateson U, (jw) to produce then™ order output frequency

responsey, ( ju) of the systemThis is a clear reflection of trthird property
of the NOFRFs above along with equai4aib).

1 The combind effect of the output frequency responses of all the
nonlinearities Y,(jw) for n=1,--,N thus produces the final output

frequency resporsY( jw) .

1 Hence Y(jw) will contain more frequency components than the
corresponding excitation output) (ju) . Thisis illustrated inFigure4.2.
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The NOFRF$, (jw) for n2 2, as seen from equatiof.17), is clearly dependent on
the frequency dmain characteristics ofhe n" order nonlinear dynamics (which is
described by the GFRHF_(jus,---,] w) and the input spectrum. This relianoé G, ( jw)
on the input spectrum is a clear reflection on the fact that the bétawvof nonlinear
systemdn the frequency domainin generaldepends on the system properties and the
corresponding input as wdll16], [117]

U,(jo) G (jo) H(jo)
™ > \l Be
U(jw) U,(jo) G,(jw) Y,(jo)
Nonlinear
.. Y r
] composition |1 )] ) N = (jo)
of \ Y
U(jw)

Uy(jo) G, (jo) Yy (jo)

Figure4.2: Pictorial representation of how the NOFRFs act on the input spectrum
produce the final output frequency responsefa nonlinear system.U (j) is the
nonlinear composition of the input spectrubi( j) is attenuded by then order NOFRF
G,(jo) to form the output frequency response of th&' order nonlineary ¥, (jw) of
the system and thus the final output frequency response .

It is evident from equatiorf4.17) that the effectU (ju) hason then" order NOFRF
G, (jw) is complex. However, the authors[@B] qualitatively explained the relationship
betweenU (jw) and G, (jw) by rewriting equation(4.17) as

a R

e OuU(im)ds,

G.(iw) = r’j HoGim, . ) ° = 4.22)
S N Qu(jm)d s,

=W Hi=1

O
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In equation (4.21) ;
T f.,. ,O0-U(wds, is the summation of O ,U(jw) over the n-

dimensionahyperplanew= 1w +- 4.

o Q .
& Ou(iwds,
i Thus & 1= is the normalisation ofD_,U (jw) in the

4., Ou(jmw)d s,

Wi=1

sameni dimensional hyperplane.

f This normalisation ofD'_,U (jw) acts as a weight to the GFRE(ju,-+-,] 1)
at each point off u,---, 1} .

I Thus then™ order NOFRFS, (ju) can be described as the weighted sum of the
n" order GFRF H_(jw,---,j ) across the nidimensional hyperplane

w= W+

1 Therefore, then™ order NOFRIG, (jw) mainly relieson the corresponding GFRF
H.(jw,---,] w). This also points out hows, (ju) is formed through the effect
of the input spectrumU (jw) , revealing the manner in whictH (jw;, -] W)

is combined across tha i dimensional hyperplane to form the final output
frequency response

The qualitative descrption aboveof the NOFRFs emphasises that the NOFRFs are
sensitive b the dynamics oé nonlinear system because of its key reliance on the GFRF
This is fundamental in using the concept of NORF&R&e analysiof nonlinear systems
and thus CM-FD Furthermore, the NOFRHRs one-dimensional in nature therefore,
NOFRFsan be easily intermted and visual analysis of higher order nonlinearities is
possiblg29], [114], [122] The concept oNOFRFEaunlike the GFRFaie input dependent
however, in the case ofraisoidal or harmonitmputs there is an exception. Peagal.in
[114], [122]descrited in detail that the NOFRFs in the instance of a harmonic input is
explicitly independent othe input. Thus the valid frequency components of tieorder
NOFRF under a harmonic input (shown in eguei4.18) and can be evaluat using the
algorithm in equation (4.8)) is equal to then™ order GFRF at the casponding
frequencies.

These are the clear advantages of NOFRFstheemultidimensional GFRFGFREF
basedFault Diagnosischemes have been proposed beford18]. However, due to the
multidimengonal nature of the GFRFas seen from equatioi@.9), it is difficult to
interpret [121]. Therefore,it comes with a significant computational cost topess and
to extract information due to the amount of memory involvEd].
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In reasorto the ease of use of the NOFRiEsvas proposed as a viable toolofr CM-
FDof nonlinear systems by Pemg al. in [13]. The same authors if119] showed how
cracks could & detected using NO®-s. IM19] a feasibility study was conducted in
structural damage assessment of aluminium plates by identification of a NARX model and
then using the NOFRFor the analysisFurthermore, the concept of NOFRFs haen
used in nany reaiworld applcations ofCM-FD[16], [118], [123¢[125].

Evaluation of NOFRFs using a least squares approach

Equation (4.19), the NOFRFs based description of the output frequency response
Y( jw) of a nonlinear system, can be representeg as

Y(iw) Y.(ir =aG (i w,(j w

4
= & (Crm +iB)(W)(US( W UL
;

(GRMUR(W -GI( Wi W +(GR( YWi( ) wG UK ))
(4.22)

where G}(1W) and G!(w) are therespectivereal and imaginary parts db, (j») while
UR(W) and U!(w) are the real and imaginary parts &f (ju) respectively at the

correspondingfrequency pointw. Therefore,equation (4.22) can be represented in a
linear regression format as

eReY (jw) g &JFW), - UF(W, -U,
gmY(jw) o &, W, - UL(w, U

where GR(w) = [GF( W, GE( W and G' (W) =[G} (W, Gy ( W .

As mentioned earlier the NOFRFs are insensitivedibasmge of the input spectrum
U (jw) by a constant amplitude gain. Using this property of the NOERfg and Billings

in [29] presenteda LS based approach for the evaluation of NOFRFs to any arbitrary
nonlinearity. The procedure of evaluating NOFRFs using this methsdnsnarisedas
follows;

1) Excite he nonlinear system by a set of test inputs where,
auty, m=1,---, M (4.29)

to obtain the corresponding outputsy™(t), m=1,--,M, M 2 N in
whicha,, m=1,--,M are appropriately chosen constants.
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2) Evalate;
1 the Fourier transform of the original input(t) , U,(jw),

1 the Fourier transfam of u"(t), for n=1,---,N, and calculate the
correspondingJ, (jw) using eqation (4.13)

 the Fouier transform of y™(t), Y™ ( jw) for m=1,--,M.

3) Extend equatin (4.23) into the matrix form as

eReY W) 2

AU 3G 4.2
Sy T AV B (4.25)
where
? _ &GFW) fa
% M O,
167w = [GF( -, GFC W (4.26)
16! W) =[G (.G ( W
Y(iw) = YOG, YO ()W 4.27)
and
¢ aUR(H. = UEC W= LHO) W - 08()
é : : :
AUy = SV U ) e - ) val ) w28)
¢ AULW -~ BULOw WRC) W 1URC)
e : : :
SaUl (W~  BULCW EE( ) we  BUA()

to evaluate the estimate oG (1) using a least squasapproach as

5 EReY W)
&mY ()

It shoud be noted that the evaluated estimates of the NOFI@}(;]W),
n=1,--,N, can only be sed over the fregancies where the NOFRE,(jw),
n=1,--,N, is valid. This range of frequees is equal tof, given by equatiorf4.8). The

G(w) = GAU(W *AU( W AU ( i (429

LS approach to the evaluation of NOFRFs is a compact simple method that can be used
with input-output data either directlyexcitinga nonlinear sytem or an identified NARX
model.
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4.4 Summary

In this chapterthe output frequency @sponse characteristics of linear and nonlinear
systems were overviewed arftequency Response Analysisthods of linear systems,
the FRF, and nonlinear systems, GFRFSNEDERFs, were outlined. Output frequency
response characterisation of nonlinear wysis, the description of the nonlinear
phenomena and analysis of a nonlinear system dynamics in the frequentgim sing
the concept oNOFRFs were reviewedence the pantial of using NOFRFs over GFRFs
for CM-FDof nonlinear systems watiscussedThisis because the NOFRFs, even though
are input dependent, itsnain reliance on the GFRF as a weighted sumepirtput signal
and its ability to represent nonlinear systeras aone-dimensioral frequency function
This makes the analysis of nonlinear systezasier to interpret and thus much easier to
extract fault specific features for GFD.This has been demorstted by severalifferent
studies as discussed. In the follogy chapter the numerical issues in the least squares
method of evaluating NOFRFdlwe discussed and method to address this issue will be
presented.
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Chapter 5

An EffectiveLeast SquareMethod of
EvaluatingNonlinearOutput
Freqguency Response Funct®of
Nonlinear Systems

5.1 Introduction

It is well knownthat nonlinear systems can often produce more output frequency
components than that contained in thimput. The output frequencies of nonlinear
systems in generalmay contain sutharmonics, supeharmonics andnter-modulation
between the frequency comgnents of the input. Hencehere is a transference of energy
from the input frequencies to other fragencies[24]. The Generalisedrrequency
Response FunctienGFRS)[120]have been used to study these behaviours of nonlinear
systems. The GFRFs which dre Fourier Transforms of the mutimensional Volterra
seriesis inherently multidimensional thus require vg high computational demands to
evaluate. bHrthermore, due to the multdimensional character higher order GFRFs cannot
be visualised and are thefore difficult to interpret.

The concept of Nonlinear Outplrequency Response Functo(NOFRFS) is one
dimensional frequency functions introduced banget al.in[29] as an alternatig method
of analysis of nonlinear systems in the frequency domain. Due to thedimnensional
characte, the NOFRFs can be much easily visualised and interpreted.

Penget al. in [13] have sed the NOFRFs as a viable analysis tool for the fault
detection of nonlinear systems in the frequendgmain. The NOFRFs have also found
applications inSHMto identify cracks in beams and damage in aluminiuatgs[19],
[119]. For electrical systems, Chen and &ail. in[123]have applied the NOFRFs in the
detection of damaged power cable insulations.[1125] the authors proposed a novel
method ofFault Diagnosigy using features obtained from the NOFRFs and the Dempster
Shafer heory of evidence to process the features for the iiolaof faults. Recently the
NOFRF concept has also bestudied inFault Diagnosisf hydro generators as well as
hydro-turbine governing systems [6] and[118] respectively. In these applicatioran
accurateevaluation of the NOFRFs is essentidhaglamage isiniquely identified using
the system frequency features obtained from the NOFRFs.
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Currently the NOFRFs can be evaluated using two methods. ©tieeiLS based
method presented in[29] and the other is the Associated Linear EquationsEEAL
approach for the NOFRFs introduced by Bagirad.in [15]. In[30] the authors compared
the performance of both thee methods in evaluating the NOFRFs. It was showre theat
though both methods can be used for damage detattithey both have limitations. A
system model of differential equations and the evaluation of its corresponding ALEs are
required for the ALEs kad approach. While the LS approach does not requimsdel,
the systemmustbe excited by test inputs withpgropriately chosen amplitudes for the
evaluation of the NOFRFs. In addition, the LS approach may experience numerical errors
due tothe ill-condtioning of the informationmatrix and consequently camt produce
accurate NOFRFs sometimes.

The chapter is cacerned with the development of a new method for the
improvement of the LS based NOFRFs evaluation directly using the systeroutymutt
data. Tke new method is known as the MS method. In the MLS method, the
information matrix for the LS operation aach frequency is constructed according to the
contribution made by each order of system nonlinearity to the system output response at
this frequency. This addresgs the possible numericalssues associated with matrix
inversion. The effectiveness of thew method is then demonstrated using simulation
studies on two different nonlinear systems subject to a general band limited and a
harmonic input, respectively. The new MS method can gigicantly increase the
accuracy of the NOFRFs evaluation directpgisystem testing data and facilitate the use
of the NOFRFs and associated approaches in many practical applications such as
engineering systerfrault Diagnosiand SHM

As a result of ddressing the numerical issued in evaluating NOFRFs with th8 M
method, novel significant observations were made on the convergence of the Volterra
series where sever nonlinear behaviour occur. This convergehtieed/olterra series
around the regions fosevere nonlinear behaviour was deemed impractical and even
impossble. However, it has been theoretically argueddf] that convergence does exist
given the use adinextremely high order of nonlinedy. With regard to GFRFs being multi
dimensional, the use of extremely high orders of nonlinearity is intalcdue to the
extensive computational efforts. However, since the NOFRFs argliorensional and
because of the numerical accuracy attainechgsihe MLS method. In this chaptethe
convergence analysis of the Volterra series using NOFRFs is revisiezdfore the
theoretical possibility of a convergent Volterra series is validated practically for the first
time.
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5.2 The Modified Leas&quaresmethod for the evaluation of
Nonlinear Output Frequency Response Functi®n

The valid frequency range tife n" order NOFRFG, (ju), n=1,---,N is defined by
equation (4.18) and isknown as the possible output frequency gasof the n™ order
nonlinearity, denoted asf, (seeSectiord.3.3. This frequency range is thegien in the
frequency space in which the NOFRBY jw) operate on the respectiveronlinear
composition of the input spectrur) (ju) whichisU (jw). f, can be evaluated usy
the algorithm shown in equatiofé.8). Thus from theéwo expressionsequations(4.8)

and (4.18), it is evident thatthe n™ order nonlinear composition of the input spectrym
U,(jw), is of theform;

,(in) when| Wi f,

. (5.1)
0 otherwise

U,.(iw) =§U

U,(jw) is evaluated using the Fourigransform as shown in equatio@.13). In
practice, however, when using a FFT (Fast Fourier Transform) algorithm to obtain the
frequency spectrumU, (jw) is often not zero but relatively small whem{1 f, . This
can make the information matribAU(w) in the original LSnethod, equations(4.25)-

(4.29), become sparse and-llosed over certain frequency points, inducing significant
numerical errors

The MLS méhod, introducedin this chapterjs formulated to address this issue by
appropriately consucting the matrixAU () at each frequency poiniv. Thisisachieved

by the use of the algorithm for the evaluation &f , given by equatioi4.8), to determine
the most relevant terms and only include these terms in the information matrix to
produce adense information matrixAU (#) . Denote

eapUR(wy 2 -eau, (w

e . u e .

s i ¢

e Ny R u e |

SanuR(y -€au1 (w

au, () = €70 VT e, (= € 52

e ‘nk( w & éfc«” -nk( w

e u e

e u e

aawU, (W aduR(Iw
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Thus the matrixAU(») in equation (4.28) of the original LS method for evaluating
NOFRFs can be-vgitten in termsof the vectorsau, , and au, , wheren, =1,--,N
such that

AU(W) = @ul,l( W’ T aul,N( W’ au2,1( )W ’auzN( )V (5-3)

Howeverinstead given

noi {1, N}, k =1, K (5.4)

arethe orders of the system nonlinearities which literally contribute to the systemput
frequency responsat the frequency w. Thiscan be determined usingquation (4.8)
when w is given Based onau,, () and au,, (w) for k=1,--,K introduced in

equations(5.2) and (5.4), AU(w) can be constructed as follows

m(W) = giul,nl( W, ’aul,r\(( W, auz,q( W »au, o () (5.5)

By replacingAU (1) in equation (4.28) within equation (5.5), much more reliable
estimates of the NOFRF@nk(jW) , k=1,--,K can be evaluatedThis is best desitred
by an examle as shown below.

Example 5.1 - Construction of the information matrix AU(#) according to the
respective possil@ output frequencycomponentsof the n order nonlinearity

The M-LSmethod for a nonlinear systenconsideringnonlinearities up tothe 3
order, i.e. N =3, and is subjead to a bandlimited input over the frequency range of

[30,54 can be implementeds follows.

From equation4.8) with a =30 and b =55, it is known that

f, =[30,59 (5.6)
f, =[0,29(J[60,11p (5.7)
f, =[5.89(J[90.16} (5.8)

Hence for differentw over the range ofw=0,-,165, the matrix AU(#) can be
constructed agollows:
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 Forw=0,--,

which will produce&(w) = &

1 Forw=5,--,

4; K=1,n =2and

m(l/’/) = @ULZ( w, auz,z( DVH
- (0w

éaZUR( W,

e :

e
R(l/)’

Zu'( ,

1
(D

D D~ D

eaaUs (W,

| e
& (W) b g8

25, K=2,n =2,n 3and

- @U( )n

) 328@
& w)

s w

GUZ( In
W) @
u

.
[}
u

m(W) = @ul,z( W, aul,z( w auz,a( )74 auz,a( )Vﬂ
éanzR( W, ?UR( wo-

 Forw=26,--

which will produce&(w) = & .
& bgeBw g

61| Page

EAU (%, &UR( W -
(V}’ AL w

(DCDCD('DSE('D\
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1 For w=30,--,55; K=2,n 4,n 3and

AUW) = @au,, (W, au,( W au,( w au,{ )ug
galulR( ., W w - W), w-U4)
_ gaMUf( W, BUE(w - 4/ ( ), w-3ua) (5.12)
Saul(w, W, (w UE()w VUK )
é : : : :

ga,Ul (%, BULC)w  ,@R( ). w 3UBW)

which will produce&(w) = evR(W) 2 eg@(W) GSE(

= 3

As shown abovethe information matrix m(W) is constructed appropriatg for the
complete frequency space of the output frequency respgonsetil w =165, of the
nonlinear system considered.

Once the estimate of the NOFRFs hasrbebtained, the estimate for theutput
frequency spectrum of the systen( order nonlinearity,ﬁ( jw), and consequently the

estimate for the system output frequency spectrulﬁ jw) can be generated using

equation(4.19). The results carhen be used to compare with the actuaistem output
spectrumY( ju) obtained.In the next section a wmparison is made between the new

M-LS methd and the original LS method for evatioa of NOFRFs under three different
input typesin order to illustrate the significance of the-M5 method
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5.3 Comparison of the éast Squares and Modified Least
Syuares based methods of WNnlinear Output Frequercy
Response Functiaevaluation

The acuracy of the evaluated NOFRFs is important to accurately decompose the
output spectrum into the respective output spectra of each individual nonlinearity. To
demonstrae the significantaccuracyattained in evaluatigp NOFRFs using the -Ms
methodthree different case studies are given in this section.

5.3.1 Comparison for the case of a geneiaput

To demonstratehe accuracy of NOFRFs under a general input that is deddbip
equation (4.7) a nonlinear oscillator with a'5order noninear stiffness as shown in
equation(5.13) is used

My +CH) +K W) K YD) Ky & (5.13)

where M =0.01%, C =0.0607, K, =40, K, = -2.1 3G and K; =4.21310. The
NOFRFs of the above nonlinear system under the inputs

i &M (5.14)

u () = Ali ,Sin(Zp f,t)- sm(2pf2t)’
2p t
is evaluated using both the LS and newlLBl method with, f, =70, f, =50,
t = -10.55;--,10.5tand A =9.8a, wherei =1,--M .

Figure5.1illustrates the input and output spectrd) (j») and Y( jw) , produced by
evaluating the response tfie nonlinearsystemin equation(5.13) subjectedto the input
is shown in equation(5.14) using the Ruge-Kutta 4 (RK}) algorithm. Frontigure5.1 it
canbe clearly seen the new frequency components generated in the output spectrum.
Figure5.2 showsa comparison of the actl output spectrum and the outg spectra
evaluatedusingequation (4.19) and the NOFRFs obtained from the original LS method
and thenew M-LS method, respeistely. The NOFRFs obtained frooth methods were
all evaluatedip to the 3" order, i.e.N =5, with thefive excitation amplitudesi.e.M =5

, where[a, -+, @] =[1,0.85,0.7,0.55,0].
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Figureb5.1: (a) and (b) shows the input and output spectra respectively of the sys
represented by equatior(5.13) when excited by the input in equatioif5.14)

100 . . , , . .

) — Actual
§ I — — —Original LS method generated
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Figure5.2: Comparison of the actual output spectra with the sgem evaluated usin
the NOFRFs obtained from original LS and B methods, respectivelAs seen from tr
figure the NOFRFs evaluated using the$method has good accuracy irpreducing
the actual output frequency response. The actual output spectrBing), the outpt
spectrum produced by NOFRFs evaluated from the original LS method (Red dasl
output spectrum produced by NOFRFs evaluated from tHeSvnethod (Black dashe
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It is clearly observabledm Figure5.2 that the NOFRFs evaluated from thel8
method is much more accurate as the estimate of the output spectrum generated is
almost thesame tothe actual. This means that the decposition of the outpuspectrum
Y( jw) tothe respective output nonlinearities by the NOFRFs is done appropriaitelg,

the NOFRF&, (jw) estimatedusing the MLS method is moraccurate.

Figure5.3 shows the respective contributions of each order of nonlinearity in the
frequency space for a nonlinear system subject to gutirexcitation given byquation
(5.14). This is determined bgquation(4.8). The accuracy of the MS method is due to

the AU(w) (from her on the matrixAU (w) will be referred to asAU (1) ) matrices at
each fequency pointw only contains the appropriate2?U X( wy and a"U ! ( 1y terms

accordng to the reloant contributions made by each order of nonlinearity at that
particular frequency point as reveaen Figureb.3.

1% Order- f, | | I : : : : |
0 50 100 150 200 250 300 350

2¢order- /, T TN : : : |
0 50 100 150 200 250 300 350

390rder-f, [ NN A l l |
0 50 100 150 200 250 300 350

ghorder-f, N T NN NN 0000
0 50 100 150 200 250 300 350

5" Order- £, [N T
0 50 100 150 200 250 300 350

Frequency (Hz)

Figure 5.3: The space of output frequencies contributed by each order of
nonlinearities when a nonlinear system is subject to input excitation given by eque
(5.14). As seen from the figure each order of nonlinearity will produce frequ
components in the respective frequency regiofis, n=1,---,N . The NOFRFS, (jo)

are only valid to theseespetive frequency regions. The respize NOFRFs operate
U,(jw) which exists at the respective frequency regioyis to produce the outpu

frequency response of the nth order nonlinearity(je) . Thus in the MLS method th
AU(@) matrices are constructed appropriately according to the respective contribt
made by each individual nonlinearity at the frequency paint
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Figure5.4: The frequency region between 100 Hz and 150 HEigfire5.1

For example over the frequency rangel®0 Hz tal50Hz as show in Figure5.4, it
can be observeftom Figure5.3 that the nonlinear orders which contribute to the system
output are different atdifferent frequencies andconsequently an information matrix
AU (w) associated wh each differentpoints of frequencies should be used to evaluate

the NOFRFs using the-Mmethod in the corresponding case. Maspecifically

1 For w=100,--,11(G Only the 29 4" and 8" orders of nonlinearities contribute
to the output, therefore

eafUz(y, X0 )w () w VA ) wyia WY g

e :
AUW) = gaaUZR( w, QU )w gaf( ), w Jual ), wli(a) WL g
gaui(w, @, )w (), w UH ), wYi@ Wi x
é : : : : :
Eaaug(m, gUi( W @s()w ual), w Ui ) uwli(a
(5.15)

1 For w=111;--,12¢ Only the 2¢ and 4" orders of nonlinearities contribute to
the output, therefore
ealUz(w, WX )w - &()w-U4d)
g z : :
_ g}%ﬁUf( w, QUR()w - Ga;( ) w-jual )
safUy (. L()w (). w VR )

(5.16)

eaiUi (.  @ui()w  Gas( ), w Jual)
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1 For w=130;--,14(, Only the 29, 4" and 8" orders of nonlinearities contribute
to the output, thereforethe respective structure of the matriRU (w) will be the
same as shon in equation(5.15).

1 Forw=141;--,15(C Only the 4 and 5" orders of nonlinearities contribute to the
output, therefore;

eafUR(w, A& )w - (), w-Ugd)

€ :
&alUR( W, BUE()w - 4al( ), w- SU& )
AU = é 5.1
W =Cuiwm wiw ug()w uw) O

. . . .
gasUL(,  BUL()w  gas( ), w SUB( )

Thus, the AU(w) matrices are forralated differently over different frequencies

where the NOFRFs are valid to ensarmore accurate evaluation of the NOFRFs at the
respective frequencieshis prevents the Htonditioning effect of the information matrix
that may arise in the original InSethod. Also,it should be emphasised théhis prevents
any unwantedenergy leakagefom different orders of NOFRFs the regionsin which
otherrespective NOFRFs are nopposed to exist

5.3.2 Comparison for the case of aanmonicinput

The nonlinear syem used in this case is a duffing oscillator witH®@8der nonlinear
stiffnessasshown inequation(5.18) below.

MO +CHY K YD K ¥() &) (5.18)

whereC =3.84p, K, = (120 and K, =0.1(19 ¥ . The paraneterized system shown in
equation(5.18) is excited by a harmonic inpui(t) = Asin(wt), where A=0.4.

Y(iw)|

Trandw) = |U (jW)|

(5.19)

In order to comprehensively illustrate the comparison, the transmissibility of the
sydem shown in equation(5.18) is used.Transmissibility at a particular excitation

frequency, Trangw) , is taken as the ratio of the outp spectral magnitude]Y( jW)|, to
the input spectral magnitde, [U (jw)| at that respective frequency as showneiquation
(5.19) above.

67| Page



1072
RK 4 Numerically
generated

- _ Original LS based | 1
NOFRFs estimate ]

_ M-LS based
NOFRFs estimate | |

Trans(w) (log,,scale)

| |

0 10 20 30 40 50 60
Frequencyrads/s

Figure5.5: Transmissibility curve of the system shown by equatiil8) excited with ¢
harmonic input ampliude 4 = 0.4 and NOFRFs generated transmissibility curvéke
actual transmissibility curve of the system (Blue circle), Transmissihilitye generate
by NOFRFs evaluated: original LS method (Black dash db§,rivethod (Red dash tls
The NDFRFs from both methods are evaluated using the amplitudes in equ&atii)
but the transmissibility curves were evaluated using these NOFREFs-&t4 . Thus it i
evident that the NOFRFs evaluated from theLBl method has captured the freque
domain dynamics of the actual systemadarmonic input significantly well.
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Figure5.5 shows the transmissibility curves generated from simulating the ODE
shown in equation(5.18) using the R# algorithm. The results obtained afem the
NOFRFs evaluated using the LS aAd3Vbased methods, respectively. The NOFRFs from
both methods were generated up to thé drder, i.e. N = 7 of nonlinearity using 7 input

amplitudes, i.e.M =7, which are
A= [0.2 ,0.18333, 0.16667 , 0.15, 0.13333, 0.11662|] (5.20)

As seen fromFigure 5.5 the M-LS evaluation of NOFRFs and the resultant
transmissibility curve generated from these NOFRFs are more accurate compared to the
transmissibility curve generatl usinghe original LS basl method.

It is worth emphasising that the NOFRFs from both methods were generated using
the test inputs with amplitudes mentioneith equation(5.20), whichare in the range of
0.1- 0.2. However, the transmissibility curves showrfigureb.5 were evaluated using
the same NOFRFs but fan input of amplitudeA = 0.4, which is outside the range of
amplitudes where the NOFRFs were determined. This implies that the NOFRFs thus
determined represent inherent system dynamics and ctrerefore,be potentially used
in many pactical applications.
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5.4 Convegence analysis of Volterra series representation of
5dzFFAYIQa 2a0At 1 02N

Nonlinear systemsin theory,are needed to be expressed using an infinite Volterra
series, however, an accurate approximation to the response of the system can be made
using a truncéed serieg81], [126] Therefore the convergence of the Volterra series is
vital to adequately represent the responses of nonlinear systems.

The Volerra series remrsentation of nonlinear systems and methods based on this,
such as GFRFs and NOFRFs, have been tisesiely for the study of nonlinear systems,
as discussed throughout this thesis. However, analysis based on the Volterra series can
only be directly apfied to weakly nonlinear systenj81], [127], [128] This is because
weakly nonlnear systems cabe adequatelyrepresented by &/olterra series with a finite
number of nonlinearitiesi.e. aconvergnt Volterra seriesNonlinear systems that exhibit
severenonlinear phenomena such asib-harmonics chaosand jump[129], [130]are
known as severelgonlinear systems. Consequentlyjs known thatthe Volterra series
cannot bedirectly appliedo regions invhichanonlinearsystem exhibg suchbehaviour
[31] because of a divergent Volterra setig@he regions in which a nonlinear system would
reveal this type of behavigudepends on thdrequency of excitation, the amplitude of
excitation and the parameters of ¢hsystemHencethe convergencef Volterra series
depends on these factol81], [131] Therefore, in order to apply the Volterra series for
appropriate analysis of anlinear systemsconvergence criteriaare necessary. Such
criteria topredictthe upper limit, the limit in which a system would begin to extébitere
nonlineaities, have bea put forward in[31], [131%[135].

CGonvergence analysiand criteriafor nonlinear systems that can be represented
dzZaAy3 (GKS 5dzZFFAy3IQa 2a0Af € 02N A3M), [634]S FNBI dzS
[135]0 ¢ KS Datiifar) geft@ifs simple formhas been used as a benchmark
example in many studies. iBhis because it is possible to find nearly evesgorted
nonlinear phenomean A y 5 dzFf T A y J186% In B§5ptheliaitBoys basd the
convergence analysis and the criterion on the NOFRFs. In this se¢b&aronvergence
analysis is revisited using the-Ms method to RFRFs and noveignificant observations
are made on the convergence of thefVd SNNJ &ASNASa NBLINBaASydl GA
oscillator.

Initially, the nonlinear system is analysed in the frequency domain using a Response
Spectrum Map (RSM) diagram in orde visually aalyse the regions in which severe
nonlinear behaviour would @tir. RSM diagrams were first introducby Billings and
Boaghe if137]as a frequency domain alternative to the wietlown Bifurcation diagrams
and it was shown to be more accurate than the Bifurcation diagfante the egions of
severenonlinear behaviour are known these regions are then analysat the NOFRFs
evaluated using the MLS method.

The observations made gives new insight into the Volterra series representation of
severe nonlinear systemsand the analysis fosuch systems kaen exhibitingsevere
nonlinearbehaviout
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5.4.1 NOFRF based local approximation afevere non-linear oscillator
exhibiting the jump phenomena

Analysis of a nonlinear stiffness oscillator exhibiting thell-known jump
phenomenais conducted usf 3 | 5 dzdill&tdr i@y eqiatiod.21) which was
adapted from[138].

yO +CHY +K X9 K ¥()  Aosix 1) (5.21)

where C=09¢, K, =(@12py and K,=0.11p Y. f. = W%p is the excitation

frequencyw; in Hertz (Hz).

The nonlinear system shown in equati{®21l) is first analysed using RSP diagrams
as illustrated irFigure5.7. The RSP diagram is used to see howPthwer Spectral Density
(PSDpf the output response ofhe system varies against a change in one aspect of the
system. The RSP diagramoaim in Figure5.7-top illustrates how the energy in each
frequency component of the outputariesagainst a hange in the excitatia frequency,

fo . The excitation amplitudeA for this RSP diagram is kept at a constant whare1.

For a constant excitation frequency,, "4, = f, =38Hz (approximate resonant

frequency of the system)he change in the PSD against a varying excitation amplitude
is shown irFigure5.7-bottom.

It is evidentfrom Figure5.7 that for this particular systemin the output frequency
response, the energy transferred from th&citation input tosuper harmonicseduces as
f. increasesThus the super harmonics higher than th@™ order diminishes away after
a certain f_. However, the energy transferred to thé'2rder superharmoit, even
though is seen to reduce ak. increases, it is relatively nsh lesser than other higher
order super harmonicsHence the significance of th& 8rder super harmonic is retained
throughout the f. range shownFromFigure5.7-bottom it is seen thatdr this system,
given in equatia (5.21), for a particular excitation frequencyf,, = 38Hz, an increase in

the excitation amplitudeA seem to increae the energy transferreftom the excitation
input to the higher order harmonicslt is evident fromFigure5.7-bottom that as A
increases the overall engy in the outpti frequency compoants of the given system
increases.
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Figure5.6: RSM digrams of the nonlinear system shown in equatig¢h.21) for varying
excitation frequencyfer (top) and varying excitation amplitudeA at an excitatior
frequency fa = 38 HZbottom). The colourmap illustrates the log magnitude of the P¢
h,, , h,, andh, , shows the progression of thé'13¢and 8" order harmonics with

changingf. h, , , h,, , hs, and h, , shows the progression of the'1 3¢, 5" and 7"
order harmonics with a changifg
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Figure5.7: Transmissibility map of the system shown in equati{®21). The regions i
which the jump phenomenaccurcan be clearly sen from the transnissibility map (ir
the top). Furthermore, the change of the jump locatiseemso vary with the excitatio
amplitude while the intensity of the jumpis higher at relatively lower excitati
frequencies. For this particular system, for tle&citation frequwency and &citatior
amplitude ranges shown, a small change in the excitation frequency requires a re
larger change in the excitation amplitude to create the jump.
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Figureb.7 shows the transmissibility map of the same system where transmissibility
Trangw), is the same adgdefined in equation (5.19) (see Section 5.3.2. The
transmissibility map illustrates how the system transmissibility over a rahggcitaton
frequencies f. changes against a varying excitation amplituélelt is seen fronfFigure

5.7-top that the system given in equatiofs.21) exhibits the jump phenomena in which
there is an abrupt drop in the transmissibilifyigure5.7 reveals that for this particar
nonlinear oscillatothe location d the jump region and the intensity of the jump changes
with the excitation amplitude and frequenckfurthermore, i is shownfrom Figure5.7-
bottom that for a small change ithe excitation frequency a relativelgrger change in
the excitation amplitude is required to achieve the jump.

The above qualitative analysis Bfgure5.7 is a reflection of the RSP diagraaf the
system shownn Figure5.6 in which, as mentioned earlier, l@w excitation frequencies
seem to resulin higher energy levels in the output frequency components, especially in
the sublharmonicsand higher order super harmonickurthermore, as the excitation
frequency increases, for the same excitation amplitude, the energy in théhautonics
and higher order super harmonics seem to diminiJimerefore as the excitation
frequency is increased a relatively higher excitationphimde is required in order to
transfer more energy from the excitation input to higher order super and subharmonics
(Figure 5.6-bottom) in order to achiee a jump as revealed bligure 5.7-bottom.
However, it Bould be emphasised that froffigure5.7 it is evident, for the system given
in equation (5.21), the jumps occur wit a much higher intensity atelatively lower
excitation frequenciesTherefore it is appropriate to state that the excitation frequency
plays an important rolin combination with the excitation amplituda whichanonlinear
system exhibits severe nonlineaehaviour. Hence frequency dotnaanalysis is required
in order to further understandystemghat exhibit severe nonlinear behaviour.

NOFRFs based local approximation of the given system

As discussed alve both the excitation frequency and thenlitude defines the
manner in which severe nonlinear behaviour mccin the output responseand a
convergent Volterra series at regions whelteese behavious occur is a restriction.
However, it is known that toretically a convergent Volterra seriespresentation
around the excitation amplitudes and frequencies where sever nonlinear behaviour occur
exists[31]. Such a Volterra serigsowever, can only be achievég using extremely high
order GFRES3nce higher order GFRFs are hypenensonal frequency functions, this
incurs a high computational cost for the evaluation of such GFRFs and thus impractical.
However, NOFRFs are edenensional frequency functions regardless of the order
consideredThus,with the numerical accuracy of the-M5 methodn evaluating NOFRFs,
it can be shown that a convergent NOFRFs based representation can be achieved at
regions of severe nonlinear behaviolirshould be noted that as an inherent property,
the NOFRFs arinvariant of amplitude change, thus itisitural that the convergence of
the NOFRFs at severe nonlinear regions would be only possible within certain amplitude
ranges, hence it would be a local approximatiofherefore it is shown below that the
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NOFRFsan be usd to represent seves nonlinear behaiour at different regions within
certain amplitude ranges.

The system given in equatidb.21) is used to genate the transmissibility of the
system using NERFs evaluated from the-M5 method (as similar to the case study in
Section5.3.2. The NOFRFs avsed to locally approximate the transmissibility of the
given system/Figure5.7, at two different amplitude regionsFor a comprehensive
comparison, two types of transmissibility curves are employed. The fundamental
transmissibility, Trangw) as shown in equatios.19), where w= w =2 #. and the

transmissibility of the third order harmonic frequency of the output response, which is
given by

|Y( j3W)|
u(iw)
wherew= w =2 #.. f. isthe excitatiorfrequency irHertz Hz). Y( j3w) is the output

responseY( jw) at the 3¢ harmonic frequency antl (ju) is the frequency spectrum of
the inputat w.

Trans (3w) = (5.22)

The normaked meansquare error NMSEwas used as a measuretbe closenss
of fit betweenthe NOFRFs generataddthe actualtransmissibility curveswvhich iggiven

by;

a (|Trans(WF)| - |Tran§omp( V‘é)| )2
(ot (T ]

NMSE,, .. = , we =2pf (5.23

where F,_ is the number of harmonic excitation frequencies used for the generation of
the transmissibility curves.

As mentioned earliethe NOFRFs are evaluated at two different amplitude ranges
A=gA ,A andA =gA ,A ,whereA, and A, are the highestamplitudes and
A, and A are the lowest amplitudes of the range§ and A, respectively. fie
difference A, - A, =A,, A, AD. The low amplitude regiod, =[1.3,1.4 and the
high amplitude egion A, =[99.3,99.2 thus BA,, =0.1. TheNOFRFs evaluated at the
region A isused to generate transmissibility curves At , where A, > A, . Similaly,
the NOFRFs evaluated aﬁz is used to generate transssibility curves atﬂbz , Where

A, > A, . Thus the NOFRFs obtained Atand A, are tesed outside the respective

regions in order verify that the NOFRFs have indegddured the underlying dynamics.
The quality of the NOFRFs generated transmissibility curves are assessed using the NMSE
against the respective true transmissibility curvesAgt and A, .
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Local approximéion of the severe nonlinear dynamics a, = [1.3,1.2

NOFRFat 5& are evaluated usinghe set of amplitudeswithin A as shown imable2,
and conglering a maximum order of nonlineariti = 9. Figure5.8 illustrates that the

NOFRFs evaluated using thi$ skamplitudesand canregenerate the transmissibility
curves at these respective gtitudes well. Table2 showshow well the NOFRFs generated
transmissibilitycurves are in terms of thEMSEIt should be notedhat throughout this

%107
25 %107

Trans (w)

Trans ;(34‘1)
o
o

13 3*Excitation 100

124 1.26 1.28 Frequency (Hz) 1.2
: 150 10 122

Excitation Excitation
Amplitude Amplitude

Excitation
Frequency (Hz)

1.3
1.28
4 1.26

40 42

Figure5.8: Actual and NOFRFs astated transmissibility curves within the amplitud
range shown inTable2. The NOFRFs are evaluated using the amplitédsisown. i
comparison to the systems actual transmissibility (line with dot), the NOFREratg
(circle) transmissibility curves are shown to be accurate. This means that the N
evaluated using the given amplitudes are able to regenerate the resp
transmissibility curves well. The diagram on the left is transmissibility of the funulail
frequency, i.e. the excitation frequency. The diagram on the right illustrates
transmissibility of the 3rd order harmonic frequency.

Note: Throughout thissection e refers to the base of 10 and natK S 9 dzf S NI &
e=10

Table2: NMSE between actual and NOFRFs generated transmissibility curves.

NOFRFevaluation NMSE, ... NMSE; ..
amplitudes (A)

1.300 4.865&*° 2.468&1°
1.2875 4.092&14 7.217&1°
1.2750 7.664&1° 1.247¥%°
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1.2625 2.7984 2.133@¢1°

1.2500 2.673@1° 5.56741°

1.2375 3.1613%% 7.817¥1

1.225 4.285@*° 3.2823¢10

1.2125 4.88814 8.169%1°

1.2000 7.274&1° 4.832%10
x107%

Actual

O NOFRFs estimate

Trans (w)
Trans 3 Bw)

Trans(w)
(Iog10 scale)
Transj (GBw)

Excitation Frequency (Hz) 3*Excitation Frequency (Hz)

Figure 5.9: Comparison of the actual system transmissibility cas/to the NOFRF
generated at the excitation amplitudef, =1.5. It is evident that the NOFRFs, of

given system, evaluated af, has captured the dynamics well as the NOFRFs gen
transmissibility curves aich well wih the actual.

The NOFRFs euvated shoull capture the dynamics of the system within the
amplitude range well. To verify thishe evaluated NOFRF&e used to generate

transmissibility curves outsid A . Thusthe NOFRFs evaluated are used to generate
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transmisshility curves at the amplitudet, =1.5 as shown irFigure5.9. FromFigure5.9

it is evident that the NOFRFs have captured the dynamics, wihiwell. The NMSE
between the actual and the NOFRFs gated transmissibility curves of the fundamental,
Trangw), and the 3 order harmonic,Trang(3w), at A, are 1.2416&* and 2.2501?

respectively. It should be noted that beyond, =1.5 the NOFRFs generated

transmissibility curves do not fit well with the actu@heefore, the NOFRFs evaluated
within A with N =9 are nvalid keyond this amplitudeHowever, by using an amplitude

range A" closer to the values beyond, =1.5 forthe evaluation of NOFRFs would result

in accurate approximationfer A, >1.5.
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Figure5.10: The output frequency responses of each order of nonlinearity at €
excitation frequency pointfe, (left) and 3¢ order harmonic offr (Right). Produced usir
the evaluated N@&FRFs with a harmonic inputf excitation amplitude4, =1.5. It is

evident that the NOFRFs based approximation is convergent because the contri
made by the highest order of nonlinearity is lower than the correspondingst orde
of nonlinearity.

Figure 5.10 shows therespective contributions made by theutput frequency
response othe n" order of nonlineaity Y, (W), n=1,---, N to the final output response

Y(jw) . Figure 5.10-left illustrates the contributions byY,(#) at each excitation
frequency point f. while Figure 5.10-right shows the contributions made at the
corresponding B order harmonic3f. . It is seerfrom Figure5.10-left, for Trangw) , that
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all the orders of nonlinearityexceptY,( ju) , have higher contributions thary,( ju) at
the jump region wheref_ © [5,10]. The NOFRFs are convergent at thigion because
the contributions made byy,( jw) to the final output response is lesserath Y,( ju) .

Thus, the system can be represented by a finite set of nonlineariti&silarly, for
Trans (3w), in Figure5.10-right the highest order of nonlinearityy, ( j3w) contributes

lesser than the lowest ordeY,( j3w) for the output response at the"Border harmonic.
Therefore the evaluated NOFRFs are also convergent at ther@er harmonic in the
output response of the system.

The initial chaie of N =9 was found to be the minimum requirement for the
NOFRFs to be convergemhen testing theevaluatedNOFRFsvithin A itself. Thatis
Y, im)|<|Y,( j i and |Y,(j3w)|<|Y,(j3 W] for w= w at amplitudes shown iTable2.
Furthermore, it wasobserved that the evaluated NOFRFs remain convergent for
excitation amplitudes outsided until A, =1.5. As te evaluated NOFRFs were tested
for A, >1.5the NOFRRserefound tobe divergenti.e. |Y,( jw)|>|Y,(j ¥ for n>1and

IY.(i3w)|>|Y;(j3W for n>3. Thus,the fit between the actual and the NOFRFs
generated transmissibility curves were pdor A, >1.5.

Local appoximation of the severe nonlinear dynamics &, = [99.3,99.?

Similarto the above a NOFRFs based local approximation wadenat the high
amplitude regionA, . The NOFRFs were ewatled within A, using the set of amplitudes

shown in Table 3. The NOFRFs were evaluated considering a maxirotaer of
nonlinearity N =13 such that it was the minimum value dff for which the NOFRFs

exhibited theconvergentproperty at the amplitudes shown iifable3. That isat these
amplitudes, when observing the output frequency responseawth order of nonlinearity,
Y,.(w), n=1,--, N, the highestorderof nonlinearity, N, should contribute lesser than the

lowest order at that frequency. Thuly, (jw)|<|Y(j W and |Y, (j3w)|<|Y,(j3 W) at the

amplitudes shown inTable 3 for w= w. Furthermore,it was verified thatthe
transmissibility curvesegenerated using thevaluatedNOFRFs would fitell with the
actualat A,.

In order to verify that theevaluatedNOFRFs have actuafigptured the dynamics
within A,, these NOFRRgere tested at the excitation amplituded\, =99.3t and

A, =99.4 which are outside A,. The NMSE between the actual and tN©FRFs
generated transmissibility curves at these amplitudes are showialoe4.
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Table3: NMSE between actual and NOFRFs generated transmissibility curves.

NOFRFsvaluation NMSE,,, .. NMSE;, .,

amplitudes(A)
99.300 1.6053° 1.6104&*
99.292 1.4390€ 2.612¢*
99.283 3.296F° 9.142%°
99.275 1.754%° 1.472%*
99.267 2.6894° 1.656F3
99.258 6.489%"° 8.024@&*
99.250 7.3784° 1.436%*
99.242 1.9374° 3.699&*
99.233 4.5994° 3.6176&*
99.225 1.3774&° 3.365%*
99.217 6.2013° 8.9426*
99.208 4.387%° 9.749&*
99.200 2.3241e® 2.846%*

Table4: NMSE between actual and NOFRFs generated transnilisgiturves.

NOFRFs test amplitudes NMSE, . NMSE, .,
(A)
99.35 3.690@&"* 7.73134°
99.40 1.6216¢€° 5.916%72
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It is can be seen froithe transmissibilitymap of the given systentigure5.7, in the
amplitude regionA, = 8A|2 VA, 3{99.3,99.? jumps occur at a lesser intensity than the

lower amplitude regions. However, wharspecting the RSM diagram of the given system
at an excitation amplitude A=99.3 (which is A, ), as shown irFigure5.11-top. The

output frequency characterists for diferent excitation frequencies is much more
complex than at lower excitation amplituddsigure5.6-top. This is also evident from the
transmissibility of the given system #& =99.3 as shown irFigure5.11-bottom. At this
excitationamplitude the transnissibilitycurveshows the occurrences of more than one
jump. Hence it is appropriate to say thdbr the given system at higher excitation
amplitudes, exhilis relatively more severe nonlinearities thaat lower amplitudes.
However, docal approximatiorof the system using the NOFR&achieved

Response Frequency (Hz)

Trans (w)

1 5 10 15 20 25 30 35
Excitation Frequency (Hz)

Figure5.11: RSM (top) and transmissibility (bottom) diagrams of the given systen
an excitation amplitude 4 =99.3. It is seen from both these diagrams thhe giver

system at the excitation amplituded = 99.3 exhibits more seere nonlinear behavio
than at lower excitation amplitudes.

The NOFRFs evaluatatl A, when testedat A, =99.35were able to genaate the
transmissibility curvesTrangw) and Trans(3w) which fit well with the actualat all
frequency points forw= w . Furthermore, it was verified that the evaluated NOFRFs

were indeed convergenby observing the output frequency response edch order of
nonlinearity, Y, (W) , n=1,---, N, where the highest order of nonlinearitydid contribute
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lesser than thelowest order | 2 6 SOSNE (KA & 6A &gxuihusitieS OF

NOFRFs evaluated & is only valid tillA, =99.3¢.

Considering that the differencédA, , where DA, =A A A A as
mentioned earlier, it isvorth emphasising that choice oN =13 for the samebA, | at

higher evaluatin amplitudes is reflection of the characteristics of the given systerhis
is that at higher excitation amplitudes the output response exhibits more severe
nonlineariies than at lower excitatin amplitudes as mentioned earlier.

Figureb.12illustrates the comparison between the transmissibility curves generated
by the evaluated NOFRFs when testdA, =99.4. The fundamental transmissibility

Trangw) curve generated by thBIOFRFs fits well along all the frequency points and was

%107

x107°

Actual
3t O NOFRF estimate | |

Trans (w)
Trans 3 (GBw)

Trans(w)
(Iog10 scale)
Trans3 Bw)
(Iog10 scale)
=)
&

0 20 40 60 80 100 120

Excitation Frequency (Hz) 3*Excitation Frequency (Hz)

Figure5.12: Comparison of the actual system transmiigdity curves to the NOFR
generated at the excitation amplitudet, =99.4. It is evident that the NOFRFs, of

given system, evaluated using the amplitudes shovirable3 has captures the dyamic:
fairly well as the NOHRs generated transmissibility curves match well with the a
except forTrans,(3w) at the frequency pointsf,, =6,15.

convergentconsidering Y, () , n=1,--,N. However, Transg(3w) generated by the
NOFRFs at it amplitude generally fits well along all the frequencynp®iexcept at
3f. =6 ,1E. This is because at these frequency points the contributions made to the final

output response at the '$harmonic, Y( j3w), by the outut frequency responses of all
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the higher orders of nonlinedies Y, (j3w),n=5,--,N where N =13, were higher
than the contribution made by the lowest ordeshich isY,( j3w). This is shown iRigure

5.13, where the inner axes show a zoomedsattion of the outer axes at the frequency
point 3f. =15.
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Figure5.13: The autput frequency responses of each order of nonlinearity at the®
order harmonics of each excitation frequency poinf, . Is obtainedvhen the evaluate

NOFRFs were tested for a harmonic inpuith an excitation amplitudel = 99.4. The
inner axes illustrate the outer axes zoomed in at the frequency pofpt=15.

Considering the evaluation of NOFRFan amplitude regionA’ = gA., A . Given

the NOFRFgvaluatedare able to generate transmissibility curves, outsilg providing
a good fit with the actuaransmissibility curvealong all thérequency points considered
Also,NOFRFs approximati@xhibitsconvergere when onsidering thecontributions of

each order of nonlinearity to the outpuat amplitudesoutside A‘. Let the maximum
excitation amplitudeoutside A" in whichthe evaluated NOFREan achieve thiantil be
A, , where AL > A, . Therefore the NOFRFs from the regicfki is valid untiIA@L .

In the case of NOFRFs based local approximation of the given sgstidwa region
A =[1.3,1.3, Ay =1.5while for the cas®f A, =[99.3,99.2, A, =99.35. Recall that

bA,. =A, A, A, A Thusfom theanalysis ofth@bovetwo casesat excitation
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amplitude region A* where the nonlinear behaviour is relatively neosevere the
maximum excitation amplitude in which the NOFR#esvalid until, Aj , is much closer to

region A". This is given that thehoice of N used for the evaluation of NOFRE such
that it is the minimum requirement for the evaluated NOFRHAseteonvergentvithin A*
.However, for thecase A, =[99.3,99.2, it was found thatAj - 99.4 when the NOFRFs

are reevaluated atthe same amplitude range but with a much higher valueNof
N >13.

From the above analysisis evident that the theoreticalanvergence of the Volterra
series at regions of severe nonlinear behaviour deied possible when using the NOFRFs.
This is because the NOFRFs are-ginensional frequency functions based on the
Volterra series thus enabling the use of higleder nonlhearitieswith ease It should le
emphasised the use of NOFRFs for such a cgamee was achieved because of the
numerical accuracy in the {MS method to the evaluation of NOFRFs. Furthermore, it
should be mentioned that a convergence of a Volterra sdvéesed concept, such as the
NOFRs, at the regions of severe nonlinear behavitas not been reported before to the
best knowledge of the author of this thesiche observations made above and the ability
to use the NOFRF to analyse a system that exsbitere nonlinear behaviour hasany
advantages in analysidesignandFault Dagnosif thesetypes ofsystems. Furthermore,
this could be an initial steimto the analysis of severe nonlinear systems in the frequency
domain.

5.5 Summary

Thischapterpresents an improvement to the oiital LS method29] of evaluating

NORRFs. It is shown that this new method, thellmethod, has better accuracy in the
evaluation of NOFRFs. This higher accuracy is gained by appropriate construction of the
information matrix used in the leastquares suchthat only the necessary terms are
included at each frequency point. This increatescondition number of the information
matrix but most importantly the decomposition to the respective orders of nonlinearities
is attained appropriately. This allows thNOFRFs to be evaluated more accuateith
just the system inpubutput data. The ®FRFs can be used to decompose the output of
a nonlinear system to its respective output nonlinearities in the frequency domain and
therefore facilitate practical nonlineasystem analysis with applicationsicluding
engineering systerfrault Diagnosiand structural system health monitorindggecause of
the accurate decomposition of the nonlinearities by the NOFRFs using-tte mdethod
and the NOFRFs being edienensional fequency functions based on the Valte series.
For the first time the theoreticalconvergence of such a method is obserfed sever
nonlinear systems at regions which it was not possible or impraciitesis because of
the high computational ineffigincies that are inherently presemt the multidimensional
nature of the Volterraaries based methods such as the GFRFs.

The system under investigation was analysed qualitatively in detail using a
transmissibility map and RSM diagrams drawing relatigpssibetween both. In this
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analysis it was pointed out that the excitation frequen@nd the amplitudeplay an
important part in the exhibition of severe nonlinear behaviour. The exhibition of severe
nonlinear behaviour was studied at two different ample regions.The severe
nonlinearitythat was investigated in this study was the jupipenomenon. The NOFRFs
of the system evaluated under the two amplitude regions was confirmed to converge at
the jump phenomenon given the adequate choice of maximum neality N. It was
discussed in detbhow the choice oN was madeThe choice oN, should be high enough

so that the contribution of theN" order of nonlinearity to the output should be less than
the contribution of thecorrespondindowest order at that the respective harmonid:his

is an initial step and new insight into the analysfssevere nonlinear systenis a pure
Frequency Response Analyapproach This will facilitate the analysis, design drallt
Diagnosi®f systems hat exhibit seves nonlinear behaviour.
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Chapter 6

Data-driven Condition Monitoring
and Fault Diagnhosi$JsingSystem
|dentification and Frequency
Response Analysis

6.1 Introduction

As mentioned inrChapter land Chapter 2CM-FDprovides the means for safe and
reliable operation oengineering systemensuring cafidencein the state of the system
to the user. ThroughCM-FD necessary information of the state of the system can be
obtained for predictive maintenance and operation of the system safalhapter 2
Section2.4 a control systems perspective ©WM-FD through System dentification of
blackbox timeseries models and the analysis of these models basedrrequency
Response Analysisas discussed. By using bldik« modelling techniques avoids the
need for detal physical models, which is often not feasiblgractise[22]. Discretetime
blackbox models of @ontinucustime system are not a unique solutiptherefore,the
Frequency Response Analyisisised to obtain unique fault specific features @wFD
(seeSection2.4). The principlebehind this approach is that any changes in thggital
properties of the system can be observed from the changes irfFthguency Response
Analysis ThusCM-FDis conducted by observing features extractfeaim the Frequency
Responsénalysisin the casef linear systemghe identified ARX model wite analysed
in the frequency domain using the w&hown linear FRFs. Similarly, in the nonlinear
instance the identified NARX model will be analysed ushmgNOFRFEs

As mentionedin Chapter 4Sectiond4.3 and because the significant improvement of
the exraction of NOFRFs, introduced @hapter 5 the NOFRFs amore feagble in
relation to the GFRREar the Frequency Bsponse Analysif nonlinear systemsespecially
in the context ofCM-FD Penget al.in [19] proposed and demonstrated the performance
of the basic methodology of combining NARMAX modelling and NOBRBnductCM
FDof engineering sstems. Baymand Lang ifj15], built on theidea proposedn [19],
introduced a comprehensive framewo for CM-FD using NARMAX modelling and
NOFRFs. The authors [f5] proposed the use of a priori trained PCA (Principal
Component Analysis) algorithm in order to extract representative features fréargar
set of NOFRFs based frequertdgmain featues. The feature where then processed
using a pwri trained neural networlbased classifier to indicate the status of the system
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This chapter mainly focuses on the practig@plementation of using Systen
Identificationand Frequency Respse Analysifor CM-FDwith the emphasis oisystem
Identification. Some of the major practical concein usingSystem Identificatioare; the
adequate choice of sampling timeputs which do not persistently excitedtsystemand
the assurance of evaltiag a stablanodel from theSystem Identificatiomnethodology
Inadequate inputs which are not persistently exciting and not being able to excite
important dynamics of a system are widely preser@M-FD In the widercontext ofCM-
FD at times nothingcan be done bout this. This iBecauseCM-FDhas to be carriedut
without disrupting normal operations of the system by feeding different injp2&. Such
concerns regaritg System Identificatiohave not been considered in the literature in the
context of FDleitherusing Sl on its owar even incombination with FRAThus,a more
optimised mettodology ofSystem Identificatiofor practical appcations is presented.

Thechapterdiscussesn detailthe concepts and the importance ttie appropriate
selection of sampling time, selection of the maMimdynamic order and the foulation
of a stable model under inadequate excitation inputs. THgysem Identification
methodologyis formulatedconsidering these concepts lmsing some of the already
known methods. However, in order to efficiently produtatde time-series models uter
inadequate inputsa new System ldentificatioralgorithm is presentg. It should be
emphasised that a complet&ystem Identificationmethodology for CMFD, that
addresses theabovementioned concerns for practical applicatios has not been
presented oriscused before inthe literature.

6.2 Sampling time System Idenfication and nonlinearity
detection

Sampling time is a critical factor that needs to be considered for the quality of
dynamical reconstruction of nonlineaystems from inpuoutput data[28], [139;[142].
It is well known that the performance of structure detection and parameter estimation
algorithms are affected by the sampling time of the data under investig&i®jnWorden
et al. in [143] pointed out that the effects of sampling time while does not affect the
validity of the model but however, produces models that are overly complex. Although
overly complex model at timds adequate for prediction purposd443], including more
terms than required will usually lead to models that exhibit spurious dynamical effects
that are not actually present in the aksystem and at worst be numerically unstaf2é],
[27]. If the sampling time or the delay time between samplEsis too long the data will
be undersampled and this will cause a loss of dynamic behaviour that is pretieint
the data. Converselyf the sampling time is too short then the data will be oversampled
and be highly correlated, i.g(t) © y(t -1), which will result in numerical issues.

Billings and Aguirre ifi28] demonstrated that smaller sampling times favoured
accurate parameter estimatiowhile higher sampling times improved structure detection
capabilities. However, the authors also pointed out thatfas 0, y(t- 1) - y(t) will

cause numerical problems leading to a deteriavatin the accuracy of paraeter
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estimation. It should also be emphasised that in the case where the sampling time is too
small andy(t) © y(t 1) $/(t 2), the parameter estimation process will give a higher

weighting to output lagged terms such a4t- 1) and y(t- 2). Consequently, this will

result in a deteriorate in the dynamical effect of a bldkk modelthus deterring the
attempt to reconstruct the dynamical mapping of the inpugt) of the system to the

output y(t). As such this would affect the detection of the model structure, especially the

detection and parameter estimation of nonlinear model terhierefore,a compromise

in the selection of sampling tinie necesary. Thusn order to obtain satisfactory results

it may be necessary to downsample the observed data appropriately before conducting
System |dentification The appropriate sampling time can be chosen using several
available methodq4144] and a commonly used method is based on the correlation
function [145]. In orderto accomnodate nonlinear correlations the method of selecting

an appropriate sampling time has been proposed [B8] based on nonlinear
autocorrelation functions. The performance of this method and its consistency has been
demonstrated and a rigorous analysis of the mettardl the justification of itsiseis
availablein [28], [139], [140] The specifics of this methate as follows;

9 Congdering the correlation functions

€ Fyt) =EQYO YOt D w)) g . £ 0E-,

| L L 6.1)
TF e () =EZY2() VOt O YD) & 205,

where E[] is deroted as the mathematical expectation and the overbars
represent averagngwith respect to time.

1 Chooset,, such that

t, = min{ [, yz.é (6.2)

where £, and ¢, are the first minimums ofF  (£.) and F ... (f.)
respectiely. Fa systems hhat are explicitly known to be linear, = { can
be used directly.

9 Finally an appropriate sampling time can be chosen in the range

Ingt ¢h (6.3)
20 10

9 The above rule is a heuristic relation and not a precise mathematicabsne
such the rang shown in equatioif6.3) can be often relaxed t{L40];

Ing1 ¢h (6.4)
25 5
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6.3 Model term selection criteriorand model building

The selection of appromie model terms is ofital importance in order for the
approximate dynamical reconstruction of a system from its irputiput data[27], [146]
As pointed out in the previous section the sampling tirfig, needs to be considered.

Furthermore, thechoice ofmaximum dynamiglag)orders n,, n, and n_ of the output

y(t), input u(t) and the residuals(t) (also known as embeddirgjmension$, which

will be used by a modestructure determination algrithm such as theFROis of
significancethis has beemointed out in[26]. As discussed iGhapter Sectior3.6.2, two
popularly used model term selection criteria are tBRRbased FRO algorithifi09],

[110] and the SRRbased SEMP (Simuilat Error Minimisation with Pruning) algorithm
[106]. However, both these algorithmiave shortcomingsand are affected by the
sampling time issué the context ofthe approximatedynamical reconstrction d the

true system dynamg This section aims to formulate &ystem Identification
methodology which will take into account the considerations of sampling time, dynamic
order and model structure determination.

6.3.1 Choice of maximum dynamic order

Considerig n, = n,, the choice of the maximum dynamic ordey in the context of

nonlinearSystem Identificatiofis significant for the discrete dynamical reconstruction of
the continuous time dynamics frotthe input-output dataof the system This$ because
the choice ofn, higher than a certain value has been reported to produce spurious

dynamics in the case of chaotic systef@§] due to the occurrence of unnecessary
Lyapunov exponentd.46].

Aguirre and Billings if27] introduced the concept of model structure space (M&S).
is the space in which all possible identified mostelictures can be characterised under.
The MSS if27] is defined in terms of the sampling timg, the dynamic ordem, and
the totalnumber of process terms in the polynomial model. The authors demonstrated

that the appropriate model structures resulting in the bestimated modelsn the MSS
lie within certain boundsThe best estimated models amgith regard b dynamical
reconstruction.Thus he subregionA in the MSS in which trse best model structures

lies is in relation to the bounds df , n, and n, in which A (n T,). Mendesand
Billingsin [147] expanded the initiaconcept ofMSS and the subregioh and revealed

y’np’

that A should also be defined using the data lendthused, the noise variance and the
number of noise terms.

In considering the atwve and the usual approach that initially the process model
structure is to be determined first before the noise model is considered, to avoid bias in
the process model structerselectior{24], [72] The initial choice of,, n, (n, = n,) and

n, is thus significant. The choice @f can be done using the approach introduced in
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Section6.2 For the initial determination adhe maximum dynamic orderE;y andn,, the

method of obtaining a reduced set of candidate terms proposed byeiadiin [148] can
be used.This method is introduced in the following section.

6.3.2 Reduced set of candidate model terms

Wei and Billings ifiL48] proposed an effective method of obtaining a reduced set of
candidate model terms for the identification of nonlinesystems. This is based on the
idea of fitting adcally linear model to the inpetutput data of a nonlinear system using
the FRO algorithm. The set of input and output lagged terms or regressors of this local
linear model, 0 ,, , isthen used to compose the set of nonlinear mod®hs (regressors)

U, . The reduced set of candidate model termag ={ @ ,,, 0,} is then used for the

identification of the nonlinear model. The authors demonstrated effectiveness of this
method and showed that this oebe used in various line@m-parameter model types such
as polynomial, fuzzy logic, neurdtwork and wavelebased models. Using a reduced set
of candidate model terms improves the computational tifioe the evaluation of the
nonlinear modelsThis ivecauseahe identification algorithmmustonly consider a much
lesser number of termthan an overall full set thancludes all possible linear terms and
the respective nonlinear combination of these

The authors 0f[148] pointed out that if a certain lagged term, with respect to the
output of a nonlinear systemis significantthusit is significant in a linearized model as
well. However, it should be noted that this method does not attempt to consteuct
linearized model representation. It is an initial step of selecting suitable modelsterm
(regressors) to represent the linear dynamicshaf system present within the dafa48].

6.3.3 PEM and SEM approach toadel term selection

The SRRbasedSEMP algorithm inherently is computationally intensive because of
the need for running simulations order to access the importance of each candidate
regressor or model terrf.06]. This is a significargsue in the cotext of nonlineaiSystem
Identificationas the number of candidate model terms is extremely large eagpter 3
Section3.6). Conversely, the $# algorithm, since it is based on the SEM appraach
reported to be more robust than the PEM counterparts such as the FRO algorithm and
produces models that hee the ability for long term predictiofi80], [106]. Furthermore,
the SEMP algorithm has the capability of removing any terms, vainechdded in previous
iterations that become redundant because of the additionredw terms at subsequent
iterations. Therefore SEMP is a stepwise regression algorithm &mnslavoids the addition
of spurious termsA major advantage of the SEMP algorithm is that it can guarantee a
stable model since it minimisers a simulation error basest dunction[106]. For the
specifics of the SEMP algorithm and variants the reader is directed towar{lE6],
[111], [149E[151].
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The OLERR based FRO algorithnena commonly used model term selection
algorithm based on the forward selection approach. It is much fastel efficientat
evaluating significant model terms than tf8EMP algorithm because o$ iPEMbased
OLSERRramework. The recently introduced ttative FRO (iFRO) algoritlj&8] hasthe
ability to take several differenbrthogonalisationpaths to produce competing models.
This ability of iFRO algorithm overcomes one of the major drawbacks of the original FRO
algorithm.From these competinmodels the best performing model can then be chosen.
This process can be compébel in relatively low time and the iFRO algorithm hdsgher
possibility of achieving global optimum solution in a PEM sertban the original FRO
[83]. For specifics on the FRO and the iFRO algorjttmaseader is diected toward483],
[109], 110}

A PEM approach t8ystem Identificatioaims at inding the optimum onestep ahead
predictor, ¥t|t- 1), of the output data[24], [72]where;

Wlt-1) =f(yt B, yt n)ut Dy ut n) (6.5)

in which for the NARX casg is a nonlinar mapping usually of the polynomial form (see

Chapter 3Section3.4.2. ThePEM approach asymptotically tends to the correct model
dependng on the amplitude and frequency content of the input excitatigt) [24], [72]

However,for the identified model to be able to reconstruct the actual dynamics of the
system, its ability for long term prediction, i.e. siatibn performance needs to be
consideredas this shows the ahamical features of the model more direc{BO0], [152]

Sjoberget al. in [88] pointed out thaton the basis of the optimal predictonodel, the
optimal simulation model can be evaluated byt y(t) = % (t) and ¥t|t- 1) =y,&)
in equation(6.5). Therefore

%O = Oy D)y (E R ut Dy ult nd) (6.6)

where ¥ (t) is the model predicted output or thersulated output of he model.This is

the essence behind the SEMP algorittimrthermore, when considering mukiep ahead
or k¢ steps ahead predictor models, the PEM criterion terathée SEM criterion asand
the number of observationsicreased79], [153], [154] Thus,the optimal PEM model
tendsto the optimal SEM when considering longer prediction horizons.

6.4 A newmethod to System Identificatiorbased on SEM and
IFRO
The iFRO algorithi83] has the ability to search several orthogonalisation paths in

order to achieve an optimal solution a PEM sens&ach term in a given set of candidate
model terms, 0 ={f§, £, %/} , will be used as a starting poinfor the

orthogonalisation process and several orthogonalisation paths will be searched
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simultaneously resulting irm competing modelsThe best model is ches based on
parsimony and the sum oOERR (SERR values of all terms contaéd within the
corresponding models. The simplest models with 8giRRvalues are considered to be
the most optimum.The search on each orthogonalisation path will be done usipg-
defined stopping criterior(1- r), where r is a certairSERRolerancethe model in the

search path should not attain any higher.

In the iFRO algorithpthe initial term seta  is dosen from a larger term seid .
The origind FRO algrithm is applied tod , with a predefined tolerancer to obtain
0 .. Thus applying the iFRO algorithm @n, the term set of the best performing model
u,, is obtained. Further iterations can be performed where each term jp is selected

as the first starting point and thus severallmsgonalisation paths will be searched using
all the terms inG .. The best model from this iteration is then chosen as the new best

model. Settingi ; = U, and the set of terms in the new best modelsg, . The process

is then repeated. It should be noted that the best modétained in the subsequent
iteration will be less suboptimal than the model olsted in the previous iteratioif the
stopping criterdn (1- r) iskept unchanged83]. However, as pointed out bgauo et al.

in [83], often no further iterations a¥ needed after the first iteration. ferefore, in the
iFRO algorithmthe forward seledbn method based orthe OLSERR can be directed
towards a certainoptimal orthogonalisation path.Furthermore, he most significant
feature of the iIFRO algorithm is thid has been demonstrated can be used iBystem
Identificationeven in the presencef inadequate inputs that do not persistently excite
the system[83]. Thus, its potential in theSystem Identificatiostrategyproposedin this
chapter, specifically fortCondition Monitoringand Fault Diagnosid-orin detail specifics
on the iFRO algorithm the reader is directed&8].

In this section an extension to the iFRO algorithm is posed in which the
orthogonalisation path taken is directed towards minimising the simulationrefdhe
model produced.As such this algorithm will be called theFBO (Simulation error
minimising iIFRQ3lgorithm

Guo et al. in [83] highlighted some important properties of the IFRO algorithm
consicering its iterative process of obtaining a moddlese are;

1. If a correct model term is selected e first term in the orthogonalisation
path the algorithm will reehthe stopping criterion (1- 7), relatively faster

thus resulting in a more parsimonious model.

2. Incorrect terms may contain information of more than one correct term
thus obtaining a higheéERRvalue. However, if a correct term igréed to
be selected as the first, thERRvalue of such incorrect terms drops i&s
contribution to the output variance becomes less significartereforeit is
much unlikely for an incorrect term to be selected in the subseqsé&ss
of term selectia.

92| Page



3. All correct terms will be significanfrom an ERR point, on the correct
orthogonalsationpath.

Considering the above properties of the iFRO algorjthechoice of thebest model
from a set ofm competing models M ={M,,---,M,} is doneexplicitly by using the
respective simulatiorperformance of eah model M, , k =1,---,m. Thus,yielding the

best performingsimulationmodel. This is because more than one competimaels in
M may have the same number of terms. In suchirtance compasion with onestep
ahead prediction errors, e (t) = W1 -§t|t 1), and the SERR might not yield a

satisfactory model This is becaussome of these models might perform poorly when
simulated and even be unstabJ#06]. Thus,the model with the least simulation errors,
e(t) = 9 -&(D, should be consideredTherefore, the modelsM,, M, I M for

k=1,--,m should be compared against thmean squared simulation srs of each

model, MSSHAM,), and the model with the least MSSE, i.e.
M =min{ MSSEM,)|M, 1M, k -, this chose as the best model

Recallinghat the model which is found in the subsequent iteration will not beseor
than the model irthe previous iterationsgiven the stopping criterion is kept unchanged
Thus,in consideration of the properties of the iFRIQorithm, mentioned earlier, and the
iterative procedure of directing the iIFRO algorithm to follow an optimum
orthogonalisation pathThe iFRO algorithman be made to follow an orthogonalisation
path directed towards an optimum SEM search path. Thisbeaachieved by mking the
choice of the best model throughout the iIFRO algorithm usingMI8SE, such that

M = min{ MSSEM ) | M, M, k 4., (6.7)

wherei denotes he respective iterationM is the respective best modely, is the set
of competing modeland m is the total number of competing models in tlie iteration.
It should bestrictly followed that fori 2 2 the competing modelsM, , in M, are under
the conditionthat;

MSSEM, ) < MSSEM, ,) (6.8)

As such in thé™ iteration if the set of competing model®1, = A, where A denotes a
null or an empty set, then the final modettéken asM _, . This is the essence behind the
SiFRO algorithm

The models obtained in using theFIRO algorithm will tend to obtain the optimal
simulation model of the syste in relation to the inpuoutput data. At each iteratiom,

M, obtained is the best simulation modiel M, . Thus the terms that compose\ will
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be the best combination of terms thatn reconstruct the dynamics of the actual system
among all the competing modelsThis is because as mentioned $ection 6.3.3
simulation performancahows the dynamical features of the model more direddgnce

as iterationgprogressbetter models in a dynamical sense will be obtained. Furthermore,

M, is more likely to haza higher number of correct terms.

It should be highlighted that given a certain maximum dynamic ondeeren, = n,

, and that the sampling tim@&; is set appropriatelyln the perspective of the MSS (see
Sedion6.3.1), in the SFRO algorithm, the iFRO part will produce possible models that lie
in the spaceof the MSS because of the several orthogonal paths taken. The selection of

the best modeIM is dore using the minimumMSSE subjected to the condition in

equation(6.8). Thisimplies that as the iterations progresﬂ will containmore terms

that would reconstruct the actual dynamics of the system more accurately. Thus further
implying that some of the terms iM would actually be a part of the model structure in
the subregionA of the MSS. Recalling thét is the region in which the best model
structures that could reconstruct the systedynamics well thus attaing the best
simulation performancesﬂ would tend to be in this rgion as the iterations progress.
Because of the efficiey of the iFRO to search several orthogonal p§§ this would
mean thatﬂ will tend to this region ef€iently. Thusthe SiFRO algorithm can obtain
models that can reconstruct the actual system dynamics preseneiddta effectively.

The SFRO algorithn is much more efficient than the SEMP algorithm because of the
much lesser numberfosimulations needed to be carried out. In the SEMP algorithm
model terms are selected in a stepwise regressiohifasin which case simulations are
needed to be carried ut every time a term is added or removed. Converselythe S
IFRO algorithnsimulaions are carried out on thalready formedmodek in the set of
competing models. However,naturally, the SiFRO korithm requires more
computational effort than the iFR@lgorithm. Neverthelessbecause of the superior
efficiency inherently present with the iFRO algorithm in obtaining optimum models and
the unlikely possibility of requiring a higher number of d@éons [83], the number of
simulations that needeéto be conducted will mainly depend on the size of the initial set
of model termsa ( used.Thus,using a reduced seif candidate model terms, obtained
using the methodntroduced inSection6.3.2 woud increase the efficiency of theiBRO
algorithm.It should be noted that because of the SEM nature of tileRD algorithm the
models produed are robust and often could produce unbiased estimat@], [152],
[155].

In the following subsectiona method of obtaining a reduced set of candidate model
terms based on the method introduced 8ection6.3.2but using the $FRO algorithm is
presented.
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6.4.1 Obtaining a reduced set of candidate model terms usitige SiIFRO
algorithm

The total number of candidate model terms for a nonlinear system can be a large
number depending orthe maximum dynamicorder (n, = n,) used and the highest

polynomial nonlinearityN  consdered. Using a reducecet of candidate model terms

significantly reduces the computational effort of identifying a nonlinear model such as a
NARX mode(Section6.3.2).

The significantmodel terms (regressors) of the locallwear model,d ,, can be
obtained and a reduced set of lineaft ,,) and nonlinear(d ) candidate terms,
u,={0,,0,}, can be composedBy using the RO algorithma obtain @ .,
because of theSEMnature, the linear model terms obtaineill be robust and often
unbiased[80], [152], [155] Furthermae, the process can be even done if the system is
not persistently excitedThe reduced set of candidate ternts, isthen composed using

theserobustlinearterms. It should benotedthat robustnesss inrelation tothe data and
the local dynamics present within the dat@urthermore, because of thEEMnature of

the SIFRO algorithmandconsidering that the simulation performance is a direct measure
of the model dynamicgsee Section6.3.3. The linear model terms (regressors),,

chosen will describthe true locally linear dynamicAs discussed iBection6.3.2a model
term that is significant in the original nonlinesystem will be significant in the linearized
model. Thussince the terms iri , are robust, some of these terms should describe the

nonlinear terms and thus the nonlinear dynamics sufficiently.

The detailed steps involved in theFRO algorithm including the peelection of the
reduced set of candidate ternase as follows;

1. Setting an appropriate maximum dynamic order, and n, = n,. Obtain
a full set of linear input and output lagged tes (regressorsii , ;. -

2. Setting a certain tolerance , perform the iFRO algorithm oa . In

each iteration of the algorithpselect the best model using the simulation
performance in &EM sense using equati($i7) along with the condition
in equation(6.8) to produce the best simulatiomodel.

3. The terms in the best simulation modale taken ast ,, . Thus compose
all the nonlinear terms arising from the nonlinear combinations of the
terms in 0, untl a certain degree N, to form 04 . Thus

4. Perform the iFRO procedures in which the besmtdel M in each

iteration i, is chosen in accordanceith equation(6.7) subjected to the
condition inequation(6.8) to produce the final model.
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One approach otelectingthe maximum dynamic ordein step 1 abog is such that,

determine the value ofn,, n, = n,, from a range of valuesThiswould produceseveral

locdly linear mocklsin following through steps 1 and Zhe locally linear modalith the
least MSSEis then chosen and the corresponding model terms are selected gsin

step 3.

Example of a nonlineaBystem Identificatiorusing theSiFRO algrithm

The performance of the -lFRO algorithm in the case of nonline&ystem
Identificaion in the presence of a disturbance is shown here. The nonlinear system that
is to be identified is shown in equati@6.9) below.

y(© +0.2y@®) +y(® Ky S¥(@O ud (6.9)

The nonlinear system in equati@@.9) is subjected to an inputi(t) where;

u(t) = A(sin(20 f,t) +sin(24,t)) (6.10)

in which f, =10Hz, f, = 25Hz and A=50.

The SFRO algorithm as used with a reduced set of candidate terms in the following
manner;

1 Alocally hear model was first fitted to the data using theilFRO algorithm
to obtain a set of linear model termis , . A reduced set of candidate model
terms @, ={0,,, 0,} was formed wheret , is the setof nonlinear
candidate terms composed using, ,, up to a nonlinear polynomial order
N, = 3. The stopping criterigl- r) =104S.

1 The SFRO algorithm was then used along with to obtain the final system
model. The stopping critesh at this stage was used ad- r) where
r =SERR,, Mmin( ERR;,), in whichSERR ;. is the sum ofSERRvalues

of the terms ind , ,, and min(ERR, ;) is the corresponding minimufERR

Jin

value the term setl . .

The system shown in equatid6.9) was subjected to the input in equatiof6.10)
with sampling timeT, = 360Hz. A step disturbance &s added to the output as shown in
Figure6.1 before the identification process.
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Figure 6.1: Output y(t) of the system with adeéd step disturbance.(a) shows th
complete time series of the outpu(b) shows the section of the time series in which
disturbance is added.

System Identificatiorwas performed usig the SFRO algorithm as mentioned
above.Figure6.2 illustrates the model predicted outpwor the simulation output against
the actual output of the system with the added disturbandeble 5 shows the
correspondingeRRvalues of thdinal model along with the parameter values.

Table6 shows the corresponding model with the lowddSPE(mean square bthe
prediction error) valuelt is seen fromlable5 and

Table6 that the bestsimulation model has a four times highetSSEhan the lowest
MSPEmodel. However, thiMSPEvalues of both the models are approximately the same
even though theViISE values are significdly different. This indicates the model selected
using theMSE is mae dynamically accuratd hefrequency components generated by
the nonlinearity of the systa is very minute compared to the complete output signal
which is dominated by the frequenciels and f,. Thus,sekcting the best model using
the MSE rather than theMSFE produces models that are more dynamally accurate
This is significant in the case GM-FDas theSystem ldentificatioprocess neds to be
able to capture the dynamics of the system present iedata well. However, it should
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be noted that it is foremost the iFRO part of the algorithmtth@duces these competing
models. This indicates the significant ability of the iFRO to pedyoamically correct
models. The 8RO being an extension of tHERO selects the most dynamically correct
model from the competing models produced.

Table 5: Specifics on the best simulation model

Model term ERR
y(t- 12 y(t -5) 0.56279
y(t-1) 0.4169
y(t-5) 0.0168
u(t- 2) 0.0035
u(t- 5) 6.6345¢
u(t- 4) 7.8074¢

MSSE = 1.0348¢ MSPE = 2.57298

Table6: Specifics on the least MSPE nabd

Model term ERR
y(t- 1)3 0.6373
y(t- 1) 0.3417
y(t- 5) 0.0174
u(t- 2) 0.0035
u(t- 5) 6.23%e”’
u(t- 4) 7.827%°

MSSE =4.0667¢*

MSPE = 2.57Z¢e°
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Figure6.2: Actual output (blue) against the model predictedr the simulation ouput

(orange) atthe start of the disturbancelt is seen clearly that the model predicted out
performs well in comparison to thecaual output.

6.5 CMFDmethodology based on Sl and FRA optimiséalr
practical implementation

The SFRO algorithm proposed in this chapter can adsltke concerns mentioned
in Section6.1 which is part of the mai motivations of the current study (se€hapter 1
Section1.2). Because of the SEM nature of theFRO algorithm and the inherent
efficienciespresent within the iIFRO methodhe task ofSystem Idatification can be
conducted even in the presence of inadequate irgauhich daesnot persistently excite

the system. Thishowever will be to a certain degree. The matter of accurate dynamical

reconstuction is addressedecause of the SEM nature of th®iFRO algorithm

Therefore, he models identifiedwill be robust and would be able to reconstruct the

actual system dynamics present within the data.
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The issues of numerical accuracy present within dniginal LS methodor the
evaluation of NOFRFs haeen addressed by the proposedIMs irChapter 51t has been
shown that the NOFRFs can now be applied, using theSMmethod,to locally
approximatea nonlinear system thagxhibits severe nonlinearities. This enablé® use
of the NOFRFs f@M-FDof nonlinear systems of the severe nonlinear type. Thith
the improvements to the NOFRFs presentedChapter 5and the proposd SiFRO
method for System Identificationthe first three objectives dhis study (se&ectionl.3)
have been achievedConsequentlya new methodologyfor Systemldentification and
Frequency Response Analysisionlinear systemwill be as ftlows;

1. Select an appropriate sampling time using thethod introduced irSection
6.2

2. Identify the model that fits the data using theiFFRRO algorithm wittpre-
selection of the reduced set of candidate termsteps 1¢ 4 in Section6.4.1

3. Evaluatehe NOFRFs of the model using theLBl method.

The above methodology proposed for SI and FRA of nonlinear systems is then used with
the previously proposgframework in[15] for a complete datadriven FDI framework for
CMD of nonlinear systemsThe same framework can be used in the case of linear
systems in which instead of the NOFRFs the linear systems FRF is used in step 3 above.

6.6 Summary

In this chaptera newSystem Identificatiomlgorithmcalled the SFRO is proposed.
This along wih the strategies mentioned for selection of samplitige and maximum
dynamic order a complete System ldentificationmethodology is presented which
addresses the practical concerns of usBygtem Identificatinin CMFD The concept of
MSS was explaineth detail. Thus, the importance of sampling time, ntiaearity
detection and the selection of the maximum dynamic order were discussed extensively
using the concept of MSShE significance of achieving a dymiaally correct model in the
System Identifickon stage of the SI and FRA approach is critiéedurate dynamical
reconstruction of a system using inpotitput data was discussed extensively with regard
to PEM and SEM approaches. It was pointed how a SEM approach t8ystem
Identification produces more dynamically accurate models. However, PEM cgmbres
are much more computationally efficient. ThereforeSgstem Identificatioralgorithm
that combines the efficiency of PEM and the dynamical mxguof SEM was considered.
Thus the extension propsed to the iFRO algorithm, theiFlRQ makes certairthat the
model produced in the identification stage is the most dynamically accurate model
accordingto the inputoutput data ofthe system.A detail discussion of the -5-RO
algorithm was presented iarder to explain how the algorithm will produce dyneally
accurate models with regard to the concept of MSS. An example of identifying a system
with an external disturbance in the output data was shdwimighlight the capabilities of
the proposed algothm. The inclusion of the MLS method to the evaluatm of NOFRFs

100 Page



further improves the complet€M-FDmethodology based oSystem Identificatiomnd
Frequency Response Analydibus facilitating the praticality of applying this approach.
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Chapter 7

Low-FrequencyRFID Based Eddy
Current Probing and Defect
Characteriséion UsingSystem
|dentification and Frequency
Resporse Analysis

7.1 Introduction

LF (Low FrequencRFID (Radio Frequency IDentification) technoloaggedNDE&T
(Non-Destructive Evaluation @hTesting) or notinvasive technique for SHMas been
recently poposed[32], [33] In[32], [33] the respective authors used features from the
time-series signal of the RFID system igtidguish between different stages adrcosion
and different progressions of cracks.

Most RFID reader and tag systems functi@ecording to the principles of inductive
coupling Thus, the procedures of power and data transfer are governed by the palysic
principles of magnetic phenomefids]. The basic theories and details behind the working
principles of RFID tags can be foundid]. RFID systems comprise of a reader (primary
coil) and tag/transponder (secondary coil) and use electromagnetic induction for power
anddata transfer. The reader and the tageanductively coupled. During which the reader
transfers power via magnetic inductiothg carrier wave) to activate the tag and receives
data which is stored in the tag memory and also communicates witlui.to he reader
coil and tag coil being magneally coupled, the magnetic field of the tag iseefed upon
the reader coil as an imaginary impedankeknceany variation in the tag magnetic field
is reflected on the reader through this imaginary impeda(werier and tag signal)rhe
voltage reathg taken around the reader coil is a differentialtage which is the result of
the tag magnetic field inducing currents on the reader coil, that are opposite in direction
0[ SyT Q& t+F60 (G2 NBFRSNI O2Af OdzNNByGaod

Cansidering when a RFID tag is attachecdatmetal, the electromagnetic coupling
between the meal and the tag will cause certain changes to the magnetic field produced
by the RFID tag. This depends on the electrical properties of the metal attached. Since
these changes are observable from thedeg any changes in the electrical properties of
the metal will be reflectedn the tag magnetic field. Consequentiny changes to the
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electrical properties of the metal will be observable from the reader. Variiscts in
metals result in changes itsielectrical properties. This is the essence behimdconcept

of using RFID for defect characterisation. The viability and effectiveness of this concept
were illustrated by the authors of33] and [32]. Essentially the RFID reader tag system
acts as a wireless probing and sensing mechanisrDESN for the purpose &HM

In [33] and [32] the tag response was obtained bytdiing the output signal
(comprising thecarrier wave and the tag response) and then applyamplitude
modulation. The tag response was analysed using traditional signal processing techniques
of extracting features such as peak amplitude, signal height Bbhe authors 0f33]
presented in their results a clear distinction of corrosion characterization and the
potential of using RFID tags for defect detection in metal structures. Popukariy bther
eddy current based NDE&T tetques, the features are extracted and the analysis
conducted only by way of observing the output response of the probing mechanism. This
indirectly brings about the assumption that the response signal, that setcompared
with a reference signalsimeasured not only under the same or similar coodgj but
also the same input or excitation signal to the probing device. Therefore, this implies that
even though the features extracted are defect specific tegrde, these features also to
a certainsignificance depends on other factors as well. Hewith the type of signal
processing techniques used and basing the analysis only on the output response results
in several disadvantages whichvedo be mitigatedfor practical implementation. These
disadvantages are briefly mentioned beld, [6].

9 Due to theeffect of noise and other disturbances,uft features such as
amplitude and phase gets affext.

1 Dynamic interrelationship lacks between the fault and signal. Therefore, a
comprehensivd-ault Diagnosimight not be able to be carried out.

9 Fault featuresdepend onthe input signal, other systeno&ds and disturbances
and other backgrounaffects. Therefore, many other factors could influence
fault features.

1 Many preprocessing steps are to be taken before feature extraction which could
distort useful infomation.

For detecting structural defectich as corrosion, crack etc. and its severity zintgi
RFID tags as a sensor, a g@undition Monitoringmethod should be used which could
differentiate and determine the defects when multiple defects occurthii@rmore, the
Condition Monitoringmethod should be robust against noise, disturbances andeoth
uncertainties.Thus,in this chapterthe FDI method proposed in the previous chapter is
used to characterise defects, in particylarack length, crack dep#nd corrosionThe LF
RFID based eddy rant probing method coupled with SI and FRA presérite this
chapter is novel implementation for SHM.
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7.2 Experimental rig used for LF RFID based SHM

The experimental rig that was used to collect data from a LF B&3&d NDE&T
system was a setup used in &PSRC funded project in collaboration with Netwaik
the University of Newcastle and the University of Sheffield for rail track defect detection.
The University of Newcastle has set up the rig for collectiomath from different
corrosion and crackamples using LF RFID based wireless eddy currehboheThe rig
was inspected and data was collected to begin preliminary investigations into RFID based
NDE&T method in a systems perspective for corrosion ank aiaaracterization. Data
were obtained fom different corrosion samples, crack length samaad crack depth
samplesFigure7.1illustrates the expamental setup that was used.

The RFID tag used is a passivefimguency ATMEL ATA577 tag that isadito 125
KHz. Both the reader and the tag are tuntedresonate at 125 KHz, hence the input
voltage to the RFID reader was a square wave with a frequehd25KHzRFID tags
produce a load modulation sequence once it is powered by the carrier {8&}€This is
how each tag is uniquely identified when it is used in its usual commercial applications
[35]. The LF RFID tag is programmectoduce doad modulationd S1j dzSy 0S 2 F wmQa
nQa 2y0S Al Aa LRSNBRP® ¢KAA aSIdsSyOS gAff
amplitude modulation[35]. The experimental setup is the same as the one used by
authors of[33]. Except the data is not pgrocessed after being sampled and digitised.
The data is directly usdor System Identificatiomnd Frequency Response Analysis

The LF RFID tag when placed on the metal sarhptegmes a part of the RFIBgt
antenna This is because of thautual inductancehat is createdbetween the tag and
the metalsample. Thus the ntal sampleactsas a pseudo inductor connected in parallel
to the tag antenng33]. Hence the resonant frequency of the tagcbmes lower. The
RFID tag and the metal sample collectively bélicalled the Tafyletal system or simply
TagMetal. Because of the mutual inductance between the-Whdal and the reader coil,
the TagMetal acts as a pseudo inductance on the reader coils€quently any changes
in the electrical properties of the meltsample due to defects witle embedded in the
carrierandtagsignal or simply the carrigag signallt should be noted that, even thmh
there is a magnetic coupling (mutual inductanbejween the reader coil and the metal
sample, the magnetic couplj between the RFID tag and the metal sample is much
greater. Also, the distance betwedime reader and the coil is placed such that tisisrue
and thus the RFID tag and the metal sampielwaapproximated as one isolated system
[32], [33] The complete setup of the agler coil, LF RFID tag and the metal sample can be
considered asne system and will be called the ReadegMetal system. This is because
the reader coil and the Tadetal are dynamically interrelatd to each other via mutual
inductance Figure7.2 illustrates this dynamical interrelationship.

The ReadefragMetal system has one main input and one main output as shown in
bold lettering inFigure7.2. The input voltage tthe reader system is the main input which
will produce the carrier signal while the voltage measurement around the reader coil is
the main output (carrietag signgl. This point of view of the completsetup can be
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Figure7.1: (a) Experimental Rig usdoy The University oNewcastle (b) Digram of the
setup [33]

considered as observing the RFID reasiestem, LF RFID tag and the metal sample in a
systems perspective.

In the same systems perspective viewpoint it should be noted that the modulation
sequence, which varies the tag antenna resistaj@33, and the distance between the
RFID reader system and the TMdgtal (Standoff distance[33]), can be considered as
either internal system disturbances @s varying internal pameters or everas main
inputs to the systemThis is an important observation as both of these, the load
modulation sequence and the Standf distance affects the whole Read&agMetal
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Figure7.2: Systems perspective to the Read€agMetal system The Tadvietal systenr
and the RFID reker system is shown separatedtlinedby a dashedbox. The main inpt
(Input voltage to the readeyand the output (Voltage measurement around the read
coil) are shown in bold lettering. The distance between the Reader and/Edg) can be
regarded asriternal disturbance.

system dynamig in a similar manner. Botthese internal disturbares influence te
current induced by the RFID reader on the -Matal and vice versa but by different
means;

1 The Stanebff distance directly affects the mutual inductance between
the RFID reader and theagMetal system. This will affect the current
inducedby the TagMetal system on the Reader coil and vice versa. The
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Standoff distance and its effects on the mutual inductance is a
considerable factof33], [35]

1 The load modulation effects the resistance of the tag coil. Which in turn
affects the current produced in theFRD tag. Hence the magnetic field
produced by the tagit can be sbwn by the reader coil voltage readings
that the effects of load modulation on the main output is much smaller
considering the ReadéfagMetal system output as a whole. This will be
illustrated in a later part of this section.

Taking theabove factorsinto account the positions of the tag and the reader were
kept at a constant distance at all times. This was such that the reader coil does not have
a significant influence on the metal spla however, not too far from the LF RFID tag. This
isbecause thanutual coupling between the reader and the tag has to be significant. The
tag was place directly on top of the defect region of the metal sample, ségure7.1.

The data collected was sampled atraguency of 10 MHz and 50,000 data points were
collected and six such inpoutput data sets were obtained for each metal sample that
was used.

7.3 The Reder-TagMetal system

Voltage input to the
RFID read tem——» -Tag-
reader system Reader-Tag-Metal |, Voftage measurement

Load modulation——» System around the reader coil
sequence

Figure7.3: Simple representation of the Read@ragMetal system in terms of input
and outputs The effect of the standff distance is not considered as ikispt constant.

Figure7.3 above is a less abstracew of the ReadeffagMetal system. Given that
the standoff distance is kept constant the effect of it on the wider ReatiagMetal
system can be disregarded and does not need to be considered in &hesemn

In order to understand the effect of the motition sequence on the system output,
just the RFID reader and the LF RFID tag without the metal sample (Rempsysm)
was examinedFigue 7.4 ¢ (b) showsthe voltage measurement around the reader coil
(output) of just the Readefag systemkigue 7.4 ¢ (c)illustrates a longer time sequence
of the same output andrigue 7.4 ¢ (d) shows a&oomed in versiomf Figue 7.4 ¢ (c)
around the top region of the output signdt can be clearly observdtbm Figue 7.4 ¢
(d), the binary sequencis embeddedby themodulationsequenceof the RFID tag othe
output signal. However, it is noticeable that the actual size of the amplitofdthe
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embedded modulation sequenceis significantly smaller compared to the complete
amplitude span of the signal. Mgna metal sample without any defects is placed and the
output of the ReadeiTagMetal system is observed. The amplitude modulation seems to
be very insignificant to the fact that it can be hardly examined without filtering the output
signal, this is showin Figure7.5. This may be because the effect of the metal sample on
the tag antenna coil, as a pseudo impedance, is much more significant thanahgecin
resistance of the antenna coil producedthg modulationsequence Hence the resulting
amplitude modulation a the outputcannot be observedrhusfrom these observations

it can be deduced that the effect of the load modulation of the RFID tag antenna coil has
a very insignificant effect on the output of the&lerTagMetal system as a whole and
can be disregaled. Therefore, the complete ReadEagMetal system can be
approximated as single input single output system (SISO) with the main input as the
voltage input to the RFID reader system and the main ouwduhe voltage measurement
around the reader co#s shown inFigure7.6.
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Figue 7.4: (a) and (b) Input and Output timseries of the ReadeTag system (withot
a metal sample) respectively. (c) Longer time sequence of (b). (d) Zoomed in vers
the top part ofthe output signal in(c).
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Figure7.5: ReadefTagMetal (Metal sample without any defects) output signal whicl
zoomed in on the top regionlt is seen that the effect of the modulatimequence of th
RFICtag is no longer visible in thautput.

Voltage input to the Reader-Tag-Metal

RFID reader sys tem—’ Ly Voltage measurement

System around the reader coil

Figure7.6: ReadefTagMetal system approximated as a SISO system.

7.4 Analysis of the ReadefagMetal system using the Sdnd
FRA approach with metal samples of various defects

The analgis of the ReadefagMetal system usingSystem Idetification and
Frequency Response Analysiss done through lineaBystem Identificatiomand the FRF.
The linear model structure that was usethe ARX model structure. This was in reason
that a linearARX model was adequate to explain the system hguigput relationship
exhibiting good simulation result¥he metal samples analysed werktbree different
kinds of defects, each sample with one kind of defect. The three types of defects being
corrosion,crack depth and crack length. Under these threeetypf defects were samples
of different severities of each defect were analys€dble7 below shows the damages on
each sample usedndthe corresponihg severiies of thedamage ordifferent samples.

The modelddentified were set to b of the same maximum dynamic order, where
the inputoutput dynamic orders were set to, = n, =20. This choice was made such

this was the respective dynamic ordar which all models obtained showed good
simulationperformance and passed ¢hcrosscorrelation test between in the input and
the residuals which lied between the 95% confidemderval It should be noted that
none of the models passed the autorrelation test thusthe residuals produced from any
of themodels from all the caridate model orders are not whitd hiswas because dhe
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effect ofthe modulationsequence which is embedded on the output v considered

in the modeling processThe ReadefragMetal system was approximated as a SISO
systemwhen ideally it should bex Multiple Input Single Output (MISO) system as
discussed in the previous sectionth®ugh the effect of the modulatm sequenceannot

be clearly seen on the output signahena metal sample is place#igure?7.5, traces of
the modulatirg sequencewill be yet embedded in the Read&ngMetal output.
Therefore, since it is not considered in the mdithgj processthe model output will not
contain this featurevhich is presenin the actuasystem output. Thus, the residuals will
contain some tracesf the modulaton sequence Consequently, the residuals will not be
white noise. The ACF (Au@orrelation Function) of the residuals will hencontain a
periodicity and this approximately mdtes to the periodicity of the amplitude
modulation of the Reael-Tag system iffigue 7.4 ¢ (d). This idlustratedin Fig xxbelow.

Table7: Metal samples and the respective defects adgh sample used in the analysis

Corrosion metal samples Crack depth samples (deptl Crack length samples
(corrosion measured in months measured in mm) (length measured in mm)
of exposure)
0 (No corrosion) 0 (No cracks) 0 (No cracks)
1 2 4
3 5 8
6 7 12
10 9 16
12 20
24
28
32

Frequency features obtained from the FRFs of the identified models were used for
comparing the metal samples of the same defect and the progression of the features in
relation to the severity of each defect. The magnituddues of the FRFs were used as
features, in particular since the input signal is 1RBHz, the FRF magnitudes at this
particular frequency was used. This is because of the identified model would only be
accurate around this frequency. As mentioned earlieiSection7.2, six sets of input
output data were collected from each sample thus six different ARX models were
identified for each sample. Therefore, six different FRFsesulting in six FRF magnitude
features at 129<Hz. An average value of the respective FRF ntadas at 125KHz was

then used to compare each sample with the same defect against the different severities

to observe the progress of the featuregShe followng subsections will look into the
different defectson metal samples that were examined usihg LF RFID NDE&T method
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Figure7.7: Periodcity of the residualACF and Readerag outputamplitude modulation
The periodicity of the ACF tfe residual signald) is marked with the red dotted line
The periodicity of the square wawmbedded due to thenodulating sequencéb) is
marked with te red dotted linesBoth periods approximatelyatch.

and the data obtained analysed usingcantrol systems analysiapproachvia FRF
features.
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7.4.1 Corrosion characterisation

(a) (b)

Figure7.8: Corrosion samples: (a) 1 month, (b) 3 months, (¢) 6months and (d) 10 m
exposure. 12 months exposure sample is not showinis image isaken from[33] has
these are the same samples used in this research as well.

To investigate the progress of corrosion using LF RFIDntdogy base NDE&T
method the Sl andRA method was applied to the inpautput data that was collected
from six corrosion samples of metal. Each sarhpl@ngdifferent levels of corrosion

T Corrosion samlgs examinedd months 1 month, 3 months 6 months 10 months
and12 months

Figure7.9 below illustrates how the FRF magnitude features appear when plotted
against the number of months each corroded metal senipexposed tdt can be clearly
observed fromFigure7.9 that between each sample there is a clear variation with
overlapping of standard deviations of each feature. Essentially an increasing trend can be
obsewed ascorrosion increases. This is because of deerease in conductivity and
permeability of the metal in the area of corrosi¢gB3]. As the conductivity and the
permeability reduces thenductance of the metal reducesBecause of themagretic
coupling between the metal sample and the RFID tag, the sample acts as a pseudo
inductance connected in parallel to the tag antenna cbilus,resultingin an overall
increase in the inductance of thparalel combination of the tag coil and the mét&lence
the magnetic coupling between the tag and the reader decreabkas,increasing the
overall TagMetal magnetic coupling with the reader coil. It should be noted that these
results are comparable @rthe trend of the featuresmatches to the resulof Ali Imam
Sunnyetal. in [33].
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Figure7.9: Comparison of different averaged FRfagnitude feaures for corrosiol
samples against the amount of corrosion the samples were exposed A
increasing trend is observed in the features as the corrosion progresses. Hc
large overlaps of features are seen resulting from the standardatiewi of eacl
respective feature.

7.4.2 Crack length and crack depth progressions

Analysis of the progression of crack length and crack deptblying the SFRA
method was done in the exasame manner to the analysis done in corrosion.

Crack length

To simulé&e the effects of crack length, a long slit was cut into a metal sheet and the
crack was incrementally mosgldnto the RFID tag to mimidhé progression of a crack,
Figure7.11illustrates this process. The LF RFID tag was moved in 4mm increments after
each reading was taken, hence nine different crack lengths were examined

1 Lengths of cracks examidieOmm, 4mm, 8mm, 12mm, 16mm, 20mm, 24mm,
28mm ard 32mm.
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Figure7.11: Mimicking crack length progressiorThe RFID tag was moved along
crack in 4mm increment®tsimulate crack groth

Figure7.10: Comparison of different FRF magnitude features for crack length san
against the length of the crackhA decreasing monotonic like trend is seen betweer
FRF features dbe crack length prgresses. Some overlap between the features are

The variations of the FRF magnitude features according to different crack lengths are
illustrated belowin Figure7.10. The features vargipproximatelyin a monotonic manner,
therefore the valus of the FRF magnitude featuseare inversely proportional to the
length of the crackit can be argued thads the crack length increases, a relatively larger
part of the magnetic field gets trapped within the cratkis is becausef the field getting
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