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Abstract

Analysis that requires human judgement can addshbighichmay, as a result increase
uncertainty. Accurate detection of a crackand segmentationof the crack geometryis
beneficial toany fracture experiment Sudies of crack behaviour, such as the effect of
closure residual stress in fatigue or elasfiastic frature mechanicsrequire data orcrack
opening displacementurthermore the crack path can give critical informatiaf how the
crackinteracts with the microstructure and stress fieldSigital Image CorrelatiofDIC)and
Digital Volume Correlatio(DVQ have been widely accepted andutinely used to measure
full-field displacements in many areas of solid mechanics, including fraatehanics.
However, currenpractise for the extraction of crack parametdrem displacement fields
usually require manual methodsand arequite onerous, particularly folargeamounts of

data.

This thesigntroduces the novel application ofPhase @ngruencybased Crack Detection

(PGCD)to automaticallydetect andcharacterisecracksfrom displacement fields.

Phase congruencis a powerful mathematical toathat highlights a discontinuity more
efficientlythan gradient based methods. K I & S O 2sjh#aNdieéty thedr@gnitude of
the discontinuity andits state-of-the-art de-noising methodmake it ideal fothe application
to crack tipdisplacement fieldsPG/ 5 Q& | i©dhaatfied@®@d benchmarked using both
theoretical andvirtual displacemenfields. Theaccuracy oPGCDis evaluated and compared
with conventiona] manualcomputation methods such a$leaviside function fittingand
gradient based methoddt isdemonstratedhow PCCDcan be coupled with a new method
that is based on the conijoi use of displacement fields and finite elememalysigo extract
the strain energy release rate of crackstomatically The PE&CD method is extended to
volume displacement field8/PGCD)and semiautonomously extracts crack surface, crack
front and goening displacement through the thicknegss a proof of concepPCGCD and
VPCCDare appliedto a range offracture experimentsvarying inmaterial and fracture
behaviour:two ductile and onequastbrittle for surfacedisplacemenimeasurementsand
two quastbrittle and one ductile for volume measurements. Using the noveCBGnd VRC
CDanaly®s, the crack geometrys obtainedfully automaticdly and without any user
judgementor intervention Thegeometrical parametersxtracted by P@CD and VRCDare
validated experimentallythrough other tools such as: optical microscopaeasurements

high resolutionfractographyandvisual inspection.
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1 INTRODUCTION

1.1 Background

The current standards for structural integrity only requarack mouth openindisplacement
(CMODJ11] and based on the CMOD, the standards gimeunderestimation othe safety

of acracked componentVith the growing advancemeif engineering science, technolagy
and exponentially growing computational poweve cangeneratelarge amounts of data
from an experimentto analysethe data and obtain crack parametersAdditionally,
engineering assessmentsave been oveconservativeto ensure the safety of the
components with largeerror margins. However, as the pressure on natural resources and
economy increasesredudng the conservatism in our calculations, albeit without
compromising safetyis becomig more desirableTherefore,it is becoming more critical to
understand how cracks behawamd interactwith their surroundingmicrostructurewith the

aid of imagebased methodslmagebased methods are critical tothe quantification of
fracture, because theyxancapture a still momet of any dynamidracture experiment. The

full field digital image can then be resourceful for ttearacterisatiorof acracked body and
can be used to obtain useful information in reah&. Imaging methodsare not onlynon-
destructive but also noncontact, meaning an experiment can be fully observed without
altering the state of the cracked bod§ conventional fracturexperiment commonly usa
strain gaugend /or clip gauge which redye contact with the test specimen. Although strain
and clip gaues are very accurate, the contact between the sensor and test specimen may
alter the behaviour of théatter. Imagebased methods are relatively easy set up amastly
requirel & LJ2 Kaptiireé LBKAf 2 82 LK@ ®



Once a crack is detected in a sampie next step would be tcassess andharacterse the
structural integrityof the cracked body. Crack propagation is a critical factor that effects the
life span of a component ancharacterisatiorof the crack can give invaluable information
regarding the struatral integrity and healthAmong thequantitativemethods of traditional
fracture mechanicsseveralmetricsare used to determie the driving force of fracturand

help predict when a crack may propagatlg elastic energy release raté) stress intesity
factor, v ; the Jintegral;the crack tip opening displacement (CTOD) and crack tip opening
angle (CTOATJ.0 obtain these parameters, the physical geomefrs crack plays a significant

role and a poor geometrical calculation will impact the crackppgation metric.

A crack is defined quantitatively usitige followinggeometrical parametersrack Opening
Displacement (COD); Cradk Tocation(CT); Crackength (CL) / growth, Crackakh (CP)

location.

For the purpose of the study, the crack p&hdefined by the gemetrical midpoint between

the crack faces while crack openingmlacement is the distance between the crack faces.
The underlying assumptin for the modelbased approaclis that the crackis symmetrical,
parallel to the crack propagian axis Figure 1.1 demonstrates the crack model on an
experimental image of a crked body where theead line depicts the crack patind cyan
arrows show the opening displacemeBtesigning materials to wititand stress and damage
tolerance requires a detailed understandinffhow a propagating crack interacts with the
materials microstructureThese parameters help us quantify the state of the ceddody

aiding ina bettercharactersation of acrack

Figure1.1 The geometrical parameters to describe a crack

Thereis a power arsenal of apparatus at our disposal when it comes #miing methods.
The use ofisnple conventionaCharged Coupled Devi¢(@CD canera, where the surface of
a cracked body is captured at any given tirman allow for the quantification of the crack
parameters An additional camera can be configuredpimvidea stereovisiorarrangement

to give informatbn out-of-planeto the capturedsurface.



Highspeed camers wherethe development ofaser technology allows us to capture many
hundreds and thousands of images per second of the surfeme giveinvaluable and
contemporary understanding of how brittleodies fracture High speed imagg canalso
shed light in the manner of howuctile materials fracture durindnigh strain ratesMulti-
million-pound stateof-the-art imaging facilitiesuch as syncbtrons and lakbased Xays
usepowerfullight sourcego capture the volume informationf acracked bodyThe volume
informationgives us an extra dimensiamd depthinto the fracture properties which enable
the possibility ofcalculating COD through the thickness of the crac&ck frontand crack
surface Using thescientific toolsmentioned abovecan give us a much moregqzise and

deeper understandingf how materials behave when they fail.

Imaging analysis tooich as Digital Image Correlation (DIC) and Digital Volume Correlation
(DVChare based on obtaining displacement fields frdigital imags andare becoming more

and more attractive in experiment3.o obtain displacement measurements of the surface,
the surface or the volume of the specimen requires uniquely trackable pattencge o
captured by imaging methods. The trackablettpan could either be the natural
microstructure of the material or apeckle patternpaint can be administered on to the
surface. Speckle pattermse presented as random clusters of low gemale intensig pixels

on a high greyscale intensity backgrowh Visually, it is difficult to differentiate the crack
artefact, as the crack artefaoften has low greyscale intensityvery similar to the gragcale
intensity of speckle patternsHence, usingcommon image processing approachese
computationally dfficult as they will depend on an adaptive way of deciding a threstwld
classifythe speckle pattern. This issue is usually addressed by creating an interactive
algorithm, which includes human judgemenhelmeasurement of surface displacements,
deformatons, crack opening displacement and the mapping of crack path are key to gain
gualitative and quantitative informatianThe new quantitative information will helf

better understand the fracture procesorf usage of otbr techniques. In this thesis,
commercially available DIC and DM@tware algorithmt N3 dza SR | & lIsoméof | O

displacement calculation parametesse uncontrollable by the user.



However, with the growing advancement of data asifion, scientists using imageased
methods aretypically faced with rigorous and burdensome task of analysing a high volume
of data that constantly requires user judgement and intervention. Therefore, it is becoming
a more critical task to detect argliantify cracks from many captured images automalyca

so that scientists may spend more time trying to understand what the experimental results

mean.

To meet this requirement, this thesis will thgmesent a novel method of automatically
determiningthe location of the crack patliom surface and volumdisplacement fieldsThe
location ofthe crack pattcan aid in theuseof domain integral or contour integral methods
that are used todetermine crackparameters such as theidtegral However, it mst be
noted that these methodare sensitive to the dplacementwectors close tdhe crack faces

(i.e. the geometry of the crack and particularly the crack tip) as their calculation requires the

integral path to start and end on the tractignee crack faes[12].



1.2 Aims and Objectives

Theaimof this research is tdevelopa novel method oéxtracting the maximum information
from a fracture experiment usingnaging methods with minimal user intermtion and

judgement.

Stateof-the art digital imageapture tools, such as CCD andh)tomography are shown to
be a powerful implementation for any fracture experimentths technologiesan capture
the full observableinformation from a surface or Yome of a specimenHowever,
experimentalists are uslig faced withrigorousand cumbersomenanualanalysis methods
of tryingto quantify and understandheir experimentaldata. Theyare alsorequired to use

their judgement and opinioim their calculationsvhichmaylead to biadn their analysis

This thess will show thatit is necessary for the research field of imagased fracture
mechanics tadevisean autonomoustool for decidingand quantifying displacement fields
from fracture experimens. Thecraftedtool should be applicable to all type of matdsand
material behaviours and can extract fracture parameters from surface and volume
displacement fieldsApplicability to surface and volume displacement fields will aid in
extracting maximum informationfrom experiments The developmenbf sucha tool will
ultimately lead toa change in experimental proces$isat is ableto calculate fracture
parameters of an experimentith ease,in realtime with maximal informationwhich can
changethe standardfor material testing.Better assessmentsllow for a bdter prediction

and understanahgof failure in a solid body whighill increase the reliability and the lifetime

of components.



1.2.1 Aims

The aims are tdevelop a fulfield method that :

1 canretrieve the maximum information from a fracture experiment

1 isapplicable to all types of material behaviouksiitle, elastic andelastic
plastic)

9 is able to extract crack parameters from volume fields;

1 requires minimal user interaction to help cut bias and user judgement from

calculations

1.2.2 Objectives

The objectie of this thesis is;

)l

to study the stateof-the-art of fracture mechanics and show that the development
of an imagebased method is necessary

to demonstrate the significance of imagpased methods and explore the tools that
are available

to employ a theoetical study to benchmark the developed method and pame it
with ones available in literature

to investigatethe impact ofnoise and uacertainty onthe accuracy of the developed
method,

to apply a virtual study to benchmark the developed method and manm it with
ones available in literature with differércrack opening displacement profiles and
uncertainty;

to study the impact oflic parameters that can be tuned by the user, such as step
size and subset size, and to study the associated errors otetheloped method

to present a methodology thaises the developed method to extraeijtegral from

a measured displacement field

to use real experimental dataset, with different material behaviours and different
image capturing methods, to demonstratde suitability and the wealth of
information devsed by the developed method

to validate the crack parameters obtained from the experimental dataset



1.3 Outline of Thesis

Chapter 2will first study the state of the art and outline the established scfentools and
methodologies for obtaining infonation from a fracture assessment experimeithe
literature review will first give a brief review of the parameters used to assess a material that
exhibits a crack. After, literature review will discuss methmf crack detection, where
automation method (i.e. methods that require minimunuserintervention) are explored;

and crack characterisation where quantification with the aid of imaging tools are studied.
The objective is to explore how we can retrieve tmaximum information from a fracture
experiment. The literature will also review how failure bifittle, elastic and elastiplastic
materials can be quantified using theudied tools.Discussions areoncurredregarding the
benefits, error sources antimitations of imagebased methods over otheestablished

methods in the literature.

A novel Phase Congruendyased Crack Detection (f8D) and parameter extraction
methodologywill be outlined in Chapter 3 fotwo-dimensional sterecvision and elume
displacement field. Phase congruendg a powerful tool for highlighting discontinuitiasad
features in images. It is shown that Phase congruenayoise noise obust than gradient
based tools, which are conventionaligually used in the literature to segent cracks. The

2D and 3D (sterewision) methodshave been developed to be fully automaticequiring
almost no user interaction while theolume application has been developed to be partially
automaticg requiringan easy interaction with the algorithniThe automation of deteabin

and extaction of cracks means the method will require less user judgement than necessary

which enableghe processing dfarge quantity of data within a short space of time.

Chapter 3 will alsdescribea methodologycalled W ROMA QOxford University Reinjéon-
Optimized Meshing Addn) [2] which isa finite element approach to extract theinkegral
from surface measured displacement fielthowever, theOUROMA ishot automatic and
requiresuser judgement ofhe crack locatiorirom the displacement filgl. It is observed that
the location of the craclaffectsthe accuracy of-ihtegral. This thesis will show how OUR
OMA can bautilised for an automatic-ihtegral calculation by combininidpe parameters
obtained from P&CD Later in chapter 5 and 6hé extraction of dntegral coupled with P-C
CD will be used on two largxperimental datasest surface displacement fields of a fatigue
crackgrowth overloadexperiment of Rinitic steel; and volume displacement fields of a crack

propagation of aluminium Metal Matrix Composite (MMC) with titanium phase.



In Chapter 4, he novel PGCD ishenchmarked using theoretical andrtual analysis to
evaliate its performance with respect touncertainty. To benchmark the PCD method,
severalvirtual datasets have been created usi@@pINwhich is a code that allows the user
to inject displacement fields and deform imag@&e createdirtual images were usttas a
controllabde simulation of a cracked surface imag@ee aim was to investigate the impact of
crack mouth opening displacement artie effect of uncertaintyto determine how
accuratelyPCCD is able to extract crack parameteffie analysis can act a guideline to
approximate the uncertainty of the crack parameters based on the crack mouth opening of
an experiment and uncertainty of the displacement fi€lthe PGCD tool is also compared
with other manualmethods in the literature (i.e. Gradient bed methods and Heviside
function fitting). The impact of DIC parameters such as subset size and step sizeGih PC
extracted crack parameters are studied. Next;EIT parameter sensitivity is investigated

where the error sources are minimised.

Experimenth datasets were sed as a proof of concepto give the PE&D and VRCD

algorithms real experimentalscenariosandto evaluate their performance.

Firstly, the PGCD algorithmwas applied to crack detection and quantification in two
different classes of marials in order to examine its accuracy and robustness in real

laboratoryconditions. Thesurfacestudiesrepresentd,

1 Tensile experiment of augstbrittle materialwith complex microstructue and
small scale displacement§ he extractegharameters were validated by
superimposing the PLD solved crack path to the deformed image

9 Fatigue crack growth of audtile materialwith large scale deformation and crack
bluntingeffects Thecrack path value obtained BCGCD algorithm was validated

by high resolution optical mioscopyof the cracked sample surface

9 Fatigue crack growth overload of a ductile material veithck closurend large
plasticityeffects The PED algorithm was validated using a higlolution image

of the fracture surface (i.gfractography).



TheVPCCD algorithmwas thenapplied to experiments divo different material classes and

the effectswere studied The cases represent

1 Two fracture propagation experiments of aalile material onelarge scale
yielding; other withsmall scaleleformation.The VP& Dalgorithmis validated by
superimposing the VRCDsolvedcrack elevation to a few slices of the deformed
tomograph

9 Stable fracture propagation experiment of quasittle with non-linearmaterial
properties described the effect of microcraegion the elastic modulus in the
fracture process zone. Visual inspection of thack length validated the crack
front obtained by VPLD analysjs

1 Temperature driven fracture of a quabrittle materialwith small scale
displacement of a transverse cradkisual inspection of the tomograph validated

the crack geometry calculated by VVEO.



2 UTERATUREEVIEW

Fracture mechanics concerns the study of pragamn of cracks in materialssenerally,
there are two established concepts in predicting crack growth,energy balance and the

stress intensity factor approach.

A cracked raterial body is within a thermodynamic system and tivackedd 2 Ré Qa Sy SNH @
balay OS RSGSNX¥AYySa AT (GKS ONXO] gAff LINRPLIILGS 2N
discussed in @fithQa H#MABMKSNBE KS adl iSa GKFG aONI O]l 3INRgGK
enough energywvailableto generatey S ONJ O1 & dzNF | O @udridorigin@ly S @S NE  DNXA 7
dealt with very brittle materials, specificgllglass rods. Whea material exhibits more

ductility, the surface energy alone fails to provide an accurate model for fradturE956,

Irwin [14] and Orowar{15] modified GriffithQ faodelof the energy approach & & G NI} Ay Sy SNHE@
NB f S &' toNIpliais ductile fracture behaviouThey suggesed that most of the

releaed strain energy is absorbed not by creating new surfaces, but by the energy

dissipation due to the plastic flow in the material near the crack@®@B LINE a Sy 6 & Y G SNR I §
resistance to crack extension and is also known as the crack driving 8iramenergy

release rate is considered as the fracture toughness of the materialsandependent to

the loading state and geometry of the crack.

While the energybalance apprach provides a great deal of insight to the fracture process,
the stress intensit factor approach has proven more useful in engineering pracfiibe.
stress state at near a sharp crack tip can be determined analytigsilg Linear Elastic
Fracture Mechaics. Using this knowledgehe stress intensity factor can be solviédhe
externally applied stress, the geometry factor and crack lemagéhknown Irwin et al.[14]
identified three fundamental modes of cradiading modes, modé Il and Il as shown in
Figue 2.1. An important property of the stress intensity factors is that they are additive for

the same type of loading.
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Figue 2.1 Gackloadingmodes, a) Mode | (opening), b) Mode Itgiane shear), c) Mode Il (eaf-
plane shear)

The most general formulation, which has been used to study cracked bodidise is
Muskhelistvilicomplex variable methdd6] . More simpler approaches were also developed
by Westergaard17] and Williamg18], latter being the mostommonly used expression for
crack tip fieldsWilliams derived that the crack tip stress and displacement distribution can
be expressed by means of a power series. Assuming a plane cthdkawsiion-free faces in

a homogeneous lineaglastic isotropic material under mode | loading, the displacement field

around the crack tip can be expressed as;

[ ¢ ¢ ¢ e ¢ (1)

. i € .. E,— €. E T —
Y —o0 I = p Al -—-Al 6——
q q ¢ ¢ q
. i ¢ Lt — &, .: T— (2)
Y —5 I = p EI— -O0BE4+——
q q q q

"Yand"Y are horizontal and vertical displacements.Hg(1)and(2),i and—are polar
coordinates centred at the crack tip.is shear modulus definedas G ¢ p U , where

OA & |, 2dzy 3 QauAiva?2 RidK Sizat 2 fyfdiRfieReyitQthe inddx 6fAh2 term of the
power expansionaniA & Y2f 2a2@00a O2yaidlyl RSuByRAY3
¢ ) or plane strainll o T4 )conditions. Coefficients are functions of relative crack

length and are required to be calculated numerically in most cases.
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Linear Elastic Fracture Mieanics is ol valid if nonlinear material behaviour is confined to
a small region surrounding the crack tiflastic Plagt Fracture Mechanics (EPFM) is usually
used to analyse the large nonlinear material behaviper. plastic deformationat the cack

tip. There are two parameters that can be used to characterizenthdinear behaviour at

the crack tip Crack Opening Bplacement (COD) andniegral. The concept ofisingCODto
predict crack propagationwas proposed by Wellgl9]. He observed that before crack
extension, the crackip blunts and there is a definite operg at the original crackp
location. The extent of the opening is dependent on the fracture resistance of the material.

AS™M standardq11] use crack length and CMOD to approximate @ieD.

Jintegral is used to calculate the emy release rate in elastic and nonlinear elastic
materials, developed by Rice in 1988)]. He represented the energy release rate by a path
independent line integral. Rice interpreted thindegral as the difference in potential energy

of two cracked bodies submitted to the same boundary conditions but from whiclettgygh

of cracks differ. Theidtegral value is zero over a closed contour and is independent of the

path of integration.The dintegral, with units of force per unit thickness, is giverBuy 3 ),

: (3)
. o .
0 w Aw \;—Al
T

Wheres is an arbitrary curve around the tip of a craels seen ifrigure2.2, w is the strain
energy density;Yis the components of the traction vectdefined by"Y , € .0 is the
displacement vector componentdj is the length increment along the contouband ware
rectangular oordinates with thewdirection taken normal to the crack line and the origin at
the crack tipRice showed that that for plastic deformation, thentegral is independent of
the pathof integration the crack tip. The path independence was later verifiedobayashi

et al.[20] using the finite element analysis.
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Figure2.2 Arbitrary contour around the crack tip usiedthe definition of ntegral.

Shih et a[21] showed that tlere is auniquerelationship between CTOD and energy release
rate for a given materialAlthoughboth COD and J are nomell-establishecconcepts, EPFM

is still very much an evolving fiel€Currently, the fracture mechanics community are
interested in the description of stable ductile crack growth and development of failure
assessment methods that oine the effects of plasticity and fracture. This only highlights
the importance ofainingmaximal information fronfracture experiments&nd to be able to

characterizecracksaccurately.
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2.1 Measurement techniques in fracture mechanics

2.1.1 Single-point measurement

In structural health monitoring, two main approachesistfor damage detection aa local
scale;direct measurementand indirectmeasuremen{22, 23] Thedirect sensing approach
is based on measuneents made by sensor or sensing media thistin direct contactwith
the damageOneestablshedtool, widely accepted by the scientific communiiy the strain
gauge[24-28]. A strain gaugdi.e. Figure 2.3) is typically glued onto the surface of a
component, and as the surface defornise gauge deforms.hk electrical resistancef the
gaugevaries in proportion to the amat of deformationwhich can be measuredhis rot
only helps getting anaccurateand repeatable calculation otrain, but the gaugeis also
inexpensive, easy to setup, smalsizeandweight and can be used conveniently for a large
variety of environmetal conditions.Strain gauges are extremalgefulas they carpredict
how materials behave under loadgving estimations of whadtrain concentrations should
be avoided while maintaining a healthy structural integrity of a compoii2#L They are
also useful for construction and validationtbeoretical and finite element models to help
better predict and understandstandardsed in-situ experimentsor specimens of well

defined geometrie$29-31].

The calculation of straiis given for a singlpoint on the surface of a component body,
therefore the strain gauges requiredto be placed strategically at strain hotspots, where the
material is most likely to failThe criteriamake the strain gaige susceptible to errqr
associated with gauge placement and tieliness to completely rag strain btspots and
failure. The likeliness to 158 failure based on placementrisagnified for complex loadings

or geometries which is usuallycaitical process for fracture studief23].

Indirect measurement techniques take advantageceftain material characteristics that

develop once a cractr damagedevelops, such as material modal frequeri82-34] and

Potentialdrop technique$35-37]. Thechanges in the dynamic modakonse of the sample

can hep pinpoint damage lcation and damage sif82-34]. One of the most commonly used

YSGiK2R&a F2NJ YSIFadaNAy3 | al YL SQ&a yI Gdz2NT £ FNBIj dzS
equipped with an accelerometdB3, 34] Another application of using modal frequency to

detect and estimate the size of cracks is leakagevater pipes[38]. The leak naturally

resonateghroughthe whole pipe bog sothe leak locatio and leak size can be determined
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with two vibro-acoustic emission sensors attached on eithidlesof the pipe,making the

applicationmore practical[38].

The mtential difference technique relies on the passage of a constant current through a
specimen and the measurement of voltage acribssAs the crack growsew surfaces are
createdat the crack tipwhich then increases thelectricalresistancan the specimenhence
droppingvoltage RdzS G 2  h Biréc® Gurrdnt Paténtial Drop technique (DCPD) has
been used to measure thickness and estimate crack depth on plates and ttomorack
initiation and propagabn in crack growth experiment3.he Alternating Current Potetial
Drop technique (ACPD)like the DCPC, but the current is forced to flow in a thin layer below
the surface and therefore overestimates the crack extensisrihe current path is longer.
This allowshe crack depth to be estimated. Both methods hde=n used in fatigue crack

growth experiments many timg85-37].

The methodsmentionedabove generally rely on single poimteasurement or lack all the
desiredcrack geometricaparameters which is a conservativanethod of characterising a

crack.

2.1.2 Full-field measurement

FulHield measurement techniges such as Moiré interferometf{g9, 40] Photoelastic stress
analysig41], Thermoelastic stress analy$, 43]and Image correlatiofd4] do not suffer

the same consequences amgle point measurement devices (i.e. strain gauge) and can
provide a @ll field measurement of damage. This ultimately givéeter understanding of
localsed strain behaviour at anjocation. These methods have only flourished &edome

more popular in experimental mechanics over the past three decades thanks to
advancements made in camerainfrared camera and microcomputers with image
processing [45]. The rmature of these physicalphenomera (Moiré interferomdry,
Photoelasticity and Thermoelasticjtyvere all known concepts and were used before
however they heavily suffered from neautomatic processingneaning the need faedious

and unreliable bshand manipulations before obtaining any relevant informatioNow,
these techniques are becoming more established and directly provide displacement, strain

or temperature fields of specimens under testidé].

Moiré interferometry[39, 40, 46Lombineghe conceptof geametric moiré [47] and gptical

interferometry [48]. The Moiré effect is the mechanical interference of light by
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superimposed network of parallel lindgrating pattern), which are physically attached to
the surface of the specimemnd as the specimen is loaded or moved, a fringe pattern is
generated since the location of the lines relative to the reference grating changes. The
mismatch in pitch betweemeference and specimen grating (after loading) causegark
fringe pattern toemerge which describes the type of deformation on the surf@8& Moiré
Interferometry is based orthe Moiré effect to calculate displacement mmaements by
using the superposition of two coherent laser beams of light whielates interference and
ultimately fringes therefore describng the motion [46]. The frequency of the grating
patternsis much greater than geometric Moiré (more than 1000 lines / rf#6), meaning

it can calculate digacements up to subioron level[46]. However,Moiré interferometry is

very susceptible to environmental disturbances due the high levetdigvity. The fringe
pattern output is optically captured from the experiment and the scale of the displacement
is calculated using a mathematical algorithm. The scale ofli$facement is coded at the
scale of the fringe period. Fileld strain cantypically be obtained by numerical

differentiation of the displacement measurementi® various algorithm$46].

Photoehsticity is a technique for measuring amisualsing stresses and strains in a
transparent material whichutilises a physical phenomenon called birefringenf€9].
Birefringence idased on howthe wave nature of light interacts with the stress state of
material. As white light travels, it emits waves that are omnidirectional and vibrate out at all
angles perpendiculato the direction of the light beam. A qdarizer only allows one
component othe light to passgdeperdenton the orientation of the plarizer.Once polarized
light hits the material, birefringence causes the light to travel at two differgpeeds,
proportional to the principal strains. Another polarizer is used to combine thewaxes to
generate an interference pattern which visually shows the stressed state of the méterial
Figure2.3). This then can be captured optically to represent a direct strain measurement of
the specimen with high spatial selution[49]. Photoelasticity preserstthe advantage ta
reliable fullield values of the difference between the principal normal stresses in the plane
of the specimen, however the drawback the method requires the optical property of the
cracked body to be birefringent and therefore camnbe applicable to all materials.

Photoelastigy has been used many times to descré&actureexperiment[50-53].

16



Figure2.3 Photoelastic stresanalysis set up with vertical and horizontal strain gaug@sture from
websitealliance.seas.upenn.egu

Thermoelastic stress analysis (TSA) uses the concept dhehmoelastic effect, whera
smalltemperature change occurs in a material subjected to elastic deformation. The change

of temperature has a direct relation to the stresses and strains of the matatlaving to

calculate theselirectly. However, the réation assumes an adiabatic conditi¢no significant

KSId t2aa0e 'a | LN OGAOKE YFUGUSNE GKS | RAlFO
changing the load on the specimen (i.e. fatigue). Heat loss by conduction only becomes an

issue in the casof high thermal gradients and thefore the adiabatic assumptiomeedsto

be taken under consideration54]. Ushg sensitive infraed sensorsthese small
temperatures can be measuteandwith some computation and thresholding thHell-field

stressmeasurements can bebtained
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2.2 Crack detection using image processing

Crack detection using image processing techniques is advantageous as it prawides
accurate quantitative result compared to the conventional manual methof#]. Most
approaches to identify cracks in digital images use edge detection methods such as global
and local gey-scale intensity thresholding.hese require human interaction to be optimal

[56, 57] For instance, lkhlas etl.g58] presented a study of different e detection
technigues includinghe wavelet transform andhe Fast Fourier Traform (FFT) to identify
cracks in bridges, concluding ttiae wavelet transform is more reliable than other methods.
However, the method is based on a chosen threshold valhésh is a parameter crucial to

its performance. Tomoyuki et f89] proposed a fast crack detection method, applied to
concrete surfaces, thawas based on percolatiebased image processing; quantitative
analysis showedhis to be corputationally more efficient tharthe wavelet approach but at

the cost of precisionAdditionally, these methods assume that the crack is sufficiently open
tobedSGSOGF6tS Ay GKS AYIFI3ISd ¢KAA AYyKSHByGfe fAYA
best. Howevera number ofimage analysis techniques have suikel accuracy. They track

the surface displacement of the features near the discontinuity and thereforedetect

cracks that are not otherwise visible in the raw imdg8]. Avril et al.[61] introduced a
method of detecing surface discontinuities and calculation of the crack width withgExél
precision, using a grid that is periodically spaced on the surface ofabkent body and with

the aid of a wndowed discrete Fourier transform to calculate the phase shift leetvthe
cracked faces. Not only is the method only applicable ttilbrspecimenswhich limits the

material options, butdditionallythe methodrequires a useselected theshold parameter.
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2.3 Displacementalculation methods

Full field displacement masuementtools can beput into two categores, interferometric
techniques and nointerferometric techniguesAmongthe interferometrictechniquesare;
holographicinterferometry, speckle interferometry and moiré interferometmnéntioned
earlier insection2.1.2. The non-interferometric technigies can be defined ashe grid
method [62] and Digital Image Correlatio(DIC)[63-65] ¢ which will bediscussedater in
depth in sectior2.3.1 The grid method62] requires a uniformly spaced grid applied to the
specimensurface and byalculating he phase shift, accurate surface deformations can be
obtained. Interferometric displacement methods require a coherent light source and the
measuements are normally conducted oa vibration isolated optical platform in a
laboratory, where thedisplacementis givenas aform of the phase difference of the
scattered light wave by comparing before and after surface deformatiigital Image
Correlation (DIC) does notrequire such restrictive preparation and has lessict
requirements under experimental cditions. The fundamental setup of BIC solid
mechanicsexperiment can simply be tpoint and capturean image of asurface that has
random features before and after applidodad. Due to its experimental simplicitthe DIC
method has been widely accepteshd commonly used as a powerful and flexible tool for
surface deformation measurement in the field of experimental solid mechanics. The
experimental easiness of twdimensiaal DIChas been extended and developed subht

it is possible to obtaimut-of-planeandvolume displacement measuremeniAn additional
camera can givea DIC system a stereovision of teample surface anaut-of-plane
measurementcan be madelmage vdume data can be obtained from-rdy tomography
which builds image contrast based dhe microarchitectural detail of the material. By
tracking voxels between reference and deformed configuratiorolume displacement
measurements can be obtained. Interdenetric displacement measurement techniques and
the grid methodare limited only tosurface displacement measurements and cannot be
developedin a similar manneto calculate volume displacement measuremergscause of
this, this researchfocussedon dispacement measurements obtained froligital Image
Correlation(DIC), Stere®igitalimage Correlatiof3D-DIC) and Dital Volume Correlation
(DVC).

19



2.3.1 Digital Image Correlation

Digital Image Correlatiois a toolusedto calculate surface displacement measments and
is now the most frequently used optical based method in fracture meidsa Introduced in
the 1980s by Peters and Ransf@8-65], DIC is a full field necontact method that is

relatively easy to setip and provides highpatial resolution.

The fundamental principle of DIC is tompare greyscale images of an object surface
captured before and after deformation; these are referred to as the reference and deformed
image, respectiely. The random pattern on the surfageeeFigure2.4) caries information
after deformation ands a requirement fosurface tracking. Either the naturaixture of the
material is trackedor the surface can be administered a randomised speckle pattern that

obeys the material surface.

Displacement
mapping

Matched
Subset

Reference image Deformed image

Figure2.4 Conventional Digital Image Correlation tracking amabping of a subsdtlefinitions given
in Figure2.5)

Conventionally, the reference image is divided into interrogating windows or subsets that
are matched (ortracked) in the deformed imageusing a shape function, to obtain the
displacement of each interrogation windofsee Figure2.4). Higher order shape functian

can be used to obtain improved displacent approximations but usually first or second
order provides sufficient accuraf§6]. Different matching procedures can be used to skarc
and evaluate the similarity of the grescale patterr{67]. Over time, with the introduction

of new and ligher accuracy matching procedures, DH3 been successively improved in
terms of displacement measurement accuracy and is abipviemeasurements accurate to
1/100th of a pixel.
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Theoreticallythe DIC technique allows for ftiikeld displacerant measurementsat every
data point within a selcted region of interest. However, in practice, the displacement data
point is not associatetb that pixel, but rathetto the averaged displacement of the domain
around the data poin{seeFigure2.5). This results in the loss gpatial resolution at the gain

of quantified sirfface displacement measurement. Tbleangein spatial resolutbn alsohas
ramifications on thedisplacementmeasurementof the surface especiallyat locations of

highdisplacement gradient.

Subset

Data point

Step size
(Data point spacing)

Subset size

Overlap

Figure2.5 GontrollableDigital Image Correlatioparameters

This researcprojectused the iterative least squasenethod (ILS) method, proposed by Pan
et al. [68] and incorporated in LaVision Davis Strain Master G8dEg The ideawas to use
[ £AaA2Yy 5F+£Aa { 0N} AY terptiad8didsd theusdrcordralédl O1 0 2 |
variables of the code such as subset size and stepsizercentage of overfa (seeFigure
2.5). Many studieshave beerbased on the subset size and step siekection;Leompte et

al. [69] showed the influence ofmean speckle size on the accuracy of the measured
displacement fields using different subset siZEheyreport that the larger subsets present
better resuts but highlightthe importancefor the subset sizé¢o be chosen in accordance
with the expected deformabns; i.e. alarge subset will smooth real haviour of steep
gradients in the displacemen§unet al. [70] introduced a concept of subset entroplyat
can quantitatively denad the subset image quality for D&Dd hencedeterminean optimal

selection of subset size.
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Pan et al[71] presented a guidelinéor the determination of subset size byuantifying
speckle pattern quality using Sum of Square of Subset Intensity GtaiS51G) where they
incrementally increastthe subset size until SSSI&eededhe user given threshold. Their
method is similar tahat of subset entropy{70], but they claimthe work presented by Sun
et al.[70] lacks mathematial support andhat their method, i.e the use of SSSIE, more
straightforward and agreeabléelheyemphassed the importance of choice of subset size
based on thesharp speckle patterncontrastand the subset size being large enough to

containenoughfeatures that can be tracked.

2.3.2 Stereo-Digital Image Correlation

One of the fundamental problems with DIC and other-figlld measurementsanethods is
the impact of out-of-plane movement. Oubf-plane displacement is defined as the
displacement orientation aay or towards the sample surface. The inability to considey
of-plane displacement in the calculations can result into inaccuratplame displacement
field measurenents[72] whichwill result inhigher uncertaintywith the chamacterisationof

a cracked bodyTypicaly, in a stereovision system, two cameras are positiofied Figure
2.6) so that the same overlapping surface area is captubgpiallydistributed white light is

compulsory to illuminate the surface and the trackable patterns on the surface

Figure 2.6 Stereovisio system. Two cameraand two lightswith overlapping RIQPicture from
ARAMIS GOM websitevww.gom.com)
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The different poins of view of the cameras enablan increased perspective and after
calibration of the cameras using a pinhole mof#d], the images & correlated (using the
StereaDIC algorithn{73]) to obtain both inplane and outof-plane diplacement fields.
Although an additional camera compliments any fracture mechanics experimhemds to

increasethe cost am complexity of the experiment.

Stereo-DIC has also been successfully applied to fracture mechi@ic§5] Suttonet al.

[76] used StereeDIC to successfully measure the craw&uth opening displacement in
Mode 1,11, Il from a mixed mode experiment (I/I8)milarly,Luoet al.[77] showedvia the
same methodhat the outof-plane displacement at the ductile crack tip of a stainless steel

specimenwould have impacted iplane displacement measurements if they usid DIC.

The StereeDIC technique overcomes many of the disadvantages of previously diséulssed
field optical tools (i.e. Photoesdicity, Moire, Interferometry): @imple optical arragement;
low requirement f@ surface measuring environmentyide applicability to different
materials;and automatic data processing. Howeyt#ite main limitation ofStereeDIC is that
the calculateddisplacementfield is observation of thesample surface only and not

representative of the mechanics of the whole body.

Cracks can have a complex geometry within the bulk of the cracked body and cannot be
captured by sudce measurement technigues. Also, surface measurements are constrained
to plane stress catitions where in fact, quite often, the plane strain condition prevails for
crack propagation within the material. Therefore, volumetric images can paint a better
picture of how a crack behaves and interacts with its surrounding microstructilmeving

for less conservatism in our calculations.
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2.3.3 Volume imaging and Digital Volume Correlation

Digital imaging of volumeechniques such agomputed Tomography[78], Magnetic
Resonancelmaging (MRI)[78] or Positron Eisson Tomography(PET)79] hawe become
increasingly important as they allow for a ndestructive methodof obsewation and
guantification through the thickness of a optically opaquematerial Xray Computed
Tomography(XCThas been themost popular method in experimental mechaniasd its

first application to materials dates back as early asitt@0s[80, 81]

The concept of Xay Computed Tomographys an extension ofthe classical Xay
radiography andhe imaginginterior features of a specimen msed on the attenuation of
the Xray beam through a specimeK:ray radiography provides onlysingleprojection of

the sample volume on one single p&a Xray tomography overcomes this disadvantage by
combining the information from a series of many radiographs, each recodeddifiénent
known orientatiors (i.e labelled as+in Figure2.7) of the sample in front of the detector. The
variation of Xray attenuation in the volume of the sample can be reconstructed by
combining radiographs with an appropriate algorittdntomographic scan required array
source, a rtation stage and an-Kay detector as show iRigure2.7. To reconstruct a sample
volume, 180 of 2D projection data is required as the remaini®§’ is a mirror data bthe

first.

The most commonly used algorithimtheHRltered BackProjection[83] algorithm developed

by Feldkamp et afor cone beam projectionslone beam projections are first weighted and
convolved with a nofiocal 2D highpass filter along aet of lines to create a filtered cone
beam dhta. Subsequently, each sample of the filtered data is transferred into the image
domain by a weighted bagkojection, where it additively contributes to the reconstruction

at all points that are located on ¢hray connecting the sample position with tkeay source
point. Filtered Back Projection is based on exact or approximate mathematical inversion of
the projection that models the data acquisition process. In contitesiative reconstruction
methods[84] do not involve explicit inversion, but use an iterative procedgemerate a

sequence of estimates that eventually converge towards a good solution
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Image acquisition 2D projections of sample
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Output
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‘ 135°
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1) Filtered backprojection
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i) 3D volume i) cross-sectional 2) Iterative reconstruction

rendering "slices"

Figure2.7 Principles of Xay Computed Tomographyorkflow [85]

The development of synchrotron sources and detecttids allowed for a dramatical
evolution ofthe spatial resolution of the techniquand they have now been applied to all
kinds of structural materials. Stock et 1] published a review of how XCT was used to
investigate different applications in materials while Buffiere ef&] demonstrated hown-

situ XCT is an attractive tofolr studying the mechanical behaviour of materials.

Fracture mechanicalso flourishedn this developingstate of the artmethod, Marrow et al.
[86] used high resolutiodXXCTo study short fatigue crack propagationcastion where they
utiliseddirect image measuremeasto study the crack shape and paBrom the same group,
Hodgkinset al.[87] used XCTand threshold based imagegmentation to observe changes
in crack shape with propagatiomnuclear graphitdi.e. Figure2.8). Theymentionedthat the
crack can only be observed when the crack opening displacement approtchesf the

dimension of the oxel.
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Figure2.8 X-ray tomography isosurface image of a crack in 50mm thick cracketear graphiteCT
specimen of graphite, showing significant crack front curvature. Direction of the observation is
indicated by arro87]

Todaet al.[88] investigatedfatigue crack closure in alumimualloy by calculating CCGihd
crack surface using higtresolution synchrotronXCT With careful assessmentf the
thresholding criteriatheyusedgreylevel intensitybased centroid spacing to determine the
subvoxel location of the crack faces which eddthe calculation othe crack surface and

COD through the thickness of their sample.

Digital Volume CorrelatiofDVC) is d@ool usedto obtain a volume displacement field
between 4D timeresolved wlume datawhich follows the same conceptsof DIC The
reference volume data is divided inttubic subsets(see Figure2.9) and tracked on the
deformed volume that follows the reference voluntéence, the material requires to contain
unique trackable features that are tually occurringi.e. theimpactof the microstructure)

for the goplication of DVCSimilaty, to DIC, thecubicsubset size has to be determined as a
compromise between spatial resolution and displacement precision and size of the features.
This meansarge cubic subset size allow for a low uncertainty in local mean displacement at
the cost of a low spatial resolioh. In contrast, small subset size allow for a higher spatial
resolution but due to the lower amount of voxels considered, displacement taiogy is
expected to be higheCorrelation between the reference and deformed volumes allows the

calculation of3-dimentional displacement field.
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Figure2.9 Conventional Digital Volume Correlation tranckand mapping of a cubic subset

Introduced in 1999 by Bast al.[89] to study damage iatrabecular bone, the DVC method
has been gathenig a lot of momentumln its initial implementation by Bay et abVC was
able to provide full continuuntevel displacement and strain fields throughout the interior
of the sample. Bfore DVC could fully flourish, the method went through iterations that
progressively improved performance and accurg@g; 91] It has become evident with each
studythat number of parameters within the DVC algorithm, as well as the microstructure of
the sample caninfluenceits performance.DVCparameters such asorrelation function,
shape function, changes in image contrast and voxel size can impact the acpueasion
andof displacement and strain measuremerighile numerical and experimental methods
canonly validate each dter, if simiar testing arrangements are defined, there is no golden
standard to data for the assessment of the accuracy and precision of a DVC stiidtisgig

due to the unavailability of other accurate techniques thahmeasure internal strains.
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A first attempt compare different DVC techniques was carried out by Madi 402]. He
compared the output of a local correlation algorithm based on FFT and another based on a
continuous and global cod©2, 93] To calculate the uncertainty ohé displacerant
measurements of the two DVC strategies, he imposed a virtual rigid displateamdn
studied the distributiorreporting uncertainties in displacement ranging from 0.006 to 0.02
voxels. Germaneau etal. [94] attempted to calculate the uncertainty of displacement
measurements fronDVC by applying rigid body motion to thevgade. The dta imagedor

the volume were obtained by XC&and Optical Scanningoography (OST)n their study,

they concluded that the displacement measurement uncertainty is around 0.049 voxels for

XCT and slightly lower value of 0.037 voxels for OST.
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2.4 Quantificationof cracks usinglisplacement fields

In the analysis of cracked bodies, DIC alltiwshe calculaion of fracture parameters such
as crack opening displacement (C(d3) 96] energ release rat¢97], stress intensity factor
[98] and Jdintegral [99]. The full field displacement measurement of an experiment can
unravel a wealth ofvaluable information. Crack opening displacement (COD) can be
calculatedby utilizingthe measureddisplacement vectorslosest to the crackvedor values

increase as the crack opens giving a full crack opening profile.

One family of techniquef97, 98, 100, 101jised tocalculakt the stress intensity factor
consists irfitting a theoretical linear elastidisplacement fieldevised from William§L18].
Williams series is fittedo the displacement field determined by DIC and maximighmey

correlation baéween the fields by optimising the stress intensity factor.

In theory, ths method is forcing experimental data to fit a theoretical linear elastaxlei
hence modifying experimental measurements and ignoring the -limar elastic
measurementsclose b the crack tip This will generate imprecise resyltacreasing the
uncertainty of the calculated fracture parameters. It is also critical to addthieste methods
are also sensitive to inaccurate crack tip locafib®2]which can be computationally difficult

to obtain as the location of therack tip is lost within the DIC noise and the loss of spatial

resolution, hence making it a challengitask to pin point accurately.

An alternative methodised to calculat¢éhe stress intensity factor ihe use otthe 3 integral.
The dintegral is déined as a path independent contour integral that is equivalent to the
SYSNEB& NBf Sl eaisszerdldver § dosdd dontdur gdid i§ iddependent of the path

integration properties shown in the literature.

The Jintegralcalculdes the energy assaatied with the changes in the displacement field to
obtain the energy release rate. This then can be converted to calculate the stress intensity

factor[103].

Becker et al[99] introduced a method to calculateidtegral as an area integral usimgC
displacement field measure aritie finite element method. Becker states that there is one

limitation with their current version odMAN the domain inégral
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Their method only considers elastic conditions on the surface whereas most materials exhibit
nonlinearity close to the crack tip, where elastic conditions do not apply. Another critical
limitation to their technique is thathte crack geometry is mamported into their FE model.
This means their contour path does not start at a traction free surface althaoglacurate
Jintegral calculation requires the contours to start and end at the crack f&eethermore

their methodrequires manual cracleéture extraction, which can be tedious to calculate.

However, there are several distinct advantages of uiegdomain integral methogit does
not rely on a presumed field meaning it uses more measured data to reduce its sgntitiv
measurement uncdainties; it is insensitive to accurate crack tip location and to inelastic

strains close to the crack tigince domain integral method takechbsed area integral.

The most cited researdbased oncharacterisatiorof cracks from placement fieldss the
work doneby Rethae et al.[104]. Intheir researchthey proposel aroutine called eXtended
and Integraed DIC (XDIC). Mt only doeghis enrich nodegdata points)t vectors close to
the crack faces, but also refers to the fact that the assumed material behaviour and the

balance of momentum are directly integrated into the correlation algorithm.

The algorithm uses a standartHeavside functionto fit a linear crack path into the
displacement field and to decide the boundaries for the crack fakéteaviside functioor

a unit step function is a discontinuofisnction™Qw which can be defined as;

(4)

0 @ T
W T
In orderto improve the crack path from a linear fite. Figure2.10a) to a much more
convoluted fit, Rethore presents a procedure calledame optimization The $ape
optimizationprocedure relies on the fact that the crack path is 4pisitioned after initia
enrichment, therefore producing higher values in #veor map at location of the crack path.
This error map is scanned along theakrat locations normal to the crack and thptimized
crack path is said to be at the location of the maximum erFogure2.10b depicts the

implementation of their shape optimization.
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(b)

Figure2.10 Crack shape optimization Bjear fit, b) optimized crack path for a CCT specimen plotted
on error mapgL04]

Similar methods have been usetsewherg[105, 106] However, there are a few limitations

to their method.Firstly, he procedure assumes the crack face movement of freedom are
limited to Linear Elastic Fracture Mechan{t&FM)so it cannot be applied tdNon-Linear
Elastic Fracture Mechanic§econdly, the methodcan only beapplicable for single
discontinuities and the application is time consuming, cumbersome requiring constant

interaction. Lastly, their method is mostly applicatiecracks with smallgening.

Helm et al[107] used a quasiegular pattern of dots as a speckle pattern to introduce an
effective multiple crack identification proces¥hey combined the use ofregularised
patterns, cutoff values derivedrom the correlationerror statistics, sanity checks to reduce
registration errors and a hybrid spatial/temporal initial guess scheme to handle areas that
get segregated from the main analysis their researchthey comparel the quasiregular
pattern to random speckle patter andshowedthat quasiregular pattern produces a much
noisier displacement field compared to the random speckle pattefhere are a few
limitations to this methodFirstly,the crack detection method relies on the craatefact
corrupting subsets within the deformed imageshichcreates a difficultyof detectingsub-

pixel craks with the exception of brittle materials. The quasiregular pattern $ a
requirement to Helm et altechnique which returns a more consistent correlain
coefficient The correlation coefficient is then used to apply statistical analysis and threshold
for the crack identification process. The second limitation is that the epeasilar pattern
cannot be applied within the volume of a material and is ditlyited to surface crack
identification. Thirdly, the correlation errors can also be subjected to other causes besides

registration errorscrack degradation on deformed imagespeckle patterns whicheve all
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addressed in Helm et al. paper. The cornelatcoefficient can also be impacted Ippor
lighting and dust between the surfacespecimenand the lens which may increase the

likelihood ofafalse crack detection.

Digital Volume Correlation has also been used both quantitatively and qualitativelggssas

the fracture process of cracked bodies. Limodin and Rétfid¥&110]applied DVC analysis

to XCT data of a fatigue crack in nodular graphite cast iron. In their workattegpted their

residual error methodtmgy from XDIC for the analysis of their DVC data. They noticed that

the crack surface deviated from the flat surface and the nodules were embedded between

the crack facef.e.Figure2.11a). To combat this, they successfullypdipd a 3D regiofased
aS3aAYSydGlrdAaz2y fI2NRAGKY (2 ddKNBaKguERD). 6§ KS ONIF O]

a)

Figure2.11 XCT of anode | crack imodular graphite castron; a)thresholad residual error map b)
Detected crack surfafB09]

Limodin and Réthorélso calculated Mode | COD by taking slices parallel to the average
crack plane on both sid®f the crack and subtracting them from each othgsing the crack
geometry, such as location of the crack tip and crack pe#thqulated previously, they
extracted SIFs bijtting a theoreticaldisplacement fieldo the 2D slicedrom the volume
displacement A similar method was also used elsewhdficl1]. They created an FE
simulation of the experiment using theM and crack geometry as boundary conditions to
calculate SIF@nd comparethose to the field fitting approach which was in strong
agreement. Calculating the SIF by field fitting approach of 2D slices of volume displacement

was also usedh ref [112].
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Mostafavi et al[113, 114]studied crack propagation in polygranular graphiteng a stable
geometry of the chevron notch usiriggher resolution theasuringy @y > Y @(ReE S € anl
Figure2.12) and standard resolutiomfeasuringg >Y @2ESt aA1 S0 -/ ¢ | yR
difference of reslution enabled them to quantify the uncertainty of the crack
measurements based on the captured voxel sidgey mentbn that visual observation of

the crack lengteshows no significant differencéor different resolutions

Figure2.12t 2 f @ INJ ydzf  NJ INJ LIKAGS OKSONRY y200KHghyR AlQa
resolution) with maximum principle strgiri4]

By using displacement fieldd)ey wereable to siwcessfully map @0D through the thickness

of the sample(i.e. Figure2.13) by observing a discontinuity in 2D slices on thechgblane

They iteratively took a ihe profile normal to the discontinuity step and subtracted the
average between the upper and lower crack faces. The data points separating the crack face
causinghigh synthetic strain were not used in the calculat{Bigure2.12). Fitting methods

with discontinuous line profiles on 2D slices to obtain COD was alsdrustebr work[115].
Although fitting methods work well extracting the crack opening displacement profile from
displacement fields, the methagtquires heavy user intervention and judgement which can

impact the result.
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Figure2.13 Crack opening and length measurement of chevron notchgralyular graphite a) map
of the net crack opening (mm) under load, b) virtual slice at the centre of the gpe(iGT)01

They mentionthat the difference between COD measurements calculatechfdifferent
resolutions differ betweerm bandp ¢ PThey note that the crack opening profile suggests
that a cohesive model will be a better representative of the meatedriehaviour of graphite
compared to the conventional linear elastipproach.Cohesve zone is the nonlinear zone
ahead of the crack tip which can be caused by plasticity or microcradksuglly, Linear
Elastic Fracture Mechani¢isEFMYan be a usefubol to solve fracture problemsowever
the modelassumeshe nonlinear zone aheaaf the cracks minimaland that the stresses at
the crack tip is infiniteThisis usually not realistifor most materialsand therefore the
cohesive zone model can bsad to predict thedracture behavioureliminating the crack tip

stress singularity.

Mostafavi et al[116]wanted tohighlight the presence of a fracture process zone and obtain
the SIFsThey created a library dihear elasic finite elementsimulations of the experiment
using the contour integral method. Théyrementallyadjustedthe crack lengthin the FE
modeland extract the normalised COD profile to match with the experimentallgsuesd
COD.They conclude that the crek lengths wer& p& mm longerin the FE simulation
compared to the macroscopic observation of the XCT deteause thecohesivezone

dissipates the energy
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2.5 Conclusion

The literaturereviewed the tools avaible to obtain accurate and maximal information from

a fracture experimentFirstly, te literaturediscussedhat single point measurement tools

are well established and can retrieve accurated preciseinformation from fracture
experimens. However,single point measurementgi.e. a straingaugg are likely to miss

strain hot spotsgspeciallyfor complex loadingOther single point measurement tools that

were discussed either depead2 y G KS Y I (i S NRilke.ACPD ard POPR)EEM! A DA U &
to exploita mk G SNRAF f Qa vy I (liedzdBrdacoudtiblFerjisibny @@sorsYhis
requirement limits the materials that can be experimentéshother notecontribution from

the literature reviewwas thatsingle point measurements can fail to present the full eptr

from a fracture experiment.

Full-field measurement techniques such as Moire interferometry, Photoelastic stress
analysis and Thermoelastic stress analysisidosuffer the same consequences as single
point measurement tools. The tools mentioned abare powerful implementatiosin an
experimental setup, however, they dmme with certainlimitations. Moire interferometry

is very sensitive to environmental disturbances such as vibratiBhstoelastic stress
analysids a powerful technique in visusililg stresses and strains, however, the method is
only limited tobirefringentmaterials. Thermoelastic stress analysis uses small temperature
change on surface to calculatiee stresses andtrains ands therefore limited toadiabatic

materials.

Identifyingcracks in digital imagassing image processing technigussidely used, simple

set up and can be applicable to most materidlse method relies on a crack artefact forming
either due to an effect of the microstructure or void between the crémées.However,
image processing techniques require the crack to be sufficiently open so tleanhibe
detectable in the raw image, which limits the accuracy of these methods to a pixel at best.
Digital Image Correlation is shown to be more resourcefuit can calculate sub-pixel
accurate displacement measurementaround the crackFor this reasonDigital Image
Correlation is the most frequently used optical method in fracture mechanics which can be
applied to stereevision and volume images obtain dsplacenent measurements oubf-

plane and in the thickness of a material, respectivéthhas been shown that valuable
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fracture parameters such as stress intensity factamtdgral and crack opening displacement
can be extractedrom displacement information of a fracture experimentThese fracture

parameters are critical in predicting crack propagation in elastic and efglastic materials.

To exploit thiswealth of information this research project aimed at using Digital Image
Correlation and Digal Volune Correlation as tools. One of the more popular methods
discussed in the literature review uses a least square fit to match the measured displacement
to linear elastic displacement fields to extract stress intensity factor. Digital Image
Correlation measues both elastic and plastic displacement fields, while linear elastic
displacement fields, however, do not consider plasticity at the crack tip within the models.
The dintegral was also discussed, and it has a few distinct advantages over thétfial
approach. The method does not rely on a presumed field, it is insensitive to accurate crack
tip location and to inelastic strains close to the crack tip. Additionally, most of the crack
jdzt YGATFAOIGAZ2Y YSUiK2Ra ailetriGaPparameterdi(8. crdels |j dzA NB
path, crack tip, crack length and crack opening displacement) to be utilized in the calculation.
Not only are extracting crack parametecsmbersomebut also, they depend on user
judgementbaseddata analysis and thresholdinghiscan impact the integrity of the crack

measurements and hence the outcome of experiments.

The literatureshowed that there is a need fortaol capableY S & dzZNA y 3 | ONJ O] Qa
parameters automatically without the need for user judgement fromxpermental

displacement fields.

Therefore, thigesearch project will study discontinuity detection and dsaction tool that
is automatic,requires minimal userintervention and the accuracy is not depemd on
judgement of the user. The automatic apptioa of this tool is required to be versatile and

applicable to different fracture experiments antaterial behaviours.
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3 DEVELOPMENT OF A NOVE
PHASE CONGRUENBASEMRACKDETECTION

METHOD

This chapter will present process2 ¥ S E (i NI O (igeofmatrical pafaNdtets {frona
displacement fields called Phase CongruenBgsed Crack Detection (D). The flowchart
of the PGCD algorithm is depicted ifigure 3.3. After a short discussiobehind the
motivation of the methodthis chapter will present all themageprocessingools thatwere
used for thedevelopmentof the novelPGCD Next, this chapter will present a case study to
demonstratehow thePCCD methodtan be used to extract crack parameters fromrgually
created surface dataset. After, the chapter will show how the PCD method can be
expanded to extraccrack parameterérom volume displacement fields. An experimentally
obtained Xray tomography data will be used to as a case studynethodology will be
presented to demonstrate how thePGCD extracted crack parametersan be used to

calculate the dntegral from displacement measurements automatically.
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3.1 Background

Cracks have a characteristic signature in their fields of displacement and strain, which can be
measurel by DICThe displacement perpendicular to the crack direction (i.e. crack opening
displacement) is a discontinuitike a step function, so the opening strain (i.e. the gradient
of the opening displacement) has a peak at the crack locatkdeq another unique
characteristic is due to the opening of the crack in the deformed imagehvibiens a crack
artefact. Due tahis artefact, in the presence of a crack, conventional DIC algorithms achieve
poor correlation for subsets close to the cracke®acThis is because the subsets used for
correlation can only capture continuous deformatidnsm the reference of the deformed
image[105, 119] While some authors used the intenstdition of the pixels to detect and
highlight cracks (as discussed in the literature reyisee section2.2), a few authors
attemptedto tackle the erroneous discontinuity measurements by amending DIC algorithms
[104, 105, 119124]

The aim of thisproject was not to create new DIC algorithms, but to study how the
measurement tools can be usedfectively to study crackddost crack detection algorithms
based on displacement meaements apply gradiedbased (i.e. strain) methods toghlight
the path of the crackl07, 125131]. Such methods rely on @ieing a threshold value, which
may need to vary between analyses due to change in the quality of tleeatahe images;
for example the levels of strain that define the crackrigure3.1(e and j are an order of
different magritude. Gradientbased methods are sensi@ivto the gradient magnitude,
smoothness and magnification, and do not logakccurately{132]. Other crack detection
methods have usedkeast square fitting betweenliscontinuousdisplacement step into a

model such as Heaviside functiofiLl04], which are also dependent onthresholdvalue.

Asimple study was conducted tiemonstrate thevisualisation of thesignature of a crack in
a displacement fieldndto showthe impact ofacrack artefacpixilationon the displacement
field. Figure3.1(a and b) showirtual images of two crackswith speclké patterns on the
surface Each image is deformed using a MATcéded tool calledDDIN[117] (see section
4.6.1for more information) ODINuses input displacement field, obtained from a theoretical
displacement field around a linear elastic crack, presented by Wil[iab8}to deform digital
images Each image size s 1t T g 1 TpiXels, andthe horizontal edge crds arep 1 ¢ T

pixels in length withp-pixel and v-pixel crack mouth opening displacements (CMOD)
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respectivelyThe reference (closed crack) and deformed (open crack) images were analysed
with the LaVision Davis 8.2.6 softwdR] using an iterative least sqares algorithm[68]

with subset sie o ppixels wih x v Foverlap ($ep size8 pixels).The resultant opening
displacement fields are shown Figure3.1(c and d) and those of opening strainkigure

3.1(e and f). For the CMOD ofpixels the image artefd that represents the crack is visible.

It introduces displacement errors close to the crack faces due to the discontinuity in the

deformedimage that was not present in the reference image.
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Figure3.1 a) a 2024x2048 pixel virtual image containing a crack with mouth opening displacement of
1 pixel; b) An image similar to (a) with crankuth opening displacement of 5 pixels; ¢) Opening (i.e.,
Y-direction) displacement of associated with image ())Opering (i.e., Ydirection) displacement
associated with image Jbe) Opening strain of (df) Opening strain of (d)
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A novelPhaseCongruencybased Crack Detection tool (fXD)was developed in this thesis

and successfully used to extract crack parametémn displacement fields.Phase
congruencyPC) is a relatively new technique in image analysis thatRisase information

to detect and identify edges and corndds33]in digitalimages Phase is a component of a
signal in the Fater representationlt has been reported that human perception presents
invariance against illumination changé&dere have been stlies [134] that suggestthat

Phase information is a psychological representation of how human visual systems perceive
edge like features. Rather than defining features directly at oimith sharp changes in
value,the Phase congruendPCmodel dictates that features are perceivetpmints, where

the Fourier components are maximal in phase with each andtt#5-138].

PC returns a dimensionless quantity that is invariant to contrast and scale and therefore does
not suffer from the threshold selection problemof other crack segmentation methods
[132]. Unlike gradiertbased feature dtection algorithms, which can only detect step
features, PC detects features atitlase anglesand not just step features that have a phase
angle ofmt br p Y mtldgether with the invariance illumination and accuratedlisation of
PC[132, 133] these characteristics makeaihideal tool for detecting local discontinuities in

the displacement fieldthat areusuallythe signature of cracks.

The PC outcome is comparedth those of opening strain and displacement, applied to a
theoretical dataset like those presented inFigure 3.1 with a crack mouth opening
displacement ofp pixel. The variation oPhase congruengyopening displacement, and
opening strain is presented alorgyo-line profiles vertical to the crack path: at the crack
mouth and at the crack tip; the opening strain is normalised with respect to maximum strain.
Thenormalised strain and displacement nsageterioratal close to the crack tip, while the
Phase congruenayap remaired consistent. The value of tHeéhase congruencat location
@), 0 #@U, varie from a maximum op (indicating a very significangéiture) tort (i.e.
no significance), and d¢alised to a subdisplacement data point levelhis will further aid
segmentation of the crack compared to other displacement and strain methods, asthsre
a loss of spatial resolution in DIC data comparedh® original image due the step size
between subsets. PCD methodwas directlyapplied to surface and volumegilacement
field measurements and can automatically output ttrackgeometrical representatiorDue
to the applicability of PLCD to displacen fieldsg the application could be extendeto
other experimentdy obtained displacement fields (see sectich3) such as moiré

Interferometry.
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Figure3.2 a) Theoretical nomalised displacement field b) Normsed strain map clphase congruency
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The outline of thePGCDalgorithm is as follows. i5it, the displacementields areapplied a
pre-processingorocedure which prepares the displacement fields thog mainalgorithmic
application. The user selects a region of interest and orientation of the crack. The missing
displacement vectorscaused by low correlation during the DIC analyaig filled with
extrapolation(seesection 3.6). Next, the displacement fields are applied an outlier fi{tere
section 3.5) to remove spurious vector values and resultant displacement fields are filled

using extrapolation (segection 3.6).

The automatic crack detection procedur@ee section 3.7) selects a subset of the
discontinuity to preparaninitial mask for the active contour segmentati(see sectior3.8).
To create an automatic initial maskthe displaement field orientation contairing a
discontinuity is used. First, a Bilateral filtgyee section3.71) is applied to smooth the
displacement field while preserving edges. Next, a sobel edge detgsansetion 3.7.2
is used to create a skeleton binary image of the crack. Hough trangéeersectior.7.3 is
used to find thelongest line inthe skeletonimage. Selectonnected componentgsee
section3.7.4) is used to select the longest line and create an initial masdgémof the

selection.

ThePhase congruenqsee sectior8.2) procedure is applied to the displacement field that
contains the discontinuity, whicheturns the location of the crack. The resultant phase
congruencymapsand the initial map is used in conjunction with the regibased active
contour segmentation algghm which outputs the boundaries of the craakd location of

the crack faced astly, he bounday of the crack is used to extract the crack parameters such
as crack opening displacement, crack path and crack length. The following chapter will
explain low each individual tool has been utilised and give additional informatith

regards tousage.
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3.2 Phase congruency

The phase congruency model is mathematically an advanced formulation and the
information can be difficult to comprehend even tithe appropriate background. i&h
thesis will not attempt to explain the mathematical description or deviation of the
formulation thoroudily ¢ but rather briefly explain and attempt to present a clearer
understanding of how each element benefits the folation. ThePhase congruenayodel
proposed in this study is a methdohsed on the one presented by KovEs39] which is
designed to provide good feature localiion and noise compensation based on-lBgbor
wavelet transfer function. Upon further study, it is seen that the formulatiees better
equipped with the Monogenic scakpace signal proposed by Felsberglef14(]. Lijuan et
al.[132] showed that not only do monogenic filters require less computational time and less
computational memory compared to creating {&gbor filter bank, but it also improves the

accuracy of fature localisation and better sensitivity to 13ei.

b) Crack tip

a) Crack mouth N\

— Signal — Signal

Periodic terms
Sum of Periodic terms

Periodic terms
Sum of Periodic terms

Figure3.4 Fourier series of a step signal and the surtheffirst five terms a) Crackauth profile b)
Crack tip profile

Phase congruencig afrequeng/-basedmodel. Morrone et al[134] found that there is a
high Phase congruencwhere features can be perceived in anage. Ay signal can be
expressed as the sum of the periodic terms of the Fourier transformQgtdenote ourp $

step signal. Then usj the Fourier series expansion:
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"Qw 6 AT &1 % ® (5)

where 0 represents the amplitude of thath Fourier component, anéo represents the

local phase of the Fourier component at positibn] is a constant (usually ¢*).

Figure3.4is a onedimensioal sign&of a step; a) crack mouth profile and lbdck tip profile,
the very same displacement line profiles usedrigure3.2. The first five periodic terms of
the signal and the sum of the fiyperiodic termswere calculated for both a) and b) using the
Fourier series expansion. As the periodic terms increased (towards infthgéygummation

of the periodic terms tendd closer to the original signal. At the point of the step, all the
periodictermswere aligned (shown by the dotted circle) awdrethe only place in the signal

where a congruencwas presentn the phase.

Morrone et al.[136] developed ap $Local Energy Model for feature detection Raase
congmuency This model assumed that the compressed image format should be high in
information and low in redundancyheirmodel searches for patterns in order in the phase
component of the Fourier transform. Rhase congruendynction,0 6, at each pointo

in the signal can be expanded in Fourier component series;

. .. B O 0% % Ows
00w a QW — —
Noh B o w B o w

(6)

where'O w is the bcal energy of the ghal atay which will be properly definetater.

Under this definitionPhase congruenas the ratio ofSO w sto the overall path length taken

by the local Fourier components in reaching the end point. If all the Fourier components are
in phase (aligad with each other) all the complex vector®wd be aligned and the ratio
offOwgB 0 w would be 1. If there is no coherence of phase, the ratio falls to a

minimum of 0[133].

However, the constructed formulation does not offer good laszdion and is sensitive to
noise. Kovessolved this problem by multiplying a weight function in the formalad
supplemented a state of the art noise compensation method based on the Rayleigh

distribution[139].
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.. . B oOowd oY% ® Y
006 ® B 5 - (7)

whereY%o & is themeasure oPhase congruengy
Y% @ Al @ @ %D OE¥% @ %D (8)

“¥is the noise compensation amds a small number( 18t 1T Xt prevent division by zero
in the numerical calculation’Y noise @mpensation isdiscussed in sectio3.2.1 and
formulated in Eq(29)(30)(31)(32). On a given orientation, weighting functiom, @, is

calculated as following:

W — (9)

(10)

6 KS NS xa-offlvalu difilter) is the gain factor that controlthe sharpness of the
cut-off. Ifi & is smaller tharty then the value of PC will be bound to be a small number.
is the total number of the filter function scales, ad ® is the maximum of the

amplitudes ofthe different orders of thd-ourier components.

Assume that our signal is representedgrbby "Qw and to extract the local properties

(amplitude and phase) of the signal, we need to represent it in its analytic form;

Ve Qe 20 @ (11)
wherea W pand’Q @ is the Hilbert transform ofQa .

The local amplitude (energy) and local phas&xb are given by

B AQOAE Qo Q. ® (12)

%0 Ol OOWEERQ © (13)
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More recently, Felsberg and Somnj&r0] proposed a novel fimensional generaation
of the anaytic signal based on the Riesansform, which replaces the Hilbert transform.

Also,they proposed a 2D isotropic analytic signal called the monogenic signal.

Unlike the onedimensional case, no odd isotropic filter can be constructed for two
dimensions if we are restricted to scalar valued filters. For vector valued filters, howeser, thi
is possible. Without going into theoretic details, we introduce the following filters in

frequency domain:

0o Qe (14)
Mo v

v~ " U

O oh Q—— (15)
Mo v

The vectory "'ORO has unit length in any direction (i.e. it is isotropic) because

S'ORO s sOs SOs panditis odd function because reflection through the origin
yields ¢h & 7 aw .

The spatial representation of the earlier filters is given'®}iQ are the Rieed FA{ 6 SNA Ay (K

image domain):

Y. W
Q ahw —‘ — (16)
¢fw w
v W
Q ahw —‘ — (17)
¢fw w
The two monogenic filter®O and"O are not selective in terms of the magnitudes of the
frequenciesTherefore, a logsaba wavelet function,;Qis chosen as a bandpass filter and is
applied tothe image in the frequency domain which yields a 2D monogenic s@raly’ RE &
is the convolution in the frequency domain.
QG 2 Q6 "QG 2 QG

Qdw Qoo 2 QW 20 o QAT 2 "Qahn 2'Q o (18)
Qo 2 Qe 2'Q Wy "Qahm 2 Qoo 2 QG

where Qs defined in the Fourier domain as:

— ‘ — (19)

(@)
(@]
c-
e}
=]
(@]
C
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wherei isthe radius filter given pixel is in polar systen, is the central frequency of the
LogGabor wavelet function-c2 y 0 NB f & (0 KWidthRiA f &S-Nhsie_o | YR

_ 8 8 is the scaling between the centre frequencies of successive filters anthe

number of wavelet scales

Due to the singularity in the log function at the origin, the correspogdunctions in the
spatial domain can be obtained by a numerical invéisearier transform, which are a pair of
filters in quadrature. The appearance is similar to Gabor wavelet fungtadth®ugh their
shape becomes much sharper as the bandwidth isamed. Therefore, LeGabor wavelets
can be constructed with arbitrary bdwidth and the bandwidth can beptimized to
produce a filterwith minimal spatial extentEq.( 18) is called the monogenic signal, under

a spherical cardinate system%N tit* and— T

Qp oftdy 6 WE%e (20)
"Qn oftd 01 Ok é+4 (21)
Qn oty 61 OE R (22)

ThePhase cogruencyis determined by using a multiscale approach. At each scale n, the log

Gabor wavelet filter captures a particular feature of the spectrum frequency from the image.

Therefore the local amplitude of the monogenic signal is:

0 alw Qp aw  Qp adw Qi aw (23)

oo o (24)
Qp ww Qp ww
The local ogntation of the monogenic signal is:
AOASEED (25)
o Qr o
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To calculate 2[Phase congruenc¢¥eq.( 6 ) and Eq( 7), the total energy is needed which is

then given by the summation of the amplitude at each wavelet scale n.

O aid "Qf Qp "Qf (26)

y o B "Qp x
%oofts A O A BAL h v (27)
& B Q; B Qi o
PR - Qp
—tafy  AOA GA- (28)
Qp
3.2.1 "Ynoise circle and Rayleigh distribution
A value for thenoise circle radius is estimated by
"Y f 'rQ (29)

where * is the mean and, is the standard deviation of noise which has Rayleigh

distribution.

(30)

Yoo —Q

”

is the variance of the 2D Gaussian distribution describing the position of the filter

”

response vectors. The mean of the Rayleigh distribution is given by,

i (31)

N

and the variance is

T (32)
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Eis the number of standard deviations of the noise energy beyond the nidancode can
automatically calculatéYnoiseby the mearor median noise response of the smallest scale
2D filter pair over the image. Howevéwhoise caralsobe a user specified inpaetermined

by dmple uncertainty models of the displacement fisldUncertainty models can be
approximatedby applying a rigitbody notion to the specimen and calculating the standard
deviation (, ). Standard deviation can then be converted iffimoise parameter by using
Eq.(29), (30), (31)and (32). The parameter estimates the expected nolsgelsin
displacement fieldsand compensatesfor the noise in phase space enhancing the

discontinuity sigal appropriately.

ThePhase congruenayia monogenic filtealgorithmwhich will be used for this research is
an open source MATLAB code developed by Peter Kovesi available at.tHidYpfnamed
ophasecongmono.& Whenever dilter bank is constructed, it requires many parameters
depending on the type of features that is required to be highlighted. It has been

recommended byovesto use the following filter bank parameters @, 1 T,]
- ™WVE oA ™,r pTA p& . Median of smallest scale filter was used

to determine noise statistics for the calculationTofioise.

The algorithm itself requireen arguments for the calculation of PC, but sevewhich will
remain unchangedrom their stated default valuesand do not require any adjustment or
fine tuning.However, the parameters that may require adjustment argut image (i.e.
discontinuity signalfield); minwWavelLength 1 T ; and deviationGan A Py .
Both parametersould be altered for fine tuning depending on the feature size and spatial
resolution of the displacement fieldHowever both parametersare observed to be
dependent orthe selection obubset size and step sideater, a spatial resolutio and phase
congruency parametric study (see sectiod.7) was conducted to evaluate how the
parameterd  andA impact the accuracy of the measured crack geometrical valiies.
latter study showed thatPC parameter$ T and A pg& are at their optimum

default values. and hence will be constanhlessstated otherwise.
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3.3 VolumePhase congruency

A Volume Phase @gruency(VPC)map was computed using a pseudoethod. Two
dimensional Phase congruencyPC) is calculagd iteratively on displacement slices
throughout the volume field. The 2D PC slices are tbembined to generate @seudo
VolumePhase congruenayap (VPCYne possible cause akystematic poblem is needed
to be addressedeach slice ilndependent ofits neighbourhodl slices.Slice independency
meansthe features are highlighted in individual slidest are not locaked between the
slices. However, upon many observations, the sglickependencydoes notimpact the

discontinuity detection, as shall lseen in sectior3.10

For a wlume displacement fieldthere are thregpossiblesliceplaneoptions;® dplane,® @
plane and® dplane. The slice planfer the 2D PC calculatios determinedbased on the
discontinuity suface orientatiorandfracture mode of the crack.he slicgplaneindexing can
be in two orientationsasthe determination issuch thatthe slice plane is normal to the

discontinuity suface
For mode | cracks:

1 If the discontinuity surface is parallel é@o¢ plane: the slice orientatiod Gor & 6
plane can be selected usifgadisplacement field

1 If the discontinuity surface is parallel ¢ G plane: the slice orientatiodor & g
plane can be selected usifgadisplacement fielg

1 If the discontinuity surface is parallel {o G plane: the slice orientatiod Gor & g

plane can be selected using théodisplacement field.

Consider the following volume displanent depicted inFigure3.5 as an example.
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Figure3.5 VolumePhase congruenglfice plane indexing

The discontinuity surface orientation is shown to beédaplane regoresented by the orange
plane. Normal to the discontinuity surfacés the ¢direction which meansthe “Ya
displacementfield will yield the highest discontinuity signal (Mode | opening). The
displacement field is then coupled with tistice indexig of the & ¢x planeor & ¢x plane,

both depicted respectivelin Figure3.5.

For a mode | opening, if the discontinuity surface is manallel to any of the planes, the
discontinuity signal is distributed into two or three displacement orientations that all yield
the same nase. The goal is to channel the discontinuity signal into one orientation to achieve

a better signal to noise ratio

In the case of the discontinuity surface not betmmpletelyparallel to any of theplanes
the positioning of the voxelen the referene imagewill need to be changedy rotating

both the initial and deformedomograph the positioning of the voxelsan be changed.
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3.4 Median filter D and 3D

The Median filter is a nonlinear method used to remove noise from images and is widely
used in inage processing. The main effective ability of the Median filter is with smoothing
noise while preserving importartdges or features while other linear smoothing filters (i.e.

Gaussian filter) moves the location of a feature.

This can be a useful toob tpostprocess displacement fieddas DIC and DVC are very
susceptible to noise in digital images. For identifying the crack, it is a requirement to supress

noise whilepreservinghe discontinuity location. The algorithm is relatively simple to follow;

Eachdata point is iteratively higilghted, at each iteration a user selectedighbourhood
(window/ subset) is placed around the selected data point. All the data point values in the
selected window are converted into an array and the median is calculatesbrting all the
values into nurarical order. The highlighted data point is then replaced with the median
value of its window. The window slides point by point over the entire fi€lie volume
implementation of the Median filter ike the 2D case instead, a volumaeighbourhood

is ®lected.
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3.5 Remove outliers (2D and 3D)

An outlier is an observation point that is distant from other observationsiandost cases,

the analysis is better conducted if the outlier is identifeetl removedTo be able tadentify

and remove outliers is an important process in both image analysis and data analysis.
Typically once displacement field is extracted from a fracture experimaith the use of
DIC/DVC analysis, the data will inherently conthmerror sources poduced by the crack
(seeFigure3.1) andtypicalnoise. The sources of these errarg difficult to controlwith the
conventional DIC/DVC algorithms. Therefor|a is introducedwvhere displacement values
with high localsed gradients can be removed from the data be replaced with a better

representation of thewvhole field

The intention of the outlier deletion is to remove isolated noise spots from the displacement
field data.We take advantage of the median filter introdad in the previous chapter and
use it as a todb identify and highlight noise spat§he outliedeletion procedurés depicted

in Figure3.6.

( ™
Window size . ]
[ parameter i—i Median filter
N 'y

v

abs(DATA-
Medfilt(DATA))

~— @ @@/

Y

p
Threshold Threshold to
parameter detect outliers

. J

A 4

Delete outliers

—

Figure3.6 Outlier deletion procedure
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The Outlier deletion algorithm only requirdbree inputs; two of the parameters are
specified by the userts | 4¢!(seeFigure3.6) is representative of the displacement field
data, the window size for the median Ifer and a threshold parameter. The threshold
parametercan bea default settingbased on the baseline noisehich can be determinely
calculating the standard deviation of the displacement fidhdtially, a median filter is

applied to the data which is then subtracted from the input dgtaing median fiker residual.

The median filter residual provideflom this process gives a numerical interpretation of
locations where significantchanges occurred from the Median filter. Bylogical step
procedure,the absolute difference between data and medifiltered data is checked. If

above the threshold parametgethe data pointis deletedfrom the displacement field.

3D Outlier deletion ha been developed that uses the same algoritbomt assesses the
validity of each data point in volume displacement by user selected voheighbourhood
distance. Open source MATLAB algorithm, Medfilt3.m computes the mediarirfiltelume
data but requires anumericallyodd numbervalue forwindow s$ze.As an example, the outlier
deletion procedure is applied to an extremely noisy and erroneous displacementdsd (
Figure3.7). The data irFigure3.7a is of a’Yuxdisplacement field createdirtually with a
CMOD ofrg pix ard applied high addive noise (seeexction 4.7) where the conventional
crack detection methods have failed to detect the discontinuity. The dgiomof the data
points is¢ 0 L ¢ 0.As seen ifrigure3.7a, the discontinuity is almost hidden by the additive
noise. Amedianfilter is applied to the diglacement data, window size of ¥th the output

is prodwed inFigure3.7b. Data obtained from thenedianfilter is then subtracted from the
raw dataas depicted irFigure3.7c. Data values where the difference exceeds the thods
are deleted and replaced with NafNot a Number)alues as showmiFigure3.7d. It is
observed that 92.3% of the data point values were deleted. The missing data points are then
extrapolated (method will be idcussd in the next section) and the discontinuity is
extracted. The same outliefilter has been implementedo displacement fields obtained
from PIV (Particle Image Velocimetfi®2]. Westeweel et al.[143] proposed & outlier
deletion filter, alsovery similarto the oneproposed in this capter. Their methods based
on a threshold value of the normalized residiflactuation of the velocity of one data point
relative toits nearest eight neighbars. This residual also takes into account the minimum
possible residual by incorporation a tod@ce, which corresponds to the precision of the
data. Outlier filter andoptimization of displacement fieldsvere not researchechere and

couldbe added to future work.
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Figure3.7 Outlier deletion example)dJy displacement of artually created crack with CMOD of 0.1
pix b) Medianfilter applied to a) with window size 15 c) absolute difference of a) and b) d) Deleted
data points of Uy displacement that are above the thresholl@d5 e) Extrapolation of d)
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3.6 Recovenof missing data (2@nd 3D)

Missing data pointswithin adisplacement fieldire very common andre usually caused by
unmatched subsets or if the correlation coefficient is low during the process of the DIC / DVC
algorithm. This camccur for many reasons such dsgh deformationleads thematching
algorithm to fail; small subsetgherefore not enough definition within each subsetnd
experimental variatiorbetween the time series subsets which could be duevtbrations,

blur, change in light intensityrack artefact corruptiorof the surfaceand outc of ¢ plane
motion. A crack artefact is the dark pixilation caused by void of the c&iokilar issuealso

existin the analysis oDVC.

Anothercausecould also be due tthe outlier deletionprocedure One of the main pitfalls
of the phase congruencsglgaithm is that the image input needs be a complete field (i.e.
no missing data points) for thelculation of Fourier transformnd phase infamation. There
have beerma fewstudies related to extrapolation of missing datéthin displacement field
[145-147]. Inthis researchan open sourceode inpaint_nans[148] is usedto fill in the
missing data points within our displacement field sarface measurementd he algorithm
uses noANaN (Not a Number)data points to interpolate using a linear least square
approach to obtain a fully filled displacement fiefth example of its application is shown in
Figure3.7, wherew @& Pof the missing data is recovered adequately and the calculation is
depicted inFigure3.7e. The key componentf anpaint_nansds thatthe algorithm fills all the
NaN data points without modifying the known data pointhe inpaint_nanswas used

beforeto obtainanapproximaton of missing data poin{d.49].

Inpaint_narsis onlyapplicable folmtwo-dimensional data point fieldAnother MATLAB open
sourcecode inpaintn[150], is introducedo extrapolatethe missing data points of a volume
displacement field Unlike inpaint_nans this algorithm uses an iterative least square
regression based on a thraekmensonal discrete cosine transfornmptapproximate the
unknown data pointsinpaintn algorithm was use in the recovery of missing data points
from displacement field§151]. The objective of these methodmpaint_nans& inpaintn) is

to create a quick and easy method with no user interaction obtain a full field
approximation of displacemérvalues.A study of which method is more robust is an open

endedquestion therefore not investigated in this research and added to future work.

1 Also known as NaN (Not A Number)
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3.7 Automatic nitial mask (2D only)

PCCDalgorithmis fully automatic due to the automatic selection of theiadimaskfor the
regionbased active contousegmentation procdure. To segment a feature (i.e. crack),
regionbased active contour segmentation procedure requires two ingutaage with the
feature andan initial mask which ia binarizedmask that isa subset or a superset of the
feature of interestDisplacementfield of the crackepresents the image of the feature and
therefore can be directly fed into thactive contour algorithmThe initialmask acts as an
initial guess as to where the locatiof the feature islnitial guess locatioof the feature is
labelled as 1 whileon+-initial guess location is labelled as 0. This section will provide the
image processing tools to make the creatiohtie initial mask automatic based on an
unsupervised anmaly detection Typically, ér a successful segmentation of a featutiee

user is required tanteract with the segmentation algorithm argktermine an aredocalised

to the feature that is either gsubset or superset of the feature of interegutomatt initial
mask selectionremoves anyuser interaction and successfully identifies tfemature of
interest based on the longst straight line. The straight line is usually the signature of a
discontinuty in the binarized edge map of the displacement fiekhd an example shown
here[152]. TheHough transformis utilised to find the longest straight line in the lainzed
edge map. A similar method based on using Hough transform to automatically find damage
from displacement fields was used hdte3]. The followingmethod is seen to successfully
ignore features crated by noise or irregularitee and construct a single mask if the

discontinuity exists ando mask if he discontinuity does not exist.

3.7.1 Bilateral filter

The Bilateral filter is an ing&@-processing tool utided to smooth images while preserving
edges[154, 155] Similarly.to the Median filter, each location is replatd®y an average of
its neighbairs depending on two parameters that imdite the size and contrast of the
features to preserve. This works well with this study as diseontinuity signals usually
hidden in additive(seeFigure3.7a) and the bilateral filter can help enhance the feature in
algorithmic noisgl54]. Bilateral filter will adjust themagnitude ofdisplacement values
increasing the uncertaintyFor this reasonbilateral filter will only be used to identify the
location of thecrackfeature and will not be used to quantify therack. An opensource

MATLAB coddeveloped byDouglas Lanman is usgib6].
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3.7.2 Sobel edge detection

Sobel Edge detection is a gradidrigsed edge detection operator that simply uses two
o okernels which differentiates an image in dwdifferent orientations to construct a
gradient magnitudeThemain advantag®f this imagebased tool is that the MATLABenN
source code has an-uilt automatic thresholdnethod calledOtsu method[157]. TheOtsu
method is very useful as itelristicallyand automaticallyhelps skeletonse significant

features and edges while being computationally inexpensive.

3.7.3 Hough Transform

The Hough transfrm is a feature detection technique that can be used to isolate certain
features of a particular shape within @nage by using a voting procedure. Hough transform
was originally developed to detect lings58] and then laterhasbeen generased to cover
arbitrary shape®r features that can beepresented by analytic equatio$59]. This work

utilizesthe Hough transform to detect straight linesor the longest straight line

Lines can be representathiquely by two parameters i@artesiarform:

W 00 ® (33)

However, this form cannot represent vertical lines (requiies H or @ H), therefore

the Hough transform uses the following equation to be able to represent all lines.

WhE Of Q& | (34)
o GEE (35)
e oY

— pyNa I ON Moe® w
The Hough space for lindss therefore two dimensions- ) where a line is represented
by a single point, correspoim toa unique set of parameters. The idea is, a point in image

space is mapped and represented by all lines that can fmesigh that point yielding a

sinusoidagline in the Hough space for eacidividual point in image space.
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A Hough spacaccumulate is used to determine the areas where most Hough space lines
intersect. For every point thatsitransformed from image spacéhe accumulator is
incremented for all lines that could pass through that point. The resolution of the
accumulator detemines theprecisionwhichlines can be detected. An-uilt MATLAR ode
hough.mtakes abinarized mapas an input angherformsthe Hough transform and returns
the accumulator. The lines can be found as local maxima in this accumulator. Once in
accumulator spacegn interpretation is requiredo interpret the peaks and classification of
all lines.All values above the threshold ameterpreted as a line, which is giventt Bf the
maximum value of the accumulator. Simple thresheldds todetect identical lines if @aks

in the accumulator are close. Therefpeesuppressiomeighbourhoodalgorithm is defined,
where two lines must be sigficantly different before both can be detected. MATLAB code,
houghpeaks.mvas utilsed to detect lines and interpret the accumulatehere 10 peaks are
considered Each peak is checked to make stiney arenot too close to each other using the
suppresson neighbourhoodalgorithm. Finding the peaks returns the parametdrsand O
with no information of length meaning all detected lines aneximumin length within the
boundaries of the image dimensiomhe MATLAB codapughlines.mis then used to find

the length of the detected lines using the biized map. The code alsmnnects the same
lines (samg and Oparameters) through missing points of up to 10 pixels and merges them
into a single line. The algorithm outputs the two epdint co-ordinates of eah line, where

only the longest connected line is considered.

3.7.4 Select Connected Components

An open source algorithngelectCC.1j160] is used to select all the connected components
from a single identified point. The algorithm inpatquires abinary map of features and
coordinatebasedpoint. SelectC@ses the neighborhood dfie identified pointto iteratively
review all the conacted points and addhe connectedcomponents to theselection The

output information is of &inary map of the selected feature.
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3.8 Segmentation algorithn(D and 3D)

Segmentation is the process of partitioning a digital image into multiple segments of se
pixels. In this researchihe interest is topartition the discortinuous data points into @
independentd SG ® ¢ K S segni@htatidnie\ Gsing thresholding or gradient based
methods can struggle to segment thdiscontinuougdata points well ad proficiently due to
unusualnoiseof the calculated displacement field. Howevectie contour segmentation,

can be a powerful and flexible method to segmdigicontinuous data pointsdiso known as

the Snake algorithm{161, 162] Active contour segmentationis an iterative feature
extraction technique which requires initial points/mask defined around a feature that is to
be extracted.The benefis of the algorithm can be summaed as: atomatically detecting
interior contours, robust wth respect to noise, ability to detect and represent complex
topologies (boundaries, segments) and finally, extraction of geometric measurements such
as length, area, volume, intensity of a detected contour, surface or region, respectively.
Application othe snake algorithm can be a powerful procedure et be applied tdetect

cracks irdisplacement fields and extractetdiscontinuous region.

3.8.1 Region based Active contour algorithm 2D

The literature forregion basedactive contour is well developed amstablishedThe most

well-known active contour ighe ChanVese model which is based on the Mumfesthah

functional [163] for region basd segmentation. Thenathematical depictiorof the Chan

Vese modelOly 0SS F2dzy R Ay (KS LI LISNJ164] whidhAidS / 2 y (i 2 dzNJ
employed for this researchMumford and ShaH163] proposed ageneral optimization

framework usingan energy functional based on regional geometric propexties segment

The propertiesnclude the length of curveand variation of the individual pixel intensities

inside and outside the curvéWhile mostactive contoursely heavily on edge dettion, the

benefit ofthe ChanrVese modeis that the methodgnores edges completely and irat fits

a two-phase piecewiseonstant model to the giveimput image
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The principle of the algorithm is an enermynimising spline guided by external constraint
forces and influenced by image forces that pull it toward features such as lines and edges
hence locking onto nearby gds, locating them accurately161]. Also, segmentation
boundary is represented implicitly with a level set function, which allows the segnientat

to handle topological chages more easily than explicit snake methods.

An open source MATLABde developed by Lanktdi65] based on the very same Chan

Vese modelwasused in this workTheChanVesealgorithm, requires four input paramters:
Inputimage;Initial mask;Maximum number of iterations angd - weight of the smoothing

term. Input image is given to be tlithase congruenayap, where the discontinuity iikely

to be highlighted as a ridge like pattern. Initial mask helps regionalise the desired
segmentationfeature ¢ in this case the discaimuity, using a skeletominary map and is

selected by an automatic procesBhe initial mask may be in form of an overshot an
undersho®; the active contour algorithm decreases or increases the mask until a
convergence or Maximum number of iteratioissreached. To reduce dependency onéh
initialisation, it is observedhat undershot initial mask performance is much more reliable

for automation From observationdifferent undershotmasks daot modify theoutputted
segmentation boundary itself. Hower, abetter skeleton mask will mean the active contour

will converge mahfaster requiring lessomputational time. While Cha¥lese has a feviine-

tuning parameters, the most importaris | ¢ the weight of the smoothing term. The
parameter| adjuststhe length penalty, whiclbalances between fitting the input image

more accuratelyi(e.smaller{ ) vs producing a smoother boundaggmentation(i.e.larger

1 ). Although cracks can be quite conwtdd depending on their microstructure, intently,

5L/ Aa y24 otS G2 OFLIGdz2NBE F ONIF O1Qa G NHS
Therefore, ideally a larger LI N} YSGSNJ FAda o0SGGSNI (ks G§KS &
observed thatfor disphcement field with small noise, good cricparameterresults are

producedwhere ) @ and is kept as a default value for all datasets.

2 Initial mask is auperset of the crack
3 Initial mask is a subset of the crack

63



3.8.2 Region based Active contour algorithm 3D

An open source MATLAB®Bdedeveloped by Yan Zhafit66] entails a set of Active contour
image segmentation tools such as geodestiva contour (GAQL67], ChanrVeseg164]and

a hybid regionmodel[168] levelset methods and have the abifito segment 3D surfaces
iteratively and semiautomatically.The toolbox uses the sesmplicit solver based on the
additive operator splitting (AOSyhich is shown to have a better stabilif69] of the
numerical methods even with very lardgene steps, thus enabling better convergenoe
levelset based segmentatiotUpon visualrialg the hybrid region modgbresentedthe most
promising resusk for the 3D segmentation @racks.The hybrid regiomodel isdesigned to
segmentfeaturesthat has intensity inhomogeneitjt 68] using a combination déioundary
and regional termsThe mathematical depiction and theory tie regionbased hybrid
algorithm can be found hergl68]. The main idea of using the hybrid region model is how
volume phase congruencyeatures are representedDue to the slice independency, the
feature voxel in the datare identifiedthe correspondingpout of ¢ gneighboring voxels that
have potentially homogenous intensity while the remaining yneighboring voxels can

potentially have inhomogeneous intensity

I & Ay Jacihypo®d nindel.hh RS GBSt 2 LIBeR al. §186] régiiresys inputs and
outputs the volume segmentation and surface of tirack.Firstvariabletakes the 30phase
congruencydata, however first thephase congruency data needs to be converted ithi®
propagation field The propagation fielthdicates the magnitudes arttie directionfor the
evolving curvedine. A regativevaluein the propagation fieldlata mears contraction and
positive value means expansiofo obtain the propagation field data,value oft TR,
is subtracted from the 3[Phase congruencgata. Phase congruencig a normaked data
where the disconhuity will have high congruence at the location which makes the
propagation field easily obtainabl#.the high congruence is aboye , then propagation
data will have a positive valuefiélowt , naturally the prpagation data will be negative.
It is seen thatt can also be obtained by calculatitige mean value of the 3[Phase
congruencydata. The propagation field is ed to calculate the Chavese part of the Hybrid

algorithm.

The second parametds the intial level set, also referred @be seeding pointduring the
FANRG A G SaNdhyibrid 2n6déR FF dayRaBiukictiofidde _hybrid_modélis iterated
instead2 ¥ dza Ay 3 (0 KoBilt FMENIGARFD a2 WAYA 2y d ¢2 | OKASPS (K.

input that controls the maximum number of iterations is given a value of one. This is so that
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the response after each iteration feedback can be graphically represented tlae
segmentation growth visuallgssessed by the useme initial level set is updatedith the
previous iteration output from the functiorHowever, br faster computational time, it is
recommended to use thiunctionQa A G S NI Tihke se&dingamPséestibricampletely
replaces the initial mask as shown in the 2D rediased segmentationThe seding point
is a binary fieldwhere ac ¢ o mask, subset of the discontinuity is visuaihd manually

selected by the user.

The third andfourth parameters,| andy , arepredefinedweighting termsbalancing
the propagationactive contourmethod and geodesic active contoumethod respectively
They controhowmuch each methothkes over the segmentation processerall weighting
in the hybrid model.For simplicity, the parameters are kept constant at 18T p and

[ T8t dor each dataset.

The fifth parameter is the Gradient field of the BlDase congruenaypap which isused to
calculate theGeodesi@ctive contour (GAC) termh& ind dzA f (i  BazfaQiénk gap «

is used to construct thigradient field.

The sixth term ig O , representing the time step for each iteration and controls the
convergence of the functiomO is kept atthe default value of one. Typical, the
segmentation iteration is terminated once the active contour convergmsards an
optimum segmentationTherefore, the segmentation éther terminated by the user when
segmentation growth is observed to be stagnant or thexdation number is seleéed high
enough to cater a stagnant segmentation growfhe segmentation algorithm can be better

optimized requiring lower iteration count to reach a convergemegh a more precise mask.
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3.9 PhasecongruencybasedCrack Detection (RCD)

3.9.1 Introduction

The aplication of thePCCDalgorithm and its ability toextract dscontinuity parameters
accurately is depended on the displacement fielded to proces Calculation ofthe
displacement field requires careful atteati andoptimizationfor parameters such asibset
size, step size and correlation coefficient and outlier filldrere are many guidelines for this

in the literature and thampactsare carefully studied170-172].

The crack detection algorithwandetect surface discontinuities in all orientatioiislode |,

I, [INfor both StereeDIC and 2IDIC configurationddowever, this thesigvestigated only
Mode | cracks. Displacement field error sources can relate to calculation of surface
discontinuities, due t@ heterogeneous motion within subsets that contain the crack. More
accurate discontinuous displacement measurements eatulated if thediscontinuity
(crack orientation) isparallel to theaxis of thesubsets[76, 119, 173] Therefore,most
researchers have ensured that the camera orientaijdror Y camera axis) parallel tathe
expected orientation of the discontinuity'6, 125, 174, 175Figure3.8 demonstrates the

schematic of camera-&xis setup parallel to the orientation of the crack.

Edge crack sample

1

Camera ROI

Figure3.8 Depiction of Camera-&xis parallel ® the orientation of the crack.
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Parallel orientation nbonly controls how the discontinuity interacts with the positioning of
the subsets but also shifts the magnitude of the displacemempjinto a single orientation
increasing thesignal to noise rati of the sted119]and also allowing the separation of mixed
mode displacementf the crack A good detection of discontinuity location is mostly based
on good signato-noise ratio between displacement jump and displacement eaad
therefore the orientation can be beneficial to calculating the discontinuity parameters
Couplingwo displacement field orientations (or three orientations in the case of stéyeD)

to locatethe crackcan lower the signaio-noise ratioof the sighal as all fields contai the
same degree of uncertaiptIf the discontinuity is at a signifiohangle with the one of the
axes, both displacement field components will yield the displacement juntip i relative
noise, which means naturally increasihg magnitude in one orientation will lead to higher

signatto-noise ratio.

If the orientation cannot be determined, the raw images can be rotgiedtexperiment

using accurate interpolation methodgl76] before displacement field calculations are
exercised. It is important to note th&GCDcan detect cracks at all angles, however for
accurate displacememheasurement which results to accurate crack parametdraction,
image rotation is recomended.PCCDis also able to obtain an angle measurement for the
longest line segment, which can determine the mode of the crack and can be useful for an
automatic wo-step algorithmic designed faotation-basedoptimization This has not been

further studied in this research and will be added to future work.

The displacement field of a cracked body is calculated usingad@s exported from
LaVision Davis Strainagter Codg7] as a text file and imported into the MATLAB platform.
The text file typicallgontains 4 columns for 2D DIC and 5 columns for StBi€o Each row

is representative of a single data point plotted over the entire reference image either in
calbrated coordinate (mm) or uncalibrated coordinate (pixels) systéncpordinate, (>
coordinate,® displacement § & (displacement% Y and®displacement$ )4. The data
points outside of the determined masked region, censored data points due topted
subsets and subsets lower than the correlation coefficiestaso included in the text file.
¢tKSasS RIGE LRAyGa GKFG KI@GS y2 RA&ZGLR I GEOKyY
displacement column5( @5 Land5 Yand will be labelled as NaN (Not Arhber). A script

is used that meshed thé and ¢ data point gridto construct5 @5 tand5 UWlisplacement

field maps.

4 Z displacement /8 column exists For SteredIC
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An example dataset is considered to help viseadiach algorithmic steséeFigure3.9 for

a better understanding The example image datasetqsm ¢ 1¢ 1T Tpix of a horizontal
single edge crack is stimulated that matches the fracture parameters identical of steel
specimen and createdirtually with CMOD op pix. Displacement calculatiorare obtained
using pixebased ceordinate systenwhere subset and step size are chosen tgbendt
pixels respectivelyPixel based cordinate system is recommended as errors associated to
the calibration can provide uncertainty in tlealculation ad obtaining a reference point if

the images needs to be 1&alibrated is a beneficial foresigltigure3.9a depicts the fulfield

raw vector magnitude ofY ¢and"Y ubbtained from LaVisio®avis Strain Master Code. The

dimensiors of the data pointsar® Tmxuv p o

Region of Interest

377 data points
1504 px

Ux displacement

!.
[
p
?
[

Figure3.9 Selection oROI1 a) Displacement \&¢or Magnitude b) Cropped Uy displacement fiet)
Cropped Ux displacement field
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PREPROCESSING

3.9.2 Step 17 Region of Interest

A region of interests specified by the user to redutiee computational time and crojout
0KS 5L/ &Yl &s](BeRvéctoR labelled duiiekByfure3.9a) which carincrease
the success rate of therack detection The displacement fields; @5 tand5 Uand the ce
ordinate spaceof the data pointsare cropped based on the selected rectateguegion of
interest and are theonly fields considered for crack detection and crack parameter
extraction. The cardinate space carries valuable information as to pgi@cement ofdata

point location on the reference image.

Figure3.9a shows fil-field raw vector magnitude field & @and5 Uwhere the redarea

identifies a user determined Regiaf Interest (FROI). Considering that the raw imagkata

was notmasked before displacement calculationhjs seenin Figure3.9a, the data points

located at the very ége of the field contaid LJJzZNA 2 dza @ f dzS aThéROEBSt f SR
selected so that these values are not considered forREBCD algorithmdqeeFigure3.8a).

The dimension of theROlis given to beo x x ¢ Y ¢lata points, which translates to
puLTTP P TpX Figure3.90 and Figure 3.9c deptct the cropped™Ywand Y wfields

respectively which are theutput from thisstep.

INPUT OuTPUT
Raw displacement field Cropped displacement field
T 6= e 6. YdS "YdD TYd
Co-ordinate space Cropped Ceordinate space
Ll 6.6

Region Of Interest

Tablel Input andOutput table foPGCDStep 1¢ Region of Interest
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3.9.3 Step 21 Displacement orientation

Displacementield orientationwith the highest discontinuitynagnitudeis selectedfor crack

detection and segmentatioas the feld bearsthe highest signabf the discontinuity.

1 For mode | crackshe selecteddisplacement orientation is normal the crack
9 For mode Il cracks, the selected displacement orientation is the parallel tadhk c
1 For mode lll cracks, the selected displacement orientatiooutsof-plane to the

crack

Figure3.9 shows a mode | edge crack along the horizontadation on the xplane, higtest

discontinuity signal wilbbe in the®¢ displacement§ ) orientationas seen byigure3.9b.

In this step, he user will have to determine which displacemerientationbearsthe highest
discontinuity and hencewill be used for crack dettion and segmentation.The
determination d displacement orientations can be made automating statisticahnalyss

but the automation of this procedurarasnot investigatedn thisresearch.

INPUT OuTPUT
Cropped displacement fields Selection ofdiscontinuityorientation
( E f]ﬁfi F]Ff ) (i.e. &-direction)

Table2 Input andOutput table foPPGCDStep 2¢ Displacement Orientation

3.9.4 Step 371 Fill missing value

All croppeddisplacementfield orientations (# 5 Land# 5 Pare applied theinpaint_nans
with linear interpolation(section3.6). The extrapolation code attempis the recovery of
censored displacement data points whicdin be caused by therack artefact, image blurring

large spekles and morare discussedn section3.1.

Figure3.9b andFigure3.9c do not contain censored data, therefore change betwésmn

displacenent fields, before and afterare rot implicated from this step.
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INPUT OuTPUT

Cropped displacement fields Filled dsplacement fields
FT hET hips 047 YR04YH0§ Y&
Table3 Input andOutput table forPGCDStep & Fill missing value

3.9.5 Step 47 Outlier deletion

The followingwo steps (step 4 and Honsiders amptional Outlier replacement procedure,
discussed in sectio®.5and 3.6. The user haghe option to use this procedure in order to
enhance the discontinuitgand remove the erroneous displacementives locaked at the

crack. Thauser has the option to skip and proceed to Automatic Crack Detection ¢Stép

Outlier deletion is utilised wih all the displacement field orientations

& #5 @& #5 @& #5 U The displacement information casontain outliers causd by the).
Outlier deletion allows the user to control the deletion of imprecise displacement data points
by observing a user inputtetnkighbour(/ $ ¥around each data poiniThe outlier deletion

canimprove the crack detectioasshown in Figure3.7, previous chapter

=
(V]
O
EY
Q
2
o
x
)

Uy displaceme

Figure3.10 Outlier deletim and extrapolation procedure a) ar deletion of Uy b) Outlier deletion
of Ux c) Extrapolation of a) d) Extrapolation of b)
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Outlier deletion parameters foFigure3.10(a and b)is 5 and 0.0] respectively of window
size ( $) and threshold parameter ($)CFigure3.10(a and k) show the locatios of the
removed data points frons Land5 @lisplacemenffields, respectivelyThe application of
the outlier deletion has decreasetie rangefor 5 land5 @ields fromp® pix (Figure3.9b)

to 1 pix (Figure3.10a) and 1@ pix (Figure3.9c) to & pix (Figure3.10b), respectively.The
Outlier replacement procedurgisually enriches the global features and creates a much
sharper field; as observed by comparlmgfore and after displacement fieldéigure3.9b vs

Figure3.10c) Figure3.9c vsFigure3.10d)

INPUT OuTPUT

Displacement fields Filtered displacement field
I M M 0 "O8Yah) "O8Yd) "O8Y &

Outlier window size

Ero

Outlier threshold parameter
For

Table4 Input and Output table foPGCDStep 4¢ Outlier deletion

3.9.6 Step 571 Fill missing value

In this step, the outlier deleted displacement values are fillsthginpaint_nanswith linear

interpolation Geesection3.6). Theoutput of this step can be seen Kigure3.10(c and d.

INPUT OuTPUT
Displacement fields Filled Displacement fields
(OFC_Ux, OFC_Uy, OFC_Uyp (FOFC_Ux, FOFC_Uy, FOFC_U}

Table5 Input and Output table foPGCDStep &, Fill missing value

72



AUTOMATICRACK DETECTION

The selected displacement orientation fromsdction 3.9.3 is used to dictate the
displacement field for crack detectioiThe cack detection procedure does not require
precise displacement values, but rather requires the detectiod approximate dcationof

the discontinuity. The aimof the automatic crack detectiois to detect and create an initial
mask of the discontinuity.To produce an undershot initial mask of the crack, the
displacement map is smoothed using a bilateraéfi(section 3.7.1), whichis an image
processing tool that removes noise from images while preserving eddgesusage oh
bilateral filter will only be considerefbr the approximation of the discontinuity éation as

it is shown to be a powerful tool to suppress noise while preserving edges rather than crack
parameter extraction The next step is the Sobel operat(see section3.7.2, which is a
gradientbased edg detection filter, that produces a map of all the edges insheothed
image this includes edges produced by noise and the discontinuity. Next, the Hough
transform(seesection3.7.3 is used to find the cordinates of thdongest line in théinary

edge mapThe Hough transform is a feature detection technique that can isolate features of
a particular shape within an image by usmgoting procedure. The detected longest line is
the highest likelihood of the discontinuity the displacement map. This is because the edge
preserving filter applied previously removes most of the displacement noise, leaving only
sporadic noise that gmears as short edgg$26]. The detected longest line is an undershot

of the discontinuityhighlightedby PC andherefore is used as an initial mask.

In this example& / &5 (seeFigure3.10c) is labelled as th& A O A A O Eahd wéll BeltHe A
only input for theAutomatic crack detectioprocedure to outputan) 1 E O E fo be uéed E
for the segmentation algorithmThe accurateness of thimitial mask will only helphe
regionbased active contour algorithm to reach an optimuesultmuch quickeig requiring
less ferations hencdess computational time. Howevef the correct regiorof discontinuity

is selected, the initial mastoes not alter the segmentatigorocesand hence the extracted

crack parameters.

INPUT OuTPUT

Selected displacement fieldrientation Initial discontinuity mask'O¢ "Q0 "Q® &
dL :

Tm ‘mi <

(le.3 F3.F9

Longest line angle
0 Q¢ Q0 ¢ QA Q
Table6 Input and Output table foPGCCDcAutomatic crackdetection procedure
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3.9.7 Step 67 Bilateral filter

TheBilateral filter(seesection3.7.1) is applied to the selected displacement field orientation
(& & % Yto suppressoise while preserving edges or discontintike signals a& defaut
scalespace, increasing the likelihood of a positive crack detectdBilateral filter usually
requires three inputsa normalised dsplacement field, size and itrast of the features to

be preserved. However, two of the inputs will remain unchanggze of the featuresand
contrast of the featuresare optimally selected to be 20 and 0.1 respectively. These

parameters are not changezhd do notrequire any adjstment.
0.9
0.8
0.7

0.6

0.5

0.4

0.3

0.2

Normalized

0.1

Figure3.11 Automatic Crack Dection procedure a) Bilateral filter dfigure3.10c, b) Sobel Edge

2LISNF 62N 2F F0ox OO0 [2y3Sald tAyS RSGSOGSR dzaAay3d | 2dAK
SelectCC of red cross in ¢) (Initial mask)

Figure3.11a depicts the Bilateral filtered displacement field whicledaot show obvious

improvements, as the used displacement field has low amplitfd®ise.

INPUT OuTpPUT

Selected displacement field Bilateral filtered displacement field
orientation g 4miF < 6 0Q0 Qb0 Q¢ ¢ "'0QQ

Table7 Input and Output table foPGCDStep & Bilateral filter
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3.9.8 Step 71 Sobel edge detection

In this step, theSobel elge deection (section3.7.2 is applied to the noise sypessed
Bilateral filtered displacementiéld asthe Hough transform requires inputs to be in binary
feature space. Edge detectiameates a binary map ohé dscontinuity, approximatingo
the nearest data pointThe edge map magontain other featureshat were not suppressed

due tohigh gradient or noise with Step 6.

The output of this step, depicted frigure3.11b, shows a singulaorizontalline without
other global binary pimts andnaturally thisresults toa successful initial mask creation. To
demonstrate the robustness to noisand evaluate the feasibility of the following steps for
automatic initial mask crdaA 2 Yy X G & |t [(177]InofSR withJBoisk dfemsity of 0.1 is
added to the edge map inFigure 3.11bd ¢ KS SR3AS YI LI 6AGK
(seeFigure3.11c) isused forStep 8 and Ste9 to show the invariance to Step 6.

INPUT OuTPUT

Bilateral filtered displacement field Binary edge map of possible crack paths

l.rm<mir<ic=g gut 05000 QKW G Q

Table8 Input and Output table foPGCDStep ¢ Sobel edge detection

3.9.9 Step 81 Hough transform

TheHough transform(section3.7.3 is usedo find and elect the longest eg linein the
binary edge map of possible crack pathbke algorithm camutput the coordinates of the
longest line in the logical map automaticapich can help localise a desired discontinuity.

The detected longest line issuallylongest step/discotinuity in the displacement mafhe

edgepreserving filter was applied previously which removes most of the displacement noise

2 NJ & & LagyOdniingg noise displayed by the logical edge map is usually random points

in the image while the discontiity of interest is a long line.
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TheHough transform uses a voting procedure to find lines in binary images therefore certain
criteria can be setor the selection of a line. The algorithoan be set so that lines at only
expected orientations can be searché.e. betweerf ] ), whichhelps

to decrease the computational time and increase the probability of a positive match.
However, the d&ault is set so all orientation of linas searched (i.ef wTJ

] P o).Detected lines arelao required to be longer than a specified data point
length (le( T OCE ). This detection criteria helps filter out the spurious srmia#d

or small dots caused by the noise or effects of high gradient. If the longest detected line is

smallerthan( T OCE then no discontinuity is detected.

There are instances where the discontinuity location can be corrupted due to noise or crack
artefact, meaning the straight line can be unconnected on the binary edge map. The
parameter,( I O C E is used to give the detected lineslagree of connectivity freedom.
Principal of continuityneans the distance between disconnected data pointskehridged

if the length of the gap is lesthan( | O CE . The input parametersf ( :

i T OCE R T OCE ) wil remain unchanged and do not impact the
parameter extraction. In the case where the user is detecting short cracksQ C E

and( T O CE mayrequire adjustmers.

AmRAae aaleft ddgemafis uskdlak an inpwith the default Hough trarferm
parameters. The longest line is succesgfd#étected indicated by the dark blue line showing
noise robustness as seenkigure3.11c. The end pints of the lineare used to calculate the

line angle.

INPUT OuTPUT

Binary edge map of possible crack If crack is detected
paths Fllrm <ma <i° =5 (Binary resul}
End points of longest detected line

Longest line angled "Q¢ Q0 ¢ "Qa
Table9 Input and Output table foPGCDStep & Hough transform
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3.9.10 Step 97 Select connected components

This step is used to create an initial mask using the data obtained in Step 7 and Step 8. If the
crackpathis convoluted in the binary edge map, the detected longestiitibe asubset of

the discontinuity. One of the end puk of the longest detectetine in Step 8 is used with

the Select Connectedo@ponents(section3.7.4) with the binary edge map calculated in

Step 7. This creates amtput of all the connected components tosfinitial detected longest

line and is considered as the initial mask for the discontinuity.

The ed crossas showrin Figure3.11c is selected as the end point used as an input with the
SelectC@ode which compute all the connected component to the selected single point.

The output of theSelectC@lgorithm is depicted ifrigure3.11d. It is observed that Step 8

and Step 9 successfully computes an initial mask kachéitthe location of the discontinuity,

irrelevant of the noise that exists in the edgemFigure3.11(b and g are almost identical

maps consideringthé a £ & 'y R LI LISNE y2AaS aK2¢Ay3a | 3l A

INPUT OuTpPUT

End points of longest detected line Initial discontinuity mask
‘0t QO QO ad Gi T

Binary edge map of possible crack paths

AL i i
Ir ||~ Tl <. r < EE R B | | u
Tablel0 Input and Output table foPCCDStep 9 Select connected components
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3.9.11 Step 107 Phase Congruency

In this stepthe Phae congruencynap is created to highlight the crack in preparation for
segmentation. The selected displacement orientation from (Step 2) is usdtdéominethe
displacement fied as it bears the higheatiscontinuity signal. ThePhase congruency
algorithm has a default set of parameters stated in sect®@ The Phaseongruency
algorithm outputs a normaded field indicating which data points have a likelihood to be a
significant feature, wheré (value betweeng ¢ it controls the scale of the features
(i.e. crack) and\ (value betweerm@® p&)) controls the frequacy cutoff point and the
sharpness of the crack. andA have a strong affiliation to the DIC parameters and can

be tailored to obtain a bettesharpnes®f the crack.

Iteration: 1

Iteration: 100

Iteration: 5 Iteration: 10

Iteration: 20 Iteration: 50

Figure 3.12 Phase congruencynap & Discontinuity Segmentation &hase congruencynap of
FOFC_UyFgure3.10c) b)Region based Active contour segmentation first iteration ¢) segmentation
Iterations 5, 10, 20, 5Magnifiedat the ciack tip region d) Region basedtiae contour segmentation
last iteration
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Figure 3.12a shows aPhase congruencyap of the glected displacement orientation,
FOFC_U¢seeFigure3.10c), where defaultthe parameters are used. THehase congruency
map produces a hormatid map which highlights the lotian of the discontinuity precisely

irrelevant of contrast.

INPUT OuTPUT

Selected displacement field orientationi . Phase congruencyiap
1 F1.F9 ©9
i i 1(Default: 4)
(F 7)
"He-A(Default: 1.2)

(F F)
Tablell Input and Output table foPCCDStep 10; Phase Congruency

3.9.12 Step 111 Region-based active contour algorithm

The Regionbased active contour algorithngsee section 3.8.1) is used on thePhase
congruencymap to maskthe location of the data points that contain the discontinuity
highlighted by PCThe onstructed initid mask in Step 9 is used to help logaknd segment
the discontinuity iteratively until angtimum segmentation is reache@heactive contour
algorithm outputsa binary field indicating therack segmentatioandthe boundaries of the

segmentation is ulised to calculate crack parameters such as COD, grattkand crack tip.

The current representation of the segmentation algorithm wiggs two additonal
parameters:maximumnumber of iterations,() O 4 @rid the weight of smoothing term
(1 ), which controlshow smooth the segmentation contour can.tehe) O Ap&rameter
must be setigh enough for the segmentation algorithm to reach an optimum. The default
value for) O AsCXi0. It is important to note that the better the initial mask, the gkér the
optimal segmentation is reached.codewasdeveloped that triggerdte end of theiteration
process automatically once it detects there is no change in the segmentatioich will
negate therequirement of the) O Aiplit parameter. Itwas obsened | does not

influencethe crack parametergherefore it is not required to be chandethe defaultvalue

is set to] T,
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Figure3.12b shows the first iteration of the segmentation, whdfgure3.12a is used as the
map to segment andrigure3.11d is used as the initial masKhe green line shows the
boundaryof the segmentation. To see how the segmentation changes weration, the
crack tip location depicted by the white baxRigure3.12b isobservedclosely.Figure3.12c
shows how the segmentation adapts to tRfase congruenaydge at ierations5; 10;20;
and 50 as the segmentation grows until an optimal segmentation is reachkd.
segmentationis concluded as it is observed there is no segmentation gdaretween
iteration 50 and 100. Theefault) O A&dmeter wa00. Theoutput of this step is shown

in Figure3.13a where asegmentation of the disitinuity is constructed.

INPUT OuTpPUT
Phase congruencynap Segmentation of the discontinuity
(F » G1 OOQ) di Q
Initial discontinuity mask

<i4mitvE

Maximum number of iterations

droGrmlFom <)
N HH
dro(rml+om= a)
Tablel2 Input and Output table foPCCDStep 11¢ Regionbased active contour algorithm

(RACK PARAMETER EXTR@N

The £gmentation maslgainedfrom the segmentation algorithridentifies the boundaries
of the crackfaces inthe displacement field andan give very valuable information with
regards to the crack parameteiSigure3.13b. Upper and loweboundaries of therack faces
coupled withthe displacement field information can gitke opening displacemenf the
crack in Mode |, Mode Il and Mode The same egmentationmask of thediscontinuity of
the data pointlocation is combined in ecordinate space witlPhase congruen€ya -datdzo
point accuracyand can give te exact location of a feature. Howevyedhe crack path and
crack tiplocationare based on the feedback given by theplacement field. The placement
of the crack path ianestimated locatiorof actual positions and is very much dependant on

data point spacingThe data point spacing is cooiled by the DIC parameter, step size.
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INPUT OuTpPUT

Segmentation mask othe discontinuity Crack opening displacement
(Fr++EH+ vE 6 0 O 'O N O"Ya
Filled Displacement field Crack path
1M oo ©9
a0 P o B s e B P
Co-ordinate space Crack Length
r=hpt ©9
Selection oforientation Crack tip positioning
(i.e.Ldirection) 6 "YPO
Phase congruency
(F »

Tablel3 Input ard Output table for the?GCDc¢ Crack parameteextraction procedure

Crack mask

c) d) Upper crack face

Upper crack face i
Data points Data points Z 8y /3

Figure3.13 Crack segmentation and extraction of COD a) Crack Segmentation b) Crack Segmentation
used to mask out FOFC_Bjg(re3.10c) c) Crack Opening Displatnt configuration d) Threpoint
Crack Opening displacement configuration
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3.9.13 Step 127 Crack opening displacement

A aack boundary search algorithm is deployed onghasncrack maskvherethe algorithm
scans each column or réwand finds theboundaryof the data points. The boundary data
points are classified intopper and lower faceof the crackDisplacement data poistat the
boundaryfrom opposite faces of the crack asebtracted fom each other gingthe crack

opening displacement fahat point.

600YRs 1 S (36)
600 YWws | s (37)
6007Yas 1 s (38)

Figure3.13b shows a whiteaectangular areanagnifiedon the crack tip this is depictedn
Figure3.13c and d Each black dot is a representation of a displacement data point that is
unusedin the calculation White points show thédentified boundaryof the crack faces by
the crack boundaryesarch algorithm. The whiteisplacement data pointare classifiecs

1 for upper crack face and for lower crack face. The data points at the boundary act as

virtual clip gauges and E(36)(37)(38) are used to calculate COD in the@s tand5 U

displacement fields. If the crack orientation is parallel to an axis, the opening displacements

directly represent the opening modes (elgode | crack opening)

White arrows inFigure3.13(c and d show theoppositedata points at each side of the crack
face that are employed to calculate C@D eachw axisdatapoint. To be able to handle
nosier displacement fields, a three data point COD is given as an option to th& hisédea
is, thethree data poirts from each crack facaetaken and averaged to increase the tracked
subset area to btain a ketter approximation for smaller subset sizes. E89)(40)(41) are

used to calculate the three point COD.

5 Row or Column depending dine orientation of the crack (\fécal/ Horizontal)
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8 G 0o 1 o 1 jo (39)
6 0 0ol 1 o 1 jo (40)

6 0 Oamn 1 o 1 jo (41)

Figure3.13(cand d show an exampleg single data poindepicted by white dot versus three

data pointsshown by the cyan data pointeespectively.

Mode | Crak opening displacement profile of both theds areshown inFigure3.14a. It is
seen that single point and point average COD present a similar COD profile which is
confirmed with arRSMERoot Square Mean Error using. E§2)) value 0f0.007pixels The
same data points depicted Figure3.13(c and d are used to calculate Mode Il and Mode Il

COD by utifing Ux and Uz displacement fields respectively.

INPUT OuTPUT
Segmentation mask of the discontinuity Crack opening displacement
Frf+adBl + v 6 0 0N O N 07
Filled Displacement field (Optional)3-pointaverage
3 M g oo Crack opening displacement
AR ELNSR LN SR 6 0 O'dfihd § OdEhd § 0oy

Selection of orientation
(i.e.Ldirection)

Tablel4 Input and Output table foPGCDStep 12 Crack opening displacement
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Figure3.14 Extracted crack parameters a) Mode | Crack opening displacement b) Craclklocatio

3.9.14 Step 1371 Crack path

Two different methods of approximating the crack patication from the crack mashkre
shown in this stepA mid-point method has been used throughout this work whald>C
weightedmean method is presented as aption, but its perfamance has nobeenfurther

studiedin this thesis

Figure3.15 Crack path configuration a) Miooint method b) PC weightedean method
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MID-POINT METHOD

The followingassumption is made regardirige crack path.Theapproximate location of the
crack pathis at the midpoint of the upper and lower crack faseCrack boundary search
algorithm is deployedgain,and the upper and lower faces of the craae classified The
data point coordinate® at the baundaryare used to calculate thertual mid-point between

the crack faces

The example crack path configuration is shownFigure 3.15a, where the white dots
represent the upper and lower crack face Inglary andhe computedmid-point of the crack

faces isshown by the green points

Another method that approximates theaxk path location is providdd the appendix (see
Appendix G), using a weighted mean method and taking advantaBaase congruen&y

sub-point edge locator.PGweightedmean method has been demonstratedrigure3.15b.

INPUT OuTpPUT
Segmentation mask of the Mid-point crack path approximatio 0 & 0 &
discontinuity (g »+4-8 1)+ v|
Selecton of orientation (Optiona) PGweighted mean crack path
(i.e.L-direction) approximation

wd 60D 600

Co-ordinate space
et

(Optional) Phase congruency

(¥

Tablel5 Input and Output table foPCCDStep 13; Crack path

6 Coordinates are in pixels if in image space or mm if calibrated in real world space
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3.9.15 Step 141 Crack length

Both the crack tip location andhe crack length calculation use theack pathparameter
obtained fromStep 13Crack tip location is simply tlendpoint of the ¢ack pathparameter
as shown by E§42). The cack length can bdeterminedby simply calculating the Euclidean

distance between the two end points from tloeack pathparameteras shown by Eq43).

6N 60 dé 0@ (42)
61 GO 60® 60® B60® 600 (43)
) (44)
0¢0 6 1 @38 'Q 000 500 600 600 60

where¢ is the last crack path eordinate andd 0 @ndd 0 ére the crack path locations in

the axis andibaxis respectively.

In an ideal situation, the crack length would be the sumation ofthe Euclidean distance
between each crack pattiata pointasshownby Eq.( 44 )(P2P = Point t®oint) However,
the accuracy of the crack patrsing the PE&Dis very limited in displacement data point
space and theadditional convolutions(as observed ifrigure3.14b) can add a degree of
uncertainty to thedetermined crack lengthby Eq. ( 44 ). Eg ( 43 ) can give a better
approximation to the crack length as the calculatinakes the assumption the crack takes

the shortest path between the crack mouth and crack tip.

The prescribed crack tip position on thitual data washalf way across the ingge, which
means theprescribedcrack tip location is atp Tt g Tt ¢ i pixel coordhate space. ThEG
CbDhas calculated the crack tip location to kg 1t g1t ¢, which is anxact error ofu pixels

while the crack length error is calculated to e pixels.

INPUT OuTpPUT
Crack Path approximation Crack length
i o 6 0
Crack tip location

6 "Y'Ob

Tablel6 Input and Output table foPCCDStep 14 Crack length
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3.10VolumePhase Gngruencybased Crack Detection

The PCCDalgorithm has been developed and redd to detecta single discontinuity in
volume displacement fieldsThe wlume crack detectiomprocedure will require Digital
Volume Correlation parameters to be selectearefully and optimallyThe displa@ment
field fed into the algorithmcan segmenthe discontinuity boundaryn three-dimensional
space Gareful optimizationof DVC parameters such asbicvoxel size, overlagifferent
passes and uncertainty have been studied previo{ER8-182] Using the segmentation
boundaries and volume displacemdigld, the algorithm ouputs the crack surface locatipn
crack opening displacemeti the thickness and the ack front. Better optimized DVC
results are obtainedf the userrotatesthe volume imagén two axisorientations so that the
expected crack surface is parallel to one of the plkasmes Similar with the surface crack
detection application, better dispt&ament measurements are achieved at voxels closkdo
crack facesThe rotation also allows for the separation of different modes of fracture and
mayhelpachieve good discontinuity signal to noise ratio, channelling the discontinuity signal

into a single orientation.

Thetwo-dimensionalDIC algorithnis established andntailsmore accurate results than a
conventionalDVC algorithm. The wedkstablishedDIC algorithm uses a secendder shape
functions to tailor the shape of the subset to matiththe deformed subset. Aoptimized
subset shape is reactlausing an accurate least square matching procedure method with a
conventional accuracy of less thafip Ttthiof a pixe[183]. However, the sameptimization
algorithms are not available wit a conventional DVC algorithmnostly due to the
computational complexitylnstead a Fast Fourier Tramsn (FFT)184]method is utilsed to

quickly compute the translation and stretch parameters using the convolution theorem of

8§ OK OdzoAO &dzaSie / 2y 4aArRSNDYCAgonihns hadeljadzi O1

displacement precision of aboveA¢ th of a pixe] considering,the DVC is still

computationally, an expensive algorithm
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The idea behind Volume Phase Congruency based Cesettion (VPGCD)algorithmisvery
similar to the surfaceersionhowever, there are a few fundamental differences to consider.
While the surfacealgorithm is designed to detect and quantify discontinuity with a two
dimensional data point fieldthe volume algorithm cannot detectracks,but can only
segment thecrack but with threedimensional data points. Each data pawithin the three
dimensioral spacecarries displacement information ithree speciakxis orientationss @

5 and5 UA sngle displacemenorientation that carries the highest discontinuitygsal is
selected for crack detection and segmentation. Therefore, the R&CD algorithm
components such as Outlier deletiomcoveryof missing dataPhase congruenc¢yRegion
based active contour and crack parameter extraction are developegtractdiscontinuity
from a volumetricdisplacementfield. Due to the nature of the sluggish datcquisition of
volume images and high computational time complexity of Digital VolQoreelationusers
are rarely tasked to detect cracks from large numblatases. Therefore, a volumetric
automatic initial mask selection has not been developed fergloposed algorithm and can

be ataskin future work.

To act as a replacement for the automatic initial masticedure the user is required to
interact with the algoithm and select a seeding point which will act as thitial mask

instead.

Figure3.16 depicts the skeleton sketch of the XD algorithm.
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7. Seeding point

Y
Displacement : 6. 3D Phase 5.3D Beglon-based Crack parameter
2 Pre-processing active contour :
Calculation Congruency = extraction
algorithm
— I —"
e N
1. Region of )
interest < CrackiOpening 10. Crack surface
Displacement
l \ b,
2. Displacement ( )
Orientation 11. Crack front
——

y

3. Fill missing
value

I

4. 3D Outlier
deletion

I
J

5. Fill missing
value

Figure3.16 Volumetic Phase congruendyased Crack Detection Algorithm (VO
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The dataset presented isection6.2.2 Ductile Material: AlTi Metal matrix compositevith
short notch (i.e ¥w ) wasused as arexample dataset to depict how the VIZD
algorithm flows.Figure3.17 depicts the deformed tomograph image of theBlwith short

notch. The dimension of the tomogrdpmeasureg p v Tp ¢ T T TT TWith a vaxel size of

o W I.

PREPROCESSING

The volume displacemerfield data of the cracked bodycontains a skcolumn vector
information. The first three columns amepresentative of the location of a single data point
in8,9 and : axis while the last threare representative of the displacements in@5 land

5 Wlirections of the same data point. An algorithm is used to construct a volumetric data
point space oB, 9 and: co-ordinates ands @5 and5 displacement dataThe procedure

shown inthe surface cack detection is replicated in the thraimensional application.

ok

: ‘-V;-_Régib:n'qf, 5

‘interest-

Y co-ordinate (pix)

Figure3.17 Selection oROIlin a volumamage
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3.10.1 Step 11 Region of Interest

The wserselects a region of interest in three-ocodinate space to not onlyremove outliers
caused by thedge effect but also teave computational timelhis is important becauséae
dimension size of the data increases the time complexignd data reduction will be
necessary to saveomputational time. Data pints localsed to the discontinuity are
considered to calculat¢he crackgeometrytherefore a smallerregion of interestcan be

selected to save computational time.

The imported dimensionf the cracked body ip X v ¢ p op v,TInthe data pointscale
The @formed tomographexhibited two cracks,as seen irFigure3.17, both propagating
behind the notches of the samplEor the followingexample, the longer crack is centeali
for the demonstration o/PCGCD The region of interesfRO) can bespecifiedin data point
spae but in this instance, th&Olwasdeterminedin the tomograph before DVC analysis.
TheROlisidentified by the red dotted cuboid projected on thefdrmedtomographimage
Figure3.17. Three & ¢x, plane slicesat locations;® ¢ vhg T and p ¢ vare shown to
enable a visuaation through the thickness of theample, and th@rogressiorthrough the

crack analysithrough thefollowing steps. The RIO of the displacement slices are the cyan

dashedareas.
INPUT OuTtpPuUT
Volume displacement field Cropped volume displacement field
= &= iE » 6 "Yd Y TYd
Volume co-ordinate space Cropped volume cordinate space
LAllpL 6, G G5

Region of interest
TaHe 17 Input and Output table fo PGCD Step & Region of Interest
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3.10.2 Step 21 Displacement orientation

The user is required to select the displacement orientation that carries the highest
discontinuitysignal, whiclis selected tobe the displacementatafor crack segmentation.

For mode | cracks, theighestdiscontinuitysignalexists in the orientation @armal to the
crack surfaceSelected orientationnformation alsoplays a role in constructing thelume

Phase congruenayap.

Thedisplacement volume is slicé&ato individual twedimensional slices whetée expected
crack surface orientation is requiteéo be known. The crack surface orietion also plays a

role in the extractiorof the crack parametes. Thecroppedvolume dgplacement fields can

be previewed by the user in this step to help determine the surface orientation of the crack,

consequentlyselection ofdisplacementiscontinuity signal field.

The craclsurfaceis parallel to theld & plane, as seen iRigure3.17. Therefore, for a mode

| crack, thediscontinuitysignalis in the™ adisplacement field

INPUT OuTpPUT

Masked volume displacement field Selecton of discontiuity orientation
Fr A= dhET (i.e.c>xdirection)

Tablel8Input and Output table for VPCD Step @Displacement orientation

3.10.3 Step 37 Fill missing value

All cropped volume displacement field orientations @e-Ydd Y& Y dwere applied the
extrapolation to recover thenissingdata pointsthat may have been removeddom the DVC
calculation as discussed section 3.6. The inpaintn algorithm was used as the default

configuration Figure3.18a shows arextrapolated™Y edisplacement field using thiapaintn

algorithm.
INPUT OuTPUT
Volume displacement fields Filled volume displacement fields

FT OrT hET "08"YdHOG Y GOV &

Tablel9Input and Output table for VRPCD Step @Fill missing value
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3.10.4 Step 47 3D Outlier deletion

Outlier deletion(section3.5), step 4 and 5s an optional proceduréhat can be skippedn
the following exampleshown inFigure 3.18, it was observedthat the outlier deletion
improves the erroneous displacement values szl by the crack artefact artiere it is

recommendedor dataset that have a sigficant crack openig

=
(]
o
o [
Q
o
©
N B
|

Phase Congruél

Figure3.18 Preprocessing & VolumBhase congruena) Cropped Uz displacement field, b) Outlier
deletion applied to a), c) Extrapolation of b), d) Voli?hase congruenay c)

Figure3.18b depicts where an outlier deletion filter has been applied to trédisplacement
field. Theoutlier deletionparameters for vindow size/ $ ¥and tireshold parameter/( $)O
were chosento be to be ¢ Tand 1@t 1, pespectively after several trialslt can be observed
the outlier deletion method has removed the spurious valassdescribedThe outlier

deletion was also applied to they cand ™Y adlisplacement fields.
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INPUT OuTpPUT

Volume displacement felds Outlier deleted volume displacement field
T N 5 oo 0 "OgYd) "OfY &) "O8Y &
Outlier Deletion Window size

(Fro

Outlier Deletion Threshold parameter

(F r)e
Table20 Input andOutput table for VPCD Stepd3D Outlier deletion

3.10.5 Step 571 Fill missing value

In this step, theoutlier deleted displacement data point values aezoveredusinginpaintn

(see sectior8.6).

Figure3.18c showsthe extrapolated™Y cdisplacement fieldising theinpaintnalgorithm. The
appliedoutlier filter shows an improvement between theefore and after outlier filter was
applied. The maximum value has decreased fraggnto T8t @while the minimum value has
increased byt o The further evidence of an improvemenf the displacement fields the
sharpenedcontrastof the filter, improving the signal to noise ratio of the displacernfeld

while preservinghe discontinuity.

INPUT OuTpPUT
Volume displacement fields Filled volume displacement fields
Eg rehEg FhEs £ "00 "0 @00 "OtY 00 "0 &

Table21 Input and Output table for VRCD Step &Fill missing value

94



3.10.6 Step 67 Volume Phase Congruency

The Volume Phag ngruency (VPC)map is constructed using thaliscontinuity
displacemensignalfield asselected in Step.Z'he user will need teelectthe thicknessaxis
of the specimenio determine theslice indexing as discussed in sect®o® In the following
example, the thickness of the sample is parallel to the crack front {e.g.axis) and

therefore the dsplacement slices are deconstructed to #ead plane.

The2DPhase congruenalgorithm is adopted slice by slisehere the parameter$  and
A can have values ranging between p TandT®) p® respectivelyBoth parameters

will require to be kept anstantfor each slice calculation

VolumePhase congruenayas appkd to theY dadisplacement field (i.e% / &5#ithe slice
orientation of the® ¢x plane using the default 2Bhase congruengyarameters of
T andA p&. The slices are combined to construct the Volupiase congruenayap

shown inFigure3.18d

INPUT OuTPUT

Selected volume displaement orientation VolumePhase congruency

(@0 )

i i 1(Default
()
"M Default  8)

(F F)
Table22 Input and Output table for VPCD Step &Volume Phase Congruency

3.10.7 Step 771 Seeding point

The automatidnitial crack maskrocedue is replaced with a user intection basedseeding
point where the useis given a graphic visualization of the VoluRtese congruenaiv/PC)
map. The user is then required to select a single data pitiat is the subset of the
discontinuitywhich ishighlighted byPhase congruencylte coordinates of the selected
data point are usad to construct an initial mask binary matrix is created wth the same
volume sizeof VPC map wherene seeding poinis padded by one voxel creating an initial

mask sizeof o oO.
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Figure3.19Volume crack segmentation procedure a) Selection of seeding poitiag{Mask) on VPC
map b) Active contour segmentation overlay on the VPC map c) Segmentation of the discontinuity
(VCrackMask) d) Segmentation useanask out FOFC_Uzidure3.18)

The VoluméPhase congruendgeeFigure3.18d) is graphically shown to the user wieethe
seeding point location is identified ag X fip Mo T yn the chuhx pixel axis as shown by
the red segment ifrigure3.19a.

INPUT OuTPUT
User selected seeding point Initial mask
(Data point ceordinate spacg ®»0E QO QHa b &i T

Table23 Input and Output table for VPCD Step Seeding point
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3.10.8 Step 81 3D Region-based active contour algorithm

TheActive contour method described gection3.8.2isused tosegmentthe discontiruity in
three-dimensional spac&éom the VolumePhase congruenayap. While thesegmentation
algorithm requires sevetinput parameters only threeare interactng with the algorithm
Volume Phase congruencynap, initial maskand maximum number of iteratios. The
propagadion field and tre gradient field are calculated using the VoluRitgase congruency
information and arean input to calculatehe Charnvese and GAC termgspectivelyto
producethe hybrid model The hyrid model requires the respective weighivhich are kpt

at their default values] T8t p andr 181 ¢ The ser selected mask in Step 7 is
used iteratively to grow the segmentation until the segmentation growth becomes stagnant
and an optimum segmentation mask is reach@d. gotimum segmentation mask caoe
achieved either wh a highiteration numter to allow a convergence or the user terminates
once segmentation growth stagnatias observedto avoid unnecessary computational

iterations.

The VPC map and the seeding point are used as inpatsF{gure3.19a) for the active
contour algorithm and default parameters. After @ iterations, the segmentation growth
becomes stagnant and therefore theop is terminated to save computational timeigure
3.19b shows the volume segmentation of the discontinuity ridygerimposedwith the
volume Phag congruencymap. The segmentatiois observed to have correctly identified

the outer regions of the highlighted discontinuity.

INPUT OuTpPUT

Volume Phase congruency Volume £gmentation mask of the
T F discontinuity
w61 OO Gi Q

Initial mask for segmentation
T k- Ful sty

Maximum number of iterations
(E < Pefault
Table24 Input and Output tabléor VPGCD Step 8 3D Regiorbased active contour algorithm
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(RACK PARAMETER EXTRAN

Volumecracksegmentation allows the identification of the virtual crack surface created by
the Digital Volume Correlatiomisplacementfield. Utilising the boundarie of volume
segmentation of the crack volume spacavith the displacement components and data
point coordinates can allow the calculan of very valuable andomprehensivecrack
geometry Crack opening displacemeitt the thickness of the crack can lalculated to
paint valuable information as to thplane stress and plane strain conditions of a cracked
body. Theprocedureof extracting the cracgeometryfrom a volume displacement field can
be accomplishedy treating the volume segment itwo dimensonalslices and applying the
two dimensional crack parameter extraction method described in ses8ch13 3.9.14and
3.9.15

INPUT OuTPUT
Volume segmentation mask the discontinuity Crack opening displacemeintthe
thickness
6 0 0Ny O M O7Ya
Filled volume displacement field Crack surface
T M oo 6"Y
BN NER LEN SR
Co-ordinate space Crack length
r=hpthpd 60
Selection of orientation Crack front
(i.e.2 direction) 60

Table25 Input and Output table for VRPCI,Crack parameter extraction procedure

98



3.10.9 Step 971 Crack opening displacement

The wlume crack boundary search algorithm is deployed on the crack mask where the
algorithm first deconstructs the volume into individséice segments based on the thickness
and the index slicingrientation of the constructionof VPC The Crack boundary set
algorithm is appliedterativelywhere the algorithm classifies the upper and loviee of the
crack foreachslice.The data points at the boundary for each slice helps with the calculation
of the crack opening displacesnt profile of each sliceTheCrack opening displacement
profiles are then combinedor each sliceto obtain an overallvolume cack opening
displacementn the thickness of the cracked body. The default setting of obtaining COD is
using a single data pati method from opposite sides of the crack. The same process is
applied to all displacement orientations to obtained Mode |, Mode Il and Modaddk

opening.

The volume segmentation of the discontinuifg 6 1 ¢ @ QVisd feribved from the

"O0 "0 GOV "0 GOU "0 ddisplacement fieldvhere Figure3.19d shows the latter as

an example. Alhe displacement orientations are deconstructed@dc plane slices where

@ axis is the thickness of the specimamd Crack boundary search algorithm is deployed.
The COD is calculated for eaofd plane slice using the methodology frasaction3.9.13

Each slice is represtative of a single COD measurement of a unit thickn€as COIh the
thicknessfor "Y &Y cand "Y dare shown in sectior6.2.2, (page number73), Figure6.6(b, ¢
anda) in that order It is seen that the highest crack opening signal is in Yiderientation
whichvalidates theMode | opening. Also seen in each respective data, the COD profile varies

through the thicknes of the specimen compared the specimersurfaceobservation

INPUT OuTpPUT

Volume Segmenration mask of the discontinuity Crack opening displacement
6 6 0N O N O7Ya

Filled Displacement field
T T oo
1 hrTelm FaFMm Fa0
Selection of orientation
(i.e.i direction)
Table26 Input and Output table for VPCD Step ®Crack opening displacement
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3.10.10 Step 1071 Crack surface

Once againthe volume crack boundarysearch algorithm isleployedin the same slice
orientationaspreviously. The crack boundary information is ugetind the midpoint crack
path location at each slice using the method describeddotion3.9.14 The crack pa

location for each slice is then combined tbtain the crack surfaceA PGweighted crack
path method was not developed due to the limitations of the DVC algotitfiscussed in

section2.3.3

The volume segantation of the crack(seeFigure3.19c)is used tadentify theboundary of
the crack in the caordinate system and is deconstructed into sliceshaf & Gy plane. The
crack path is found in each individual slicgng the migpoint methodand is combined to
construct a crack path through thickness which enables the approximation of the crack

surface as shown iRigure6.4. The crack surface is presenteddy axis elevation.

INPUT OuTPUT

Volume sgmentation mask of the Crack surface approximation
discontinuit 6 "Y[Mid-point method]
] :
T F>F1 + Vi
Selection of orientation
(i.e.d direction)

Co-ordinate space
rEhp gt
Table27 Input and Outputable for VPECD Step 1 Crack surface

3.10.11 Step 1171 Crack front

Thecrack surfacgarameterobtained in the prgious step is used to calculate additional
crack geometrical parametersich as crack tip locatidghrough the thicknessr crack front
andcrack lengthDepending on the experimental conditions of the fracture (i.e. fatigue crack
growth, material parameterthe crack length and crack tip location can vary oves th
thickness of the cracked bodwsually in situations when a maial is under platic

deformation.
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In the case of definingracksfrom volume measuremenighe true crack tiplocation or the
true crack lengthcan be definedby the longest crack length over the thickness of the
observedcracked lody. Therefore the crack front locatia is a useful pameter that can be
obtained from the previous step faron-linearfracture mechanics The crack front location
is the crack tip of each slice over the thickness of the specinibe. same methodology
prescribed irsection3.9.15is applied to the crack surface parameter, but in individual slices

through the defined thickness.

OuTpPUT
Crack surface approximation Crack length
F 6 0
Crack tip location

6 "Y'Ob

Crack front
00

Table28 Input and Output table for VPCD Step 1& Crack front

3.11CrackCharacterisation

The ability tocharacteriseand quantify the conditions that will propagate a crack is a critical
requirement of fracture mechanic#élthough the geometridgparameters of a crack can be
used to better understand the structural integrity, additional calculations are required to
determine if a cracked component is safenovel method has been develep byDr Selim
Barhli[2] where the useof Digital Image Correlatioand finite element simulatiowan be
combinedto extract the strain energy release rate @surfacemeasurement of aracled
body. Theauthor of this thesifias been collabatingfor the developmenbf the OUROMA
(Oxford University Reinjectie®ptimized Meshing Addn) and is second author on his

paper.
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Theapproachusesafinite element model with imported fulfield displacementaneasured
by DICand Jdintegral is calculd, without the knowledge of the specimen geometry and
applied loadsHowever, the algorithm needs the crack geometrical pagtarsto befed into
the code to calculatéhe Jintegral: the segmentof the crack pathjow confidence region
and free to defom region The outputs from the RCD algorithm can be directly infused
with OUROMA, removing user judgemennd bias from the calculation. The objectiveds
be able to automatically and accurately extrdbe Jintegral values from displacement

measurenents ofa crack.

S

5]
o —
195}
)
=
(= DIC
< Step A: Obtain displacement field
I T
! T
| 1A
Al
ol S
£
<
v Low confidence region

Region to remesh

(b)

Crack path (doubled
nodes)

(©)

Figure3.20: Steps of the-ihtegral calculation process; DIC Analgdlee displacement field is obtained

in a two-step analysis with a coarse (step A) and fine (step B) subset siap tbenfield precisely and
identify the crack path; Finite Element Processifa) FE mesh registered with the coarse DIC grid
(b) The region containing the crack [PQRS] is deleted fmeshing (cYhe crack is inserted in the-re
meshed region, nodeseibubled on the crack path (Boundary conditions are enforced on the FE
y2RSazx SEOSLII Ay G(KS FTNBS NBIA2Y t TheGimeayfldss
calculated[2]
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OUROMA method rguires a twestep DIC analysiStep ADIC analysis where a large subset
sizeis usedand accurate displacement informationdalculatedto obtain a better resolved
FE modeland Step BDIC analysisvhere small subset size used to obtain high spatial

resolution to find the crack location.

For the Step A analysis, the crack and its surroundings are maskedok PQRSigure
3.20), so its discontinuity does not perturb the accuraof the description of the
displacement field that surrounds ithe mask is obtained by excluding those displacement
vectors with low corelation coefficient (typically, for a good quality image, a correlation
coefficient threshold of 0.8 is used). Thack mask can also be obtained by applyingdBC

to the crack tip field.

The Step B analysis is performed using a small subset size aamvemideterminean

accuratecrack path and crack tip positiam the reference grid

After completing both stepghe vectors of the displacements in the plane of the surface of
the sample have been determined with optimal precision (Sted@#¢.data i on a regular

grid, which is not fully populated due to censoring (i.e. masking) of low quality DIC results in
the vicinity of the crack. Other regions, remote frahe crack, may also hawaissing values
where the correlation quality is low, this may ee to loss of camera focus or parasitic light
reflections in optical observations. The crack path has also beanrdited (Step B), and is

described using a finer grid within the masked region.

A finite element approach is used to extract thentggral from the DIiGmeasured
displacement fieldsThis is done by importing the displacement field as a set of full field
boundary conditions into a finite element model of the cragksoftware tool (OURMA)

has been written to facilitate this; coded in Pythdamuns inside the Abaqus software via its
scripting capability A FE model is created that is registered with EHE analysis resultsge
Figure3.20a) so that the Step A DIC dataset and the FE model share the same coordinate
system.Typically, as in the Davis software, the DIC coordinate system fodQRnalysis

is tha of the reference image, whilst for a 3aDIC analysis, the coordinate systés that of

the calibrated specimen surfac&he spacing of the nodes of the FE mesh is chosen to be

coincident with the Step A DIC result grid, using square elements.

" OUROMA (Oxford University Reinjecti@dptimized Meshing Addn): The software is available from the authors as a GUI or
Command Line version, coiible with Abaqus vesion 6.10 to 61.314. The GUI version, distributable as an Abaqus plugin, can
deal with common experimental cases (e.qg. straight cracks). The command line version is more versatile (e.g. kinkedland curve
cracks).

103



This regstration and grid matchingavoid the requirement for interpolation when
subsquently applying the DIC displacement field to the FE m&kh. FE mesh is locally
refined to insert the crack within the region where the Step A displacement vectors have
been cesored. A rectangular bounding box is defined that contains the crack atchesa

the masked regionThis region is reneshed separately using the Step B description of the
crack path, with nodes doubled along the crack path to allow the crack to dfermesh
within the bounding box is attached to the nodes of the surroundirgy®® mesh in the FE
model 6eeFigure3.20b andc). The mesh density #ie crack tip is aimed to be 3 times finer
than the Step A mesh,saa good mesh quality cannot be achieved if the mesh density
difference is too large between th®o regions. This is done using a constraint established
in the FE preprocesser that allows the mesh density to change during meshing to converge

towards thefinest achievable mesh density with good quality eleménts

The results from Step A are injectedto the model by enforcing node displacements to the

measured displacement vector§hese local boundary conditions are applied everywhere

SEOSLIi ieyion lthat ¥ freédo S&orm in accordance with its surrounding boundary

conditions and materigproperties. §eed 2 E t (FigudeR.ZD4).(His free region includes

the remeshed region (PQRS) that surrountas track and can be extendedftother censor

the Step ADIC dataset. T G SNJ WAy 2SO0uiAy3aIQ GKS RAALI FOSYSYy(d TFA¢
using OUFDMA, the FE software can be used to assign a material law to the niideé

stress or plane strain elemés may be usedin thisthesiswe have used the Abaqus FE

software package andave examined both linear elastic and inelastic (Rami@sgood)

material laws, which are both compatible with thénfegral calculation.

8|n Abaqus, this idone by selectingthé ! £ f 26 (GKS ydzYoSNI 2F St SySyida (2 AyONBI&aS 2yfeéeg (
mesh seeds. The minimum aimed mesh side, set to 1/3 of the Step A mesh density by default, can be modified at will.
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The Abaqus software implements therdain integral method to calcula the Jintegral. It

uses the Virtual Crack Extension method, which applies a virtual displacement fietdjQ

to increase the crack length by a small amount and so evaluate the change in strain energy.
To define the @ield properly, the software reagjres the definition of a ector; this is
normal to the crack front, and, if a 3D geometrgimsideredalso lies in the local plane of

the crack. In the 2D model considered here, thedgtor is chosen to be collineaiittv the

linear segment of the ack path that is closest to the crack tifhe dJintegral calculation is
performed over several contours to check for contour independency, and thus retrieves the
potential elastic strain energy release rate of crack progiagahat is due to the measured

displacement fieldKigure3.20e).

The current version of the OUBMA code has been implemented in this thesis to show how
PGCD can besed tomakeOUROMAfully automatic. The mst recent version of OURMA
usesonly two crack path pointsthe crack mouth andthe crack tip location PCCD is used

in step B analysis to find the crack and feeding ¢reck mouth andhe crack tip location
directly into the OURODMA code The OURDMA code uses step A analysis with high
displacement accuracy with the identified crack location to calculatéthtegral The crack
mask calculated by PCD(output from section3.9.12 can also be used to determine the
low canfidence region that can be deleted from the imported displacement fitak ability

to use PECD for cracknaskand higher density of crack path pointsshtaeen added to future

work.
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3.12Conclusion

This section presentl a methodology ofan automatic apptationto detect andquantify
cracks from displacement measurementbe PECD methodology is based on automatically
determining which data points have asdontinuous movement within its domain subset.
ConsideltFigure3.21 as asurface example for this explanation. The data point grid is equally
spaced on the referendenage, spacing and subset determined by the DIC analysis. As a crack
propagateghrough the surfaceeach data point tracks the surface movemant provides

a quantity of the movement in each orientation. However, at locations where the actual
crack pathsplits the domain (subset) of the data point, the DIC algorithm gives an average
value of the discontinuous movement. The green data points highlightejime3.21 show

the subsets the crack interacts withhe PECD methodolgy is based on the segmentation

(i.e. identification)of the discontinuous data points.

Data points (DP)

DiscontinuousDP

Fe ° @ DP used for PC-CD
> / “‘M\ —— Actual crack path
[ ] [ ] [ ] [ ] [ ] [ ] [ ]
o« o . "/. PC-CD crack path
] [ ] [ ] [ ] [ )
[ ] [ ] [ ]

Figure3.21ldea behind®GCD model of discontinuity

Once the discontinuous data points are determined, the methodology uses the boundary
data points (blue data points) in order to geometrically model the crack. The bluead®ts
assumed to beahe nearest valid displacement dapmints to the faces of theactual crack

and assumedhat the crackdoes not interacwithin the domain (subsetdf the data points
Theblue dots are useas virtual clip gauget® obtain the crack opening displacement by
subtracting theirdisplacement vales. The migboint between the blue dots give a virtual

approximation of thecrack pathplacement pink dashed linepn the reference image grid
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However, it is important to notéhat the DIC analysis plays a large role in the geocsdt
modelling of thecrack.Lower step sizaddsbetter placement of subsets on the crack faces
which gives a more refined crack path placement. Larger subset size gives higher ceftainty
displacement valueat the loss of spatial resolutio@ptimization of the subset andep size
were discussed in the literature review (sect@®:13.1) and it was concluded that the subset
and step size parameters can firee-tuned with respect to the speckle pattern and camera

noise.

The appliation of PGCD is fullyautomatic,and the default parameters are considered for
most ofthe datasetsunless stated otherwisdhere are a few parameters that can be fine

tuned basedon the imported displacement measurement.

Phase congruencgéesection3.9.7 and3.10.9 is an automatic stefjowever_  andQ

are parameters thatontrol the scalespace of deature which essentially is the sharpness
of the discontinuity signal. Brsharpness of #hdiscontinuity is directly related tihe choice

of subsetand stepsize(data point spacing)or example, @ansidering the data point spacing
is constantand larger subset size wetsed inFigure3.21, this wil mean more data points
will have interacted with the crack, giving lunter discontinuity signaland a larger
discontinuous data point regiorSmaller subset size means will mel@ss subsets will
interact wih the crack giving a much sharper discontigigignal A relationship between
subset and step size versus andQ was observed, the relationship wdarther

investigated irsection 4.7

VPECD algorithm isirtually the same as the PCD application, howevemstead of being
automatic, the procedure requires easy user interaction where a seed pwoinst be
specified. The location of the seed point is invariant to the outcotherefore, user
judgement doesiot impactgeometrical representation of the crack. OA@RIA algorithm is
presented to shav how the geometry of the crack, automaticatiptained from P&CD can
be used to calculate theidtegral,which is a critical process towards the characaion o

a crack
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4 THEORETICAL ANMIRTUAIBENCHMARKING OF

THE OVELIPCCD

4.1 Introdudion

The novelPGCD algorithmextracts thecrack geometry purely operatingon measured
displacement fields. horder to quantifyand benchmarlthe uncertainty associated with the
crack geometry extraction using the 8D method, two controlled approachesobtaining

cracked displacement fields were studied.

The ability to createvirtual datasets is of prime importance for the development and
benchmarking ofmageanalysisbasedmethods. In the case of crack study througltgital
Image Correlationdevelging an analysis techniquproves difficult and inefficientvhen
working with experimental datasetfor several reasons. Firstly, the dataset parameters are
not perfectly controlled or known, it is therefore impossible to deterenimhere the final
error mmes fom. Moreover, the number odvailableexperimental configurations is limited

by practical constraints, preventing thorough testing of the method capabilities in different
situations. On the other hand, the usewiftualimages allowseparate contol of all fracture

parameters and is not lir@d in term of number of different datasets to produce.
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First, atheoretical simulaibn of a horizontal edge crack wasrd 0 NHzOG SR dza A y 3
series (se€&igure3.2afor an example). The geometrical parameters of the crack were known
for the displacement field, therefore could be compared to cia@tameters extracted using

the PGCD algorithm. Furthermore, test thePhaseO 2 y 3 NXs&ié of éh@ait denoising
method, zeremean additive white Gaussian noise for differénvalueswasadded to the
theoretical displacement fieldThe comparisongave theerrors associated witlthis novel
approach and PC 5 Y S K2 R Oée cadSoIbehdhividrked with respect to the
influence of uncertainty in displacement fieldldGCD was able to accurately detect a crack

with a mouth opening of@ pixels withtypical experimental noise (i.e.adium noise).

Next, a virtual simulation of horizontal edge crack was used where a compyjenerated
virtual speckle pattern was deformed using a computer co@®IN see later in section
4.6.1). The speckle pattern was deformed using five different cracked displaceiaks,
which varied in crack mouth opening displacement. The aim of the stadytavinvestigate
how the discontinuity signal, steeper crack tip gradient and controlled noise lempbct
the uncertainty of crack geometry obtained by-20 method. Furéwrmore, the PECD
method was compared with the Heavisidéunction fitting to disgacement field with

charactersed uncertainties.
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4.2 Methodology of the heoretical experiment

In this section, a theoretical displacement field of a crack in an infinite lelaatic plate (i.e.
2 XA f A Y[E8E) was BedoSdantify the acaracy of the algorithmCrack parameters
such as crack opening displacemembfile] w, crack path @, and crack length are

known parameters in théheoretical crack tip fieldand can readily be compared with those

calculated by thePGCD method.To evaluate the a3 2 NA G KY QA NRodzadGy Saa G2

investigate the influence of wertainty,zeromean additive white Gaussian noid87]was

added to the theoretical displacement field with an incremental standard deviation of

Gaussian noise.

The continuum mechanics solution of the displacemiigitl ahead of a crack in an elastic

medium is an asymptotic functiofl01]. Assuming only the first term of the asymptotic

function for a crack alonthe horizontal direction i.e® axis shown irFigure3.2a, the

opening displacementy ¢ around the crack as a function of the far field applied stress,

can be presented by:

T 2 - (45)
— 0 Qe— | OEé i——
cx C“ c p c c

wheret is the shear modulus anidand—are radial and phase distance from the crack tip

and @is the crack lengthThe origin of thigh & coordinate system is at the cratib. The

crack opening displacement @ is calculated byj188]:

Displacement inrack plane— “ Ni 0 ®
4 ’ p , " p ” e v~
Yoo ————— 2 46
» 5 . DD ® (46)
p " I p

T o Yo — 5 W& (47)
WheretA & t 2 A aaz2ly Qéa tHdorihe plané strdtn condibin.

The "Ycdisplacement field and CORaa  O2 y & i NHzZOG SR 6 A (i K

displacement fieldvasused in this study.
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As the distance from the cratip increases the contribution of nesingular terms increases
[189]and the crackopening displacement calculatdéyy Eq(47)is no longer valid. However,
the aim of this theoretical studywasto compare a known crack opening displacement with
that calculated by tB PGCD method to estnate its accuracy and therefore the

unrepresentativeness of the selected field hasimpacton the estimated accuracy.

Accurately modding the typical experimental DIC noiseas challengings there are many
different factors that ontribute to the uncetainty in the displacement field. Hencéo
simulate the effects of uncertainty in displacement field, additive Gaussian noise with mean
value of 0, and different increments of standard deviativere added to the theoretical
displacenent field. The standed deviation, , percent additive noisep , wasintroduced

with the following form:

© g PTMT (48)

Y'Yais the range of the displacement field, and has vatuas "Yis normalised. The
simulatedw ranges fom 1t P(no noise) tgp 1 With increments ofi@t p PFor a predefined
value ofw ,, is the standard deviation of a normal distribution from whachandom value

is extracted) "IQ and added to thelisplacement field as shown {#9)

Yo AQ YORQ O 60 (49)

O @< O mh, (50)

4.2.1 Heaviside step function

The Heaviside step function can be used to fit a discontinuous functitiretdisplacement
field line profile normal to the crack for every profile along the crack. Wasusualy used

to obtain the crack opening displacement. The Heaviside step function is defined as;

T W T
Ow pfgc w ™ (51)
p W T
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However, the discontinuity location or crack path is needed before fitting the Heaviside

function to the line profile. Three different metho#gerelooked at to find the crack location:

1 Global maximum gradient of the line profile across tligcontinuity,

1 Maximum of difference between windowed moving average with a set smoothing
threshold

9 1D canny edge detecterConvolution with a Gaussian derivative kernel with a

selected noise suppression

A thresholdwas chosen to determine when the alalocation is1ot detected. This threshold
also determines the crack length that is found. The Heaviside funatasrthen fitted using
least square method coupled optimum threshold parameters and @@bsubsequently

calculated.

4.2.2 Error estimation of the g eometrical parameter of a crack

To evaluate the errors, the square root of the mean square error (R&ki)sed. For the

crack opening displacement:

B
YUY 0O 1 d)‘l (52)

where] is the calculated crack opening displacement profile extracted fféch  ,1 is

the theoretical COD profile given By.(47) and®is the observed crack length.
For crack path analysis, the error is defined by:

B
YYD O ] d)f (53)

where[ is the calculated crack path and,is the prescribed crack path; inishcase it is

constant as the crack path is aaht line.

For crack length, the error defined by:
Relative Erroréy *— pmnmb (54)

Where,®is the observed crack length adis the prescribed theoretical craténgth.
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4.3 Theoretical analysiand discussion

The COD profile, crack path position and crack lengtlidwere extracted from the noisy
displacement discontinuity models using the-€Bmethod with default parametersand

compared with tle oneextracted by fitting Heaviside function (see sectibf.]).

Thetheoreticaldatawasalso assessed by three types of Heaviside analysis: Grdudisat,
Gaussian derivativbased25], andwindowedsmoothing basedOut of thesethe Gradient
based method Kigure 4.1b) yielced the most accurate and least scattered results for the
crack path, with an almost consistent RMSE of less tt@arWhile Gaussian and Windowed
Heaviside methods higher range scattéith a range ofr® and @ v both abovep RMSE.
However, the crack length meagmentfor Gradient Heavisid@-igure 4.1c) was strongly
impactedby the additive noig giving a maximum error gf v pat nearp T Rdditive noise
Windowed smoothingbased and Gaussian derivatibased methodswere more noise
robustfor extracting crack lengttbutthe additive noisémpactedthe precision of the crack
path (seeFigure 4.1b) andgavealess precis€OD profileKigure 4.1a). Amongthe Heaviside
techniques, the Gaussian derivatibased method perforradrelatively better in finding the

crack length and crack path with the additive noise.

Although he Heavisidenethod of calculation of CORas noise robustif wasalso imprecise
due to nonlinear variation of displacement across the crack near the cracls¢ipHigure
3.2e).Furthermore, itwasalsosensitive and stronyg dependent on the location of the crack
path and length suggestingthe crack path erroimpactedthe COD measurement. The
Heaviside performanceas sensitive to thresholdingarameters thereforeits accuracy can
be restricted to the adopted thresholdapameter,causinga level of uncertainty in the final
resut. It should be noted that the Heaviside results presenteBigre 4.1 selected the best

manual threshold as its automation would be difficult.
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Figure 4.1 Theoretical Uy noise analysis a) Error analysis for Crack opening displacement b) Error
analysis for Crack path ¢) Relative crack length error with different additive noise
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4.4 Spatial resolutiorand ovelap analysis and discussion

The DIC technique allowerffull-field displacement measurements, theoretically, at every
data point within a selected region of interest. However, in practice, the displacement data
point is not associated for that pixel, brather the averaged displacement of the domain
aroundthe data point. This results in the loss of spatial resolution at the gain of quantified
surface displacement measuremerihe change of spatial resolution has ramifications on
the crack parameter exdiction. Theémpactof overlap andspatial resolution wi be studied

in this section.

Computing the displacement measurement of a surface using the least sommethod
(LSM) algorithm requires the step size and subset size thiéeacterisd by the userSubset
size illustrates the area over which each thspment data point position and displacement
measurement is averagedep size represents the pixbhsed distance between each
displacement data point on the reference imaghich can also determinghe amount of
overlap between the subset# the spadéng sizeis equal to the subset sizeahis results in
each subset being an independent measurement, meatingge isno overlapbetween
subsets Overlapping subsets usually represent the smoothinthefsurface displacement

measurement
The calculation of the overlap is given by:

| OAGH AB———— (55)

An overlap study was cdncted to determine the best analysis parameter to study the
spatial resolution. Subset siz8 was kept at a constant of 31 while varying step sizes
foml1t031(3 I MIHZo X onX om0 HKAOK Ispa@EngA RSR |
between 10 96.8%¢ KS RA & LJ | OSYSy (i OFft OdzZ  iA2ya 6 SNB
with no smoothing andno outlier filter on the DaVis 8.2.3 software package. The
displacement calculations for the spatial resolution study were all made orgke slataset;

CM@ with p pix and novirtual imagenoise. The reasofor choosinghis crack profile was

the crack artefact is not visible on the deformed image and therefore the analgsilsl tve
independent of the error sources posed by the crack adefl is difficul to isolateall error

sources within displacement calculatice) however using this profile removes one source of

error for this study.
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PCCD algorithm was used iteratively and automatically to successfully calculate the crack
parameteas. Crack paramets such as COD, crack length and crack watk obtained from
the displacement field and then compared totual crack parameters used to deform the

initial image, once again using EsR )(53)(54). The overlap study is depictedkigured.2.
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Figure4.2 DIC subset overlap erretudy with subset size 31 a) COD RMSE, b) COD RMSE of the blue
dashed region in a), c) Crack length erdprCrack length error of the blue dashed region in c),
e) Crack path RMSE
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It is seen that the DIC overlap plays a somewhat significant role indteracy of the
extracted crack parameterszigure4.2(a and b) show that the RMSE for Crack Opening
Displacement gradually decreases from 0% te8@% overlap where the ewor hits a
minimum of ~0.01 pix. After ~80% overlap, the error is seen to increase drastically, hitting a
maximum error at 96.8% overlap with an error of 0.23 pigure4.2(c and d) show the crack
length error with respect to different overlap and it is observed to follow a amtiend to

RMSE COD with a larger spreBjure4.2d showsthat the crack length error hits O three
times, overlaps at 3®, 54% and 68% which appear to be random arbitrary vakigare

4.2d also shows that between overlap vatuef 25% to 80%, the crack length error is
O2yaraiaSyiate o0St26 wmn LAESt&T YR R2SayQi
this range (25% to 80% overlap). However, after 80% overlagréduk length error is seen

to increase to more than 10 pixelsfter 85% overlap, the error exceeds 100 pixels suggesting
that the PGCD algorithm fails to extract the full discontinuity successfully. The crack path
RSME, depicted iRigure4.2b, however, shows that there are no obvious trends betwe
crack path RSME and overlap as and the error appears to be random. The minimum crack
path RSME is observed to be at 10% overlap with a step size of 29 while the maximum error
is at 0% oerlap. However, there seems to be a trend with the range of thelcpath RSME.

The range appears to decrease as the overlap is increased and the error appears to be
tending towards ~3 pix RMSE, with no obvious improvement for the crack path parameter
between 75-96.8% overlap. This study shows that the most optimum lapeparameters

are between 70% to 80% between interrogating subsets.

Now, a spatial resolution will be conducted using the optimum overlap parameters found
above. Tk overlapfor the following studywill be kept relatively constant betweeq t b
X W B this time, modifying bothsubset size § and step size 8 . The overlap

parameter cannot be kept at an absolute constant as subset and step size, both require to

a S

beanintegert KS RA&LX I OSYSyid OIFfOdA FiAz2ya sa@8NBS YI R

smoothing andno outlier filter on the DaVis 8.2.3 software pagka The displacement
calculationsvere made on the same dataset as the overlap st@WOD withp pix and no
virtual imagenoise. The twelvalisplacement field with varying subsand stepsizes(see
Table29) were then exported and MATLAB version of I algorithm wassed iterativey
and automatically to successfully calculate the crack parameters. Crack paramweters
once agaimobtained from the displacement field and then compared to theual crack

parameters used to deform the initial image, using B )(53)(54).
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Table29 depids the DIC pameters that were used for thepatial resolution analysis to

achieve a relatively constant overlap.

SUBSET Slz STEP SIZ OVERLAF
(PIX) (PIX) (%)
9 2 77.8

13 3 76.9
17 4 76.5
21 5 76.2
25 6 76.0
29 7 75.9
il 8 74.2
39 9 76.9
43 10 76.7
65 15 76.9
85 20 76.5
105 25 76.2

Table29 Iterative least square DIC parameters usedspaitial resolution study

The spatial resolution study is depictedHigured.3. ltwasseen that by increasing the subset
size, the displacement fieldas smoothed out and therefore COD values progidehigher
level of certainty inFigure4.3a. This @ result in a loss in spatial resolution anchck
definition. Decreasing the subset size increhfe spatial resolutionmaking the crack well
defined within the displacement field hea enabling PCD method to extract the crack path

and crack length with a lower error as seerrigure4.3(b and 9.

It wasobserved that thee are outiersin Figure4.3(b and ¢ as the relation between subset
size and errois expected to be a linear relation. This is due to the inconsistent data point
positioning for each spatial resolution analysis, which cannot be controllacdapparent

that the data point positioning plaad a pivotal role in the accurate calculatiof the crack

path. It is shown thatisplacement data point positioning is an wndooked parameter with

in the displacement calculation that impacts tlmlculated displacement field hence
effecting the crack parameters. However, if the crack artefaefisible, the error posed by

the crack artefact is dependent on the percentagecofrupted pixels within each subset
[60]. Thissuggests thatsubset size plays a pivotal roletlwvithe uncertainty of the
displacement data close to the crack faces which are important for when crack parameters

need to be extracted.
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For accurate COD measurements, large subset size and for accurate crack definition (crack
path and crack length)ower subset size is essentilllisinteresting that this observation is
similar to the one stated in sectiol.1l, regarding crack characterisatio® good
compromise for subset size selection is betweer325vhich minimises the error for all
extracted crack parameterdncreasing subset size beyond 31 shows little improvement in
COD accuraayhile decreasing subset size below 25 shows little impraamrim crack length

and 1.1 pix (compared to 9 px subset size) improvement in crack path. However, if the user
desired tooptimise both crack path and crack length at a cost of further analysistane
complexity, the developed method should be used twiE@stly, snall subset size for
optimised crack length and crack path positiamslsecondlyjarge subset size for optimised

COD measurements.
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4.5 Selecting Phase Congruency parameter values

This section will investigate the sensitivity of the Phase coegcy parameters on the
accuracy of the extracted crack parameters. A simulation study was carried out to find
optimal values for the phase congruency parameters andQ using a singlevirtual
dataset. The virtual dataset used in this studyswiaed previously, CMOD with 1 pix with no
virtual image noise¢t KS RAaLJ I OSYSy({ OFft OdzZ I GA2ya ¢SNB
with no smoothing anaho outlier filter on the DaVis 8.2.3 software packagiéh subset size
of 31 and a step size of 8. Crgukrameters were extracted from the displacement field
automatically, while incrementally adjusting PC parameters, and’Q .PC parameter,

is adjusted between 2 to 20, incrementally by 1 whike is adjusted between 0.6 to
1.8, incementally by 0.1. The extracted crack parameters are tbempared tovirtual crack

parameters used to deform the initial image, once again uBimg52)(53)(54).

Figured.4 depicts he outcome of the study.
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Figured.4 Phase congruency parametric study_of andQ , a) Impact of PC parameteos the
RSME COD hpact of PC parametem the RSME crack path (CPp)dmpact of PC parameteos
the error in crack length, dAC parameter erracore¢ summation of normalized a), b) and c).
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To find the most optimum PC parameters, RMSE COD, RMSE CP and crack length error values
(i.e. Figure4.4(a, b and c) will need to be minimized. A universal error matcxeated by
combining all theerror matricesFigure4.4(i.e. a, b and c). iFst, the error matrices are
normalized so that each PC parameter (i.,e. andQ .) isgiven a score between 0 and 1,
1 representative of maximum error, based on how well it performed for each error matrix.
Next, all the normalized error matricese summed together to create a parametric based
error score mati (i.e.Figure4.4d). The lowest scores on the parametric based error score
matrix indi@te the best crack extraction PC parameters. Observatidrigafre4.4d show
that the best PC parameters live in ¢ vandQ T80 P& giving an average
error score of ~0.2 and a maximum error score of 0.3. The default PC parameters
B8 T and Q p& selected for all the stlies (see sectioB.2) lie within this

optimized parameter boundary.
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4.6 Methodology of the irtual experiment

In order to benchmark the RCD method severavirtual datasetswere created usingdDIN

The aim was to investigate the impact of crack mouth opening displacement arel tnois
determine how accurately the method can extract crack parameters from cracked bodies.
The analysis can act as adgline to approximate the uncertainty of the crack parameters
based on the crack mouth opening of an experiment and uncertainty of igfatement
field. Additionally in this analysisthe PGCD methodwas compared to Heavisid&unction

fitting where PGCD yielded better results.

4.6.1 Generated Datasetswith ODIN

In the present work, a MATLAB code nan@dIN[190] was developed br. Selim Barhli,
University of OxfordODINallows one to create a set gfrtualimages from a finite element
model. The input consists of the nodal andretntal structures of the finite element model

as well as the displacement vector at each node. The code has beendaibaccept various
element shapes (triangle and quadrilaterals). The user also defines the pixel size of the virtual
camera and a mulblier to apply to the displacement values if needed. Finally, a picture of

the surface speckle pattenvasalso to be povided.

PaAy3a GKS 2 Aff Al W& speckeNittera is lim2ed R Andideilideddcfackl
in an infinite elastic plateTo study the performance of the developed algorithm in more
general conditionsDDINcode was used to deforwirtualimages with the displacement field
output of a finite element simulationA virtual camera pixel size ofp ¢ b | 7D E @vAd
used to producethe images with a size af 111 g 1T ¢pixels that replicates a typical

experiment. Tk speckle patternk-igure4.5, was also computer generated.
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Figured.5 Virtual specklepattern

The virtual specimen was @ v o¢ v &l plate ontaining a straight edge crack, of

p ca&pl [ inlength The FE simulation was used to deform the virtual specimen as a linear
elastic material with nominal properties @ ¢ 1'x 0 &xd’  T@. Datasets with crack
mouth opening displacements ophr®ipru A T @ wixels were generatetly altering the

by themultiplier (i.e. fromp @ A ltop& x b ).

4.6.2 Study of displacement uncertainty and image noise

The aim of the virtuaexperimentwas to evaluate the uncertainty induced in crack path,
length, and opening displacement measured by the algorithhe effectsof experimental
uncertainties in the displacements calculated by DIC were stullieddding Gaussian noise
to thevirtual data both in the urdeformed and in the deformed imageEhe speckle pattern,
subset sizeand step sizewere kept constant to simplif the comparison between
displacement noise and experimental noise: subset size and step sizepfpixels

respectively, were used for the following studies.
To include the experimental noise, a similar adaptatio&@f 48) was used:

oo (56)
) o PTT

where @ is percent additive noise, is the standard deviation of Gaussian noi§®, is

maximum greyscaleintensity, and’'O is minimum greyscale intensity of the image#

random but similar magnitude additive noise was added to eatlhe reference and

deformed images for every analysithe reference and deformed imagesre analysed by

theLaVisiod A& Q {GNIAYy al aGSN) a2Ffadgl NBe t SNOSy Gl 3Is |
scale values ranging fromm b to T P was studied with igrements of T8t p

In the case where no deformatiowas applied, the DIC analysis retwth zero average
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displacement irband wdirections. The standard deviation of the displacementeand &
directions from zero quantifies the error that is due to the added nolge relationships
between percentage additive image noise, image signal to noise ratio (SNR) and image
displacement uncertainty are shown iRigure 4.6a, which shows that displacement
uncertainty increases as the SNR decreaBiggre 4.6a also shows that the uncertaintipr

both "Yaand ™Y care similarand increase at the same rate as the SNR decre@ageseis a
linear relationship betweepercentage additive image noise and uncertainty¥oand Y &
displacement field, however, the relationship stops being linear onceSNR is below

¢ YA " Once the SNR is belgw A " the uncertainty in the displacement fieldgarts the
decrease. The reason for this is because synthetic moigepts image pixelsuch that the
DICleast squareslgorithm cannot match subsets that the correlation value is below the
threshold and hence displacement vectors are not obtairtédire 4.6b shows tha@ll the
subsets are matched until Ppercentage additive noisehich islike ¢ JA "SNRAfter¢ b

of additive image noise, the percentage of unmatched vectors start to increase reaching
x w T RInmatched vectors ab@ badditive image noiseAfter & badditive image noise,

the DIC algorithneannotobtain any displacement vectors from the images.
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Figure 4.6 Displacement uncertainty analysis a) Image Noise vsaBN®isplacement SD b) Image
Noise vs Missing data

The SNR of a digital image varies with parameters such as lighting conditions, exposure time
and CCD sensor, and typical CCD cameras present SNR values leetwegt A "[191].

Three different noise levels were therefore selected fimther study: (i) No noisesf Tt

and SNR HA ) which is an idealised case; (i) medium noise whickelscted to
represent a typical experimenty T1& and SNR o & A "); (i) High noise¢§ o and

SNR ¢ @ @\ ) which is selected at the edge of the boundary whére Digital Image
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Correlationsoftware with a least square algorithm fails to carry dlé analysis. The
percentageof additive image noise level for case (ii) was chosen after evaluating the quality
of the images taken in a number of recent experimesagied out byStanier et al[192]and

also those available in the literatuf&93-195]. Stanier et al[192] calculated the SNR to be

x 1T 1A "in one of their deformation experiments atidey state that t is likely b be adequate

for producing detailed andmooth deformation fieldsBaldi et al[193] calculates v cA "for

their displacement error studies and also note that this noise induces isi very small
compared to typical experimental noistong[194] created synthetic image noise to assess

the accuracy of his proposed improved subpixel registratioardilgn. He use® synthetic

image noisdevels,im HT& v @ Hp Hx Pandt Pon anyrbit image € v gray colours)
which produceSNRs of Hbft x ¢prg ot phg ® andp @A "respectively. It can be seen
FTNRY KAa @¢2N] GKIG KS RAALX | @ &g AITt@®RPINER dzNJ { b w
noise levels as the results for tm& v KA T #® Pwere too close. In his worl, Pand¢ b
imagenoise was used to simulate a normal experimental image noise, which gives an SNR
range ofo p A "to X ® A" To accommodate all the SNR values in the references stated

below,0 & A "was selected conservatively to simulate a normal experimental noise.
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4.7 Virtual analysis and discussion

The fivedifferent CMODwere considered for each noise level, and theckrapath, length,
and opening displacement profile were extracted in all cases using thasdd algorithm
Thebest performing Heaviside function thatas identified from the previous section, i.e.
Heaviside Gaussian derivative kerf2d] and was used to extraché crack parameters to
compare with the P@ased algorithmThe deformed images were analysed by DICgusin
[ F £A&A2Y Qa [3]] dsNd theyeasa dquaie ohhique with uniform subset grid size
of o pwith step sizap. No smoothing or outlier filter wsaaused. The positioning of the uniform
subset grid was constant for all CMOD profiles on all the referémages to preserve

positioning independency.
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Figure4.7 Virtualanalysis of crack detection mettisa) Uy map of CMOD 0.1 pixels with high additive
image noise b) Crack opening displacement ary@rack path errod) Crack length error
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The PECD algorithm is fully automatievhile the Heaviside algorithm required adjustment
and thresholding in edccase to obtain optimal crack parametefs example of the map of
the displacement in thevbdirection for the T pixel CMOD with high additive image noise is
shown inFigure4.7a. The white regions of the digmlement map are uncorrelated subsets.
Visually, a distinguishable steptime displacement fieldvas observedbutin relatively small
manner comparedo the noise while a large fraction of the displacement vectawgmslost
due to image noisegausinghe discontinuity to be less visible indldisplacement map. Both
crack detection methods (automatic FZD) failed to detect the crack in this casevdsnot
possible to obtain fracture parameters from this displacement field without the aid of
smoothing @ fitting techniques, however this wdimplify the uncertainty of the parameters
and was nopursued Howeverpy outlier deletion an attempt to remove the additive noise
and to amplify the discontinuitgan be attemptedFigure4.7a was used as an extreme

example to depict hovan autlier deletion and recovergan be usedh section3.5.

In all the other cases, both RED and Gaussian Heaviside successfully cordpghbéecrack
parametes and the parameterswere then compared to their true value using
Eq.(52)(53)(54)which are depicted ifrigured.7(b, c and g, respectively. It is clearly seen

that PCCD performs better than Gaussian Heaviside in all instances of crack path, COD and
crack lengthFigure4.7b shows that PC osistentlygaveprecise COD measurements for no
noise and medium noise for different CMOD profiles while high noise measurementsghow

the errorwas decliningasthe CMOD profilevasincreased

® The automatic and default paranes were used with nadjusting. Outlier deletion procedure was
not used in the analysis
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Thiswasan indication that the discontinuity profile indreasing in signal compared to the

noise. However, thisas not observed for the Gaussian Heaviside whiglgestshat there

could be systematic errors similarthose associated with COD observeéigured.7a. Sub

pixel data accuracy of the algorithwasobserved irFigured.7c: given that spatial resolution

(step size) ig) pixels, the algorithms successfully detected the crack path lessulpaxels

oferror.Gusst Y 1 SNYy St RSNAOGI GAGSQa tAYAGLIEGAZ2Y G2 LRAYD
wasshown in theFigure4.7c with crack path errors of more tham Upixels. ltwasobserved

for CMOD op wixels, the error has ineased to roughly pixels for each noise study.

Figure4.7d shows the algorithm auratelyfoundthe crack tip location for CMOD pfufp v
pixelswithout any errorwhereasfor CMODof 1ip and 1@ pixels,the crad tip discontinuity

was lost within the noise. As for Gaussian Heaviside, crack length error increases as the crack
mouth is more open as observed foo noise. Thisvasbecause Heaviside function fails to

fit the step function close to the cradip, hence detecting a smallesrack.
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4.8 Conclusion

Thenovel PC 5 G SOKYyAljdzS 6Fa RSNAOGSR (G2 SEGNY OG (K
predetermined and controlled 2D displacement fields via theoretical and virtual methods.

The technique was benchmarked on fieecontrolled lineaelastic displacement fields for

GKS STFFSOGa 2F dzyOSNIlFAyideée FyR RAAO0O2YGAYydz iz
geometrical parameters with good accuracy. A spatial resolution study on a virtual dataset
showed that the placemnt and size of the dasets play a role in the uncertainty of the

measured crack parameters. The method was fully automatic which removed the user
judgement and bias from the analysis. Although the application can be applied to any surface
geometry, the bachmarking has only le® administered to long mode | cracks. Detection

and benchmarking of mixed mode and short cracks have been added to future work.

Furthermore, it was shown that the accuracy of®@Bwasdependent on the uncertainty of
the imported dsplacement fields. Fa@xample, results presented Figure4.7 have been a
key evidence to show that noise and crack artefagiactthe crack measurements, however
PGCD seemed obviouslgnore noise and crack artefact robustady to tackle these
problems. The analysis demonstrated that the-®@ algorithm is a robust automatic

technique for cack detection angharameter extractn.
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5 APPLICATION BECCDTOEXPERIMENTAL

QURFACPBISPLACEMENAELDS

5.1 Introduction

The novel PELD metlod and its application to theoretical linear elastic displacement fields
has been presented in thereviouschapter. In this chapter, the PCD method was apied

to crack detection and quantification in two different classes of materials, in order to
examine its accuracy and robustness in real laboratory conditions. The cases ebittkesi

and ductile materials were studied. The -BD was applied to an adidnal ductile
experiment where the effects of crack closure and overload were studied. The crack
geometry extracted by RCD was validated through optical microscopy, high resolution

fractography and visual inspection.

5.2 QuasiBrittle Material: Rock

The cracking process of a rock material is highly influenced by the microstructure of the
material. Byusing the natural texture of the specimen surface as speckle pattern, cracking
and crack growth can be monitored in detail in redatto the structure of the rock material.

A brief description of a test on a double edge notch tension (DENT) rock spei@men
presented. This is not a geometry recommendeyl the International Society of Rock

Mechanicqd196]and as such it may not necessarily render avahcture toughness value.
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Since the aim of the experiment was to verify the applicability eCPCGalgorithm on quasi
brittle material and not produce a valid fracture toughness test, it has no negatipacton

the results. The experimental applicati was designed and realised by Dr Mathi&mnsbijer,

(SP Technical Research Institute of SwedEngdata was made available to thstudy after

the experiment. The author of this thesis takes no credit for production of the experimental
images, howevelthe analysis of the images was fully conducted by the author of this thesis

and was used in his papg].

5.2.1 Experimental details

The specimen waa fine-grainedgranitic rock with a surface area ofrt @ 11 | and a
thickness ofp 1t | . An annotated photo of the testet up is shown ifFigure5.1a; the
sample width wasqw ) wase 1t [, each of its notch lengthi wasp Ttand each of its
notch radii Q) wasv | | . The studied material was a figgained granitic rock. To makiee
texture more prominent in the images, the surface of the specimen was polished in a grinding
machine before testing. This allowed the natural pattern of the specimen be used for DIC
analysis without need for an artificial speckle pattern (e.g. spragtpehich can obscure

the crack tip. However, this method can result in blurriness in the speckle pattern due to the
height difference of the surface asperities. Therefore, to evaluate the effectiveness of the
natural pattern of the specimen as specklgtpen, a detailed noise analysis was performed

which is explained in the next section.

The specimen was glued to the loading platens of the testing machine, ensuring that the
loading line and the centre axis of the specimen coincided as close as poBsiblEnsile

load was controlled at a constant crosshead displacement rate ofrBrBgnin.

A 2D DIC measurement setup comprised anegapixel CCD camera and a Schneider
Kreuznach Compone8 2.8/50 Macro lens was used for the image acquisition. The olaserve
area(@ v @ U | ) covered slightly more than the entire specimen surface, corresponding
to a pixel size of approximatety A 7D E @ lobtain high contrast levels, the specimen

was illuminated by a white LED light panel.
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Figure5.1 Small scale doubled edge notch tensile experiment setup of-buitile material: 2o
(width) =60 mm¢d(notch length) =10 mm, ari@(notch radius) = 5 mm

5.2.2 Analysis and discussion

A sequence odr-bit ¢ 1T T g T Tpikel imagesvere obtained $eeFigure5.1), from which a
smaller region op o ¢ up Y pixels was selectedéeFigure5.2a with a white dashed box)

to reduce computation time and to mask the round tip of the notch. The region of interest
before and after load (i.e. reference and deformed imadgeégure5.2b and ¢) shows two

cracks in the deformed image.
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Figure5.2 QuasiBrittle test and analysis (a) captured image of the surface, region of interest is
indicated between two white dashed lines (b) reference region of interest (c) deformed region of
interest d) calculated opening dlapement Uy field (e) extrapolatedy displacement field with no
missing data points
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The PECD algorithm could be used to detectdaanalyse multiple cracks, but for simplicity,
only the larger surface discontinuity labelled in fRigure5.2bl & &/ N> O1 ¢ 6+ a O2y&aARS
this study.A DIC analysis was performed on the images using leastesgmathod with
subset siz@ Yixelsand step size of pixels no smoothing or outliefilter was appliedThe
calculated opening displacement majwis shown irFigure5.2d. To estimate the expected
noise wihin the displacement fiel, a baseline noise analysis (no deformation / movement)
is conducted with the same DIC parameters giving a noise leyel of 1@t 11 and,,

T8t p Rixels which is similar to the edium noise analysis that was studieteyiously in
section4.6.2 The mean greylevel intensity within the region of interest chardyrom | &

to Y @ counts between reference and deformed images. This change oll@relintensiy
isvisually seen at the locatioof the discontinuity which resulted tpoor correlation for the
subsets that include the crack, as shown by the censored displacementrigtae’.2d).
Subsets with correlationoefficient of less thap 1t were censored The missing data were
extrapolated using a linear least square approésge sectior8.6) without modifying known

values to obtain the final displacement fielidure5.2e).

Automatic PECD algorithm was applied to the data with the default parameters arilieou
deletion was not appliedThe key steps of the application of the crack detection algorithm
are depicted irFigure5.3: this shows the outcome of the phasengruency analysi§igure
5.3a), the path segmentatiousing Hough transform on thehase congruencsesult Figure
5.3b); an overlay bthe segmented crack on the displacement datég(re5.3c) and the
crack opening profile Kigure5.3d) on the deformed imageThe algorithm successfully
exposes the disatinuity and quantifies its length, opening diapement profile and path.
Visual inspection of the data shows that the crack path has been identified with an accuracy
better thanc pixelsfrom the midpoint of the damageClose to the crack tip, the CGédss

than a pixel, and the crack is observabldy in the image due to the light reflected by the
crack face whichhanges the gresgcale intensity At some points the reflected region
measuredg Tpixels across, which will typically give an over estiomaof the crack opening
displacement if the awventional crack segmentation algorithms were used (i.e.
thresholding). The damage location (i.e. crack path) is also difficult to map from the
deformed image, even with visual observation, due to the inhoemegus intensity. Since
the novel PEGCD methods based on displacement fields, the approach tracks the behaviour
of the crack facesAlthough, the reflection affects the correlation, but nonetheless the crack

is very well detected without uséntervention.
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5.3 Ductile Material 1: Aluminium alloy 2024

Ductile materials show high levels of plasticity around the crack and thereforéatbe
strains of the surfacecan induce errors in théigital Image Correlatiomnalysis. An
experimental dataset was obtained using a fatigue -pr@cked Compact Tension (CT)
specimen of an aluminiumt (I ¢ jJtajlay. The material was provided by Airbus @ras a

¢ 1t | thickness plat in the4 o ucpndition (i.e. solution heat treated and stressieved

by stretching). Posexperiment optical microscopy observation of the -BIC analysis
surface aided in precise location of the discontinuity. To verifyRB€D observation, the
optical microscopy calculated crack path and crack tip, which was calculated manually, was
compared to the crack path and tip calculated by@T algorithm. The experiment was
designed by Dr. Selim Barhli to be used for his pgfjefhe author of this thesis participated

in the experiment and the calibration of the 3D BiStemandwasalsofully responsible for

the analysis of the 3D DIC image data and thecapimicroscopy observatioof the crack
surface The author of thigproduced results in his pap¢t]. The experimental equipment

(3D DIC system, optical microscopy, tensile machine and experimental rig) was made

available by Professor James Marrow, University of Oxford and the OxfordMateaials te

5.3.1 Experiment details

A fracture test of aluminium allogmt ¢ was carried according to 3 4% 0 «j1d], details

of which is given elsewhefg]; a brief desdption of the experiment is given herA. fatigue
pre-cracled Compact Tension (CT) specimen, schematic of which is shdwguire5.4, with
awidthofeo v tt | anddo 1@ (Qis the crack length) was tested; other dimensions

of the specimen are related t@ according to! 3 4 %o wThe specimen was loaded by
moving the upper loading pin at a constant displacement ratef | 7i E dintil the crack
started growing. The loadingf a CT sample is predominantly dominated by bending around

a plastic hinge unlike the DENT specimens tested in the previous section which is mainly
tensile. This change of loading mode provides an extra degree of dissintiletitgen the

two experimentsin addition to the difference in material behaviour to evaluate the

performance of PC algorithm further.
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Figureb.4 Fracture test of ductile material

The images were collectaging a steredIC system comprisirggToshibaTeli CSB4000€L
10A cameras; each camera captuiedt 1t {g 1T Tpi)el sizep Fhit images of the surface of
the specimen which had a painted speckle pattern applied to it. The pixel size wal,

calibrated using 0585 LaVision 3D calibration plate.

5.3.2 Micro analysisi Optical Microscopy

After the fracture test, optical microscopy observation of the surface verified the location of
the discontinuity.The specimen surface the vicinity ofthe crack was cleaned hitethanol

to remove the paint that had been applied to create the speckle patté&nset of

¢ L @ Tp w ¢pikel images were obtained from the surface of the crack specimen at low
magnification 8t 1A (7D E i Amd at high magnification ¢ TA I7D E P Ahe low
magnification images were manually stitched using the overlapped region to construct a
larger image with dimension gf @ ¢ ut U ¢pixels 6eeFigureb.5a). The high magnification
images were similarly stitched toeate an image of w w ¢ §® w opixels §eeFigure5.5b);

this was subsequently scaled down by binning to match the low magnification image
resolution. Although spatial resolution was lost, the visibility of the cfacks was improved

and a more accurate crack tip location was obtai(ezkFigure5.5c and d.

139



" o R
1.04mm

1000 pix

Figure5.5: Optical microscopy analysis (a) lower magnificatroage (b) higher magnification image
(c) high and Low magnification image stitched (d) zoomed in of (c)
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A pair of stereo images, comprising four images, was analysed: two reference images
recorded by careras at different angles to the surface of then-deformed specimen, and

two similarly recorded images of the loaded specim&n.example of an image captured by

the left camera, after the distortion correction, is shown kigure 5.6a. For a faster
computational andysis, a region of interest af 1t 1o 11 pixels was selected (marked by a
dashed whiteareain Figureb.6a). This region of interest is comparedrigure5.6(b and ¢

for the reference and deformed images. The same region, observed by optical microscopy at

low magnification, is shown iRigure5.6d.

Figure5.6 Ductile fracture test ath analysis (a) full field reference image from-teihd camera (b)
region of interest reference image (c) region of interest deformed image (d) stitched image of optical
microscopy (sekigureb.5¢) of the same gon as shown in (b)

The images were analysed with subset siz@pixelsand step size gb pixel (~88% ovdap)
to obtain the displacement fields shown kigure5.7a. Small subset size wehosen to
optimise he crack path and crack lenggarameters irorder to better compare with the
parameters obtaied from optical microscopyA better COD profile cebe obtained by using

larger subset sizes and lower overlap value.
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Increased numbers of missing vectors (shoas white patches to the right side of the
displacement map) occurred due a lossafus during the experiment (séegure5.7b and

c¢). However, the norcorrelated areas are mostly local, which allowed intergiolato be
used results of which is givenkigureb.7b. Best user judgement was employed to manually

segment the crackrom Figure5.5¢, shown with a red line with the ack tip identified by a

white cross.

Micro — Crack tip
v Micro — Crack path|
-~ PC-CD Crack path

100 150 200 250 300 350 400

Position along x-axis

Figure5.7 StereaDIC analysis (a) Uy map (b) missing Uy map extrapolat®th@se congruenaf Uy
map (d) crack opening displacement (e) crack path calculateceaidbrithm (f) crack path calculated

by the algorithm
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5.3.3 Analysis and discussion

ThePhase congruencyap of the displacement field, shown kigure5.7c, highlights the
discontinuity quite clearly. The crack openitligplacement profile, calculated tamatically
by the algorithm is givein Figure5.7d and that of the crack path iRigure5.7e. They are

overlaid on the images taken dog Digital Image Correlatioexperiment.

The crack path was also overlaid on the stitched image taken by the optical microscope with
low magnification and is shown Figure5.7f. In these fgures, the manual segentation is
represented in red while the automatically identified crack path is given by green. It is
appropriate to take the manual segmentation of the crack (red line) as truetdetdigher
resolution of the surface was captureddthe cack path calulated. Using Eq.53), RM&
between manual segmentation and crack path proposed by this sttadycalculated to be

¢® apixelover the whole length of the crack. Significantly, the time required to obtain the
displacement field and the crack parameters using the proposed algorithm was
approximately 1 min 22 seconds including the DIC analysis. The time to map the crack

manually ly optical microscope was approximatél9 hours
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5.4 DuctileMaterial 2: Baiitic Sted

The experimental work was completed at the Diamond Light Source on the 112:JEEP
beamline. A fatigue crack growth overload experimentCompactTension(CT) samples
with different Rratios (i.e.’Y 1@ and’Y T1@&) and same overload was conducted in
conjunction with 3BDIC, which allowed insight into the crack driving force at the surface of
the specimen. The surface measurememés acquired atsix different stages, before
overload,at overload and at four crack length positions relativetie overload. The cracks
were detected,and their parametes were extracied from the experimental data and the
impactof the crack growth beyond the plastic zone &eg@ by the overload is studied. The
fractography information was compared to the crack length cated by PECD to assess
PG/ 5 Q& LJS NF 2aNaténtfalindpactof/cRack tip bluntingon the calculation. The
crack opening displacement profiles, cditad by PECD,were compared between each R
ratio at each stage and loading. Higleertaintydisplacement calculation was used to obtain
the Jintegralvalues using a cod@] develged by DrSelim Barhli, University of Oxfofsee
section 3.11) and conpared to the crack mouth opening displacement values. The
experiment was designed by Dr Chris Simpson fomptimpose of quantifying overload on
fatigue crack growthletardation mechaics with Xray diffraction and the full experimental
details are explaied elsewhere[8]. The fractographydata was obtained bycollaborators

The author of this thesis was fully responsible for éx@erimentalobservation via Stereo
DIC setup which includezhlibration data acquigion and analysis fathe image data, which

includedthe Jintegral calculations.
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5.4.1 Experimental details

Two insitu fatigue crack growth () overloadexperiments were completed dihe-grained
bainitic steel CBamples under plane strain conditignsneat’yY 1@ and the other at

Y m&. Both tests employed the same stress intensity factor range,

3+ ¢x OAT,
Table30 Experimental conditions for bo
L, 0= Kor, iSataz sAlK G(KS O
= given in MParH?
= 45 -
=
=
307 R=01 R=0.4
o
197 R=0.1 Knax 30 45
! Cycles Kenin 8 18
Figureb.8 Fatigue Crack Growth schematir festing | K 27 27

R=0.1 and R=0.4, from [7]

A schematic of the fatigue cycling can be sedrigure5.8, with the associated drimg force
parameters being further detailed ifiable30."Y G\ OiE ihe ratio of the minimum stress
and maximum stress experienced during a cycle (e.g. T0 Y O A Dwhile w is

the difference between maximum and minimum applied stress during a fatigue cycle

(e.g.w0 U 0o ).

The experiment was completed under constant or pseadnstantw 4 which is to say a
load shedding technique was employed to maintai close to the noted level of
¢ ¥ O T . The crack groth rate was monitored using an Alternating Current Rzl
Drop (ACPD) systerfsee Figure5.9). The ACPD method was mentioned in the literature
review (see sectior2.1.1). At the end of precracking and at a crack length of@ [ |

¢ ¢l | after notch tip), both the CT samples were subject to an overload to
0 @ ® 0A T  which correspondetb an overload factor of andp® @t'Y 1§ and

Y 18 respectively. Theplastic zone wa®stimated by Irwin approacfl97] and the
fatigue crack was grown incremental steps through and ultimately beyond the plastic zone.
Throughout tle experiment, the surface of both-Ratio CTsamplesvascaptured bySterec
DIC setup as s@ Figure5.9. Although both specimens wermbservedby Xray diffraction

(XRD), this thesis will not entail the results.
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Prior to the experimental time on the 112 beamline, fmracks were introduced intthe
Compact Tension(l) samples using a load shedding methodologyYat 1. The final
stress intensity factor range used in this iniffae-CGracking (PrC) wags ¢ 0 IA 7 to ensure
limited plasticity After the initial precracking (PrC), random spae patternswere induced
tod 2 (0 K & LJSuakey BhyfeChackgrouhcoating and small random black speckles to
cover one sideThe objective was to achieve high density small black speckles which dictated
the size of the displacemestibset The small pecise random black speckle®re achieved

by a few trial and error ttempts on a mock surface h& optimum size was achieved by
spraying the black canister from approximately two meters away fromahepée surface at

an angle ofp mtfdom the floor. This method forced for the heavier larger black projectiles to
fall to thefloor before hitting the sample, leaving theuchfiner andsmaller projectiles to

hit the sample. It was observed from both the sample specimens, the black spénkle
ranged fromm@tp T U I .

' Loadingrig

LED Lighting

e=r—

' Specimen

Cameral : Camera 2

Figure5.9 Experimental setup of the Ster@dC
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The LaVision stereDIC systenfsee Figure5.9) comprised two cameras: a CMOS Imager
MX4M capturing an image size®@frt T Jg 1T Tpikel with ap rbit depth and a pixel sizef
vt ; and a CCD Imagedie 5M which an image size of t v @ Tt upikel with ap ebit

to depth and a pixel size @@ i labelled, Camerg and Camera; respectively.The
cameras were both positioned approximatedyt i from the sample surface (CCD and
CMOS chip to surfageon the same height withxa¢ 1tahgle between cameraséeFigure
5.9). The aim of this setup was to capturenagnifiedfield ofview of the surface, for a higher
resolutioncrack analysis. Haver, the camea frame and grips did not allow for the cameras
to be positioned closer to the surface of the specimaiith a lower working distance.
Therefore extension tubes andn opticallens were usegfor both camerago increase the
magnificationof each camerajn effect increasing the field of view. Each camera was
equipped with a macro lens adaptgy (i | focal length), extension tubes (¢ | focal
length) andaTokina AP Tt iti F/2.8 macro lens accumulating to a total pfe frt i in focal
length. Lighting was achieved liging twop €LED pulse lightséeFigure5.9) which were
pointed towards the surface of the specimen atangle, both pulse triggered with the image

acquisition power unit.

Figure5.10 Calibration of the StereDIC a) View of the calibration plgtem Camera 1 b) View of the
calibration platefrom Camera ) Summation of the calibrated Camera 1 and Camera 2

Computation of the calibran is accomplished using thed dzA f (i [camerk gidh@e/ Q &
model Three calibration image pairs olLaVision calibration plafeegular dot grid spacing
0.5mm 6eeFigureb.10), where different viewswere ceptured. The calibration images were
imported to the LaVision softwarevhere the inrbuilt algorithm detectedthe regular dot
patterns from both Camera 1 and(2eGreen grid dots ifrigure5.10(a and B). Threegrid

dots were selected from both Camera 1 andFigure5.10a and b which are used to map
Canera 1 and 2 together while triangulating the images. The thickness of the calibration

plateisG p® i | and wasweighted inthe calibrationcalculation
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