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Abstract

The development, desi gn, and optimisation
materi al cmawmoadt evoidedtliing of their mechani ca
critical to understanding how composite parts
are several techniques availabl e f o tmated reimaeln

Ssimul atriaggnsc.omput ed tomography has become pop

experi ment al dat a-diimentsheonfabr m mageds hoée t he i
However, CT imaging has some nltirmistta tainan sa.r tlemee
mo s t I mportant | -D Inf t teitovreens sampl ¢ radee and
mi ni mum size of a physical descr i pa otri mehsatl arag

t han the pixeli nsviezset.i gTahteer esfnoarlel, fteoat ures such
sample must be smaller than 4mm. This require
types of composites as the speci men may be to

To simul atealt hbee hmevahbauri cof composi-basemdt er i

representative volume el ements (RVE), which a
materi al . However, one of the challenges of t
Peiodic boundary conditions (PBCs) ar e C 0 m

mi crostructures because they assume that the
help avoid boundary effects and redufcer cRWpP t
obtained from experiment al dat a, such as thos
in the microstructure. I f the RVE is too smal

This thesis aims to addressl ybBesg, chaldl gpg

|l earning algorithms for CT image processing.
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ucture generation and i mage quality enhat
ment ation algori hbmmswi Thet peopbeedeali §oedt
resentative volumes of short fibre composi
directional composites.

An inpainting generative adversari atli onneur al
orithm to generate missinglecedeonsaneunalCTr
hitectures with different numbers of convo
orithms were abl e to accuwrnatkenloywng e mefroartnea tti
mi crostructure of the materiabasad medi ica
a result of the architecture comparison,
sumed a | arge ambiung of GFPYumeamblreg, fona i np.
A tHRreneensi oonas$ olswtpiean deep | earning algor
ance the quality of CT images of composite
Enhan®ed oBiup@ArN and Cycl eGAN to not only i
ges but also to replace denoising, contras
the overall i mage quality-anBdy-rtkoswat ot ngnt h ece
al gorithm produces i mages with significar
ndaries and can i mprove the identification
To i mprove the identification of physical ¢
hine | earnivmlg tEeMlh)ni qgjuce snowvrer e compared for

ity of composite CT i mages. The segment a

comparison and pixel accuracy metmgcsegméret ate

al g

orithm was t he mo st accur at e t ool wi t h a
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hardware. I n addition, the use of probability
providing a more accuuater éorempoésenat @triiah. mi

To demonstrate the potenti al of deep | ear
i npainting algorithm was wused to generate pet
achieved by developing psesiodwo Ifayernrse a&nde mp
created based on the periodic RVE with voxel
model s was simulated using PBC. It was found t
at the boumeamnireg, nahi IRWEY seixchdlbi dterde snsonand st
t he boudmdadimaged spewol atdi onboundaries cannot b
original RVE.

This research al so pr erseesndlsutai tvhema If§ bcea ta logc
was trai naendd oleoswbl ghi on scans of a carbon fibr
| owesol ution image of another composite. The
and void boundariesntanfli easnbbersofutiomaéeehbr edle:
fibre trajectories. The method can provide f:
usi ng elsow ugtiitom,CT nscans.

This research demonstrates tthheo dpo tteontpiraolc eo
i mages of composite material s. The algorithms

wide range of materials in various fields.
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Samenvatting
Abstract

De ontwi kkeling, het ontweppsieat nilaet eo p tail raa
nauwkeurige materiaal karakterisering en model
model l en zijn van cruci aal belang om te begri
in verschillende .stEmnmctzujel eeteepbabbendentec
mat eri aal karakterisering -edre memddeenlsh-aniuw-alté oeosr.
computertomografie S de afgelopen decenni a
experimentele gegrv@&8ms bierel dlen vowam dea 4 ntern:q

beel dvorming heeft echter enkel e beperkingen

contrast hebben, maar de belangrijkste beper
rui mtelijke riensaolleut geootliee nviann een fysieke
onder schei den, i s dbeegagnet emgdaaemde3 pi xel g

monster kl ei ner zijn dan 4 mm om kleine ken

onderzoekenkabezenveaernaeidatgée ng zi jn bi|j het ins
het monster mogelijk te groot is om aan dit ¢

Om het mechani sche gedr ag van composi et
onder zoglkdedras e@T de r ¢ predseemetnatteine v(eR WEo) kl ei ne
materi aal voll edig kunnen beschrijven. Een vz
omgaan met randvoor waar den. Periodieke randvc

simul ati es vamoséerschiulrleaeanaodoendmitc ze er van ui t

l{e}

van een oneindig periodiek rooster, wa't gr ens
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verl agen. Het gebrui k van PRV's voor RVE's di
di e Ciankan echter een uitdaging zijn vanwege

de RVE te klein is, kunnen PRV's periodicitei

Dit proefschrift heeft t ot doel deze uitc
al gorit memeeviodovier@&er ki ng te ontwi kkel en, anal
ont wi kkeling van al goritmen voor het gener e
beel dkwaliteit, evenal s de-abhgatlt ysmen.anDebewgobc
al goriumkean zvervol gens geverifieerd wor den

kortevezelcomposieten te genereren en geautor
composi eten mogelijk te maken.
Een inschilder generatief advevi k&kril adelal seu

generatieal gorit me om-sochnatnbsr etkee ng & n ggredmiceodesnDri ir

neurale netwerken met verschillende aantalle
gextvalueerd. De algoritmendevadelnemn nnau\wlaeé umoimg c
op basis van bekende informatie over de micro

berekende fysieke en op afbeeldingen gebasee
presteerde het beshegr mbar hegeahbeldudiart ¢ vaaPdr do
ongeschi kt wakbeoeel dgiromgen CiTn te schil deren.

Er werd een 3D supaerlrgeosadltutei eo ndend k kled ar rmoinr
CTbeel den van composi et mat emiaalkengtedbruekbetadar
zoal s EnhaRnecseod ubupear GAN en Cycl eGAN om ni et
afbeel dingen te verbeteren, maar ook om rui ¢

procedures die bijdrageh aanvdevahgemenbBobeel



afbeel dingen met een hoge en | age resolutie t
een aanzienlijk verbeteedepuoureseteitpggrcerrsaen
identi ficat ineetvearns fwesribeektee rpearmr.a

Om de identificatie van fysieke kenmer ken \
deep |l earni ng, mac hi neMLtl eahmiienlgen ( MLOr gehekr
segment ati ekwal i teel dam tcempesbete €Cdhs Wer d
getxtvalueerd met behulp van zowel vVvisuele verg
resultaten toonden -sseagmedcadtgolrett meée el Imearsni mag
was met een snelle ui-heodowai @eagsel ¢idst hoBaovedé n died
van probabiliteitsskaarten g deretl rdeedchy c evea alr dalc
nauwkeurigere vorm van microstructuurrepresen

Om het potentieel van deei dtean nti en gd erpo rhettr
een aangepadtgoirns mei Igeedmr ui kt om periodieke R’
vezel s t e genereren. Dit wer d berei kt door
periodiciteitsverdliemeotEehlnan ng &€ meeaek te i onpd i bgaes i S
RVE met een Vvekxehzdrische mesh. Het el asti s
gesi mul eerd met behulp van PRVO6s. Er werd vas
gedr ag vertoonde wign zdiej no rgirgé pgnzee ek eR-VaEp amine tn
rekfluctuaties vertoonde aan de grenzen. Dit
kunnen worden toegepast op de oorspronkelijke

Dit onder zoek presenteert ® 0 k-8 tegeenr i M amrei. f i H
algoritme iIis getraind op scans met hoge en | ac

<

op een groter beeld met | age resolutie van ee



met nauwkeamilgegew eegnedmaaekt geaut omati seerde id
mogelijk met behulp van | ege | ocaties en vezel
identificatie van vezel breuken twoo@&h stmegtkteann
res uti e.

Dit onderzoek demonstreert het -pmeotlronderedm)
CFbeel den van composietmaterialen te verwerker
kunnen wor den toegepast mpt eeenl emr eeg g ea

onderzoeksdomei nen.
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Chaptlkemnt doducmatoinv.aatnido n

1.Clomposite materials

Composite materials are vahicd hcsmed hyeteaomnie
t wo or more distinct constituents. The goal 0
uni que propertings maft eeaah ¢onemhigi meer a novel
properties which could not be achieved with hec
consi st of two primary components: a matri X
i ncl uadiampactength and stiffness to the composi
medi um that facilitates the transmission of st
binding the inclusions togétiher .ofD etpheen dci onngp oosni
and materi al o f the reinforcements can vary
oriented short fibres or particles composed
selection of theal ,reiitnd otrycpeemeanntd nvaotleurme fracti o
all desi groimpgsi tes that meet specific applicat
and weight . Thoeeihgihgth rsattrieon getexihhn foba rt ceedd bpyo |fyi nberre
makes them particularly advant ageous for us ¢
Further mor e, composite materi al s can of fer €
consumption and emissions due to |rgmteatwuehi
and renewabl e sources that can reduce the car
1.Mi crostructure of composites

The mi crostructur e of composite materi al ¢
arrangement of their constituemtlse atn tdhed emind rn

properties. As composites are heterogeneous, I



vari ous mechani cal characteristics such as ¢

composites reinf orecnetde dwisthhorrta nfdiobmleys ohrave ver

which are challenging to predict and anal yse.
such as orientation, volume fraction and di st
compobe volume is critical for their character
requires knowledge of the unit cell parameter s

debonding and other associeatiengntadt treedni Qhers
such parameters.

1.8 ccomputed tomography.

X-ray computed tomography (CT) i's one of t
gualitative and quantitative assessment- of th
dersucti ve i maging techni gte eusges ed epce mreotnraagtnien g

capture a sequence of object projections at m
di mensi onal (3D) image of tMedeorbgekdb uGT ngy sto
all ow researchess|ludi omt 8iDn i magkes of materi al

er fordmsnoruc-ti menshoeral scanning i s iamakgeiyngadyv

©

—

echniques, succhopgs aompt isccalnniningr cesl ectron mi c

destructive and | imited to 2D imaging but ma \

n

ynchrotr-baseddCatcam provide 3D images of col

D

xperifmgnadgysnchr othbraosne dr a@T ahao®nt he advantage o
guality images due to its monsoicthwr oanea Ipyasriasl | @

evolution over ti me, including fibre breakage



Despinaenyi tasdvant ages, CT has some | imitatio

treodd between resolution and spectenenl wtiizen 3

i mages of the internal structure of Car gemages
may not al ways be sufficient to identify mic
interest: the resolution of the-rdaf bmame and

resolution of the detgercd al.utlinomdidmages,c arc qru
amount of scanning time. Another | imitation o
in certain composie¢et matdrfiialugt whi cshccmalat el
constituents.

CT iemsagcan be used to construct an accur at
mi crostructur e. This geometry is used to gen
essential for finite element modedatlemigalt® pre
1 Rlepresentative volume el ement

Representative volaume sarlad ntematsl HMRESERbIl e t
characteri ze &RagEevenemaeedr ualng CT data to i n\y
of composite material ] @©mdce mepdelo atchheitro lgemavia

using the retrieved geometric parametehres to ¢

materi al . Geometric modelling provides a rela
mi crostructure morphology in the form of a r
approxi mated as periodi c: i n spemdtoah ,c &RIVIEO wat

application of periThei aplpbucadar pyncaomndipteiro rod.i
resul ts in a seamless transition from one sSi¢c

continuous microBhudestgmnaprirepl pcatasaumes t h



and behaviour of the Hmoateereirg |-bgeschdelinrdyd eplesr | roaly

i mportant characteristics of the material, s u
fibrengpacrkiisal i gned fibres or pronounced Cu.
manufacturing. An idealised geometric represe
the natur al behaviownonroéofd tclheedmat emisa l under r
As a rtehlese¢e foddrtiowresn moadel s have gained in
t heir ability t o provi de a mor e accur at e r

corresponding behavi oeworr)l di ns | & dreHiai vednedrsii wedra tr &
maels also have certain | imitations: for i n
requires the RVE to be represented as periodi
engineering npaetreiroidailcs aanrde bnoounnildac ty u asttirerss mayd
during their simul ati on. This presents diffi
conditions (RBCletho mueh sdatasa t hese matiesri al s
research addr es s ense tahnids diesespu e euasrinnign gmatcehcihni qu
1.ceep |l earning for CT i mage processing

Deep |l earning is a branch of machine | earn
number of trainable parameters. I n thasfeidel d
to enable the neur al net work to | earn specif
mul tiple hidden convolutional |l ayers (i .e., (

extracting features and mpdtyt ermg efsrsomoimpd g&s i

met hodol ogy is suitable for a wide range of i
i mage classification, Il mage segmentati on, obj
recent i nt e egdriarteinssn oafl t bhbopegol uti onal oper ati



|l earning frameworks, these techniqgues are inc
segmentation of CT i mages. However, the i mp
devel capnde ndteep | earning is increasi[dgili wubei ng
shows how the use of machine | earning in compo
to significant advancempeunttesrT osnce tetnecceffsii e fdy 1 mp
|l earning model for CT iIimage processing of <cor
higqmomal ity data and a neur al net wor k model arc

task from the microstructures of complex mate
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Fi @euirAnal gfsiilsl i ographic data from the Scopus datahb
material *6 (blue bars) and 6composite* material*
represented ()sef at pbertenabhgerumber of fpoarp eerasc ho ny edacr

The main advantage of deep |l earning is that
human intervention and can process sulidqiteant i a
desired results. I't can al sodbmensednab gmage
was previously unachievabl e. However, the wuse

training data, which <camelreata cdhaalal e nhgaet wlhoeens



wor |l d. I n addition, the traicminegmpngcess®epcransn
drawback of this approach. Neverthel ess, deep
more accur atetyyamddeeiviea make previously una:
generation, possible.

1.Gutline

The goal of this PhD thesimpliesmend dcdavevhl ap
technfiogfes magi ng of compositeraa¢éemabési alo @«
and generate more robust RVEs for finite el em
The research sreihbtovsed compioki ¢ e mamnhehmidal s,

l ong unidirecti oHhoane vfeirbr et haeo nmpeotshiotdeosl.ogy may
heterogeneous materials indgémnei &@ahci Eseiwot ke
CT images for <creation of wudsiignigt aelx itswiinmsg osfofda
VoxTex,orAvGewDi ct . This study endeavours to p
i mproving CT image quality, generating period
mat r i afeasstf oand correct assessment roifalp hasss icgan m
in subsequent finite element modelling.

The dissertation is organised as foll ows:
and challenges of CT i mplementation for mi cr
|l earning itserwgedebas mMmaterials investigation
detailed problem statement of the PhD project
described in Chapter 4, along with the5 resul
provides a comprehensive description of the m;

validati on. Chapter 6 S dedicated to the d



preparation of short fibre compabedsed adnmnd fmel
identification approaches to predict their me

di ssertation by summarisingpghentcali evedupet d:i



Chapt®8rate of t hGThastdofmemihamo cgniamg fmarc hi n
composite materials
Mi cromechanics is a field that helps to un

of composite materials by studying the propei

overahavibour of t he materi al . Homogeni sati on
understand how and to what extent | ocal pr op
macroscopic behaviour of material s, afsr ove | | a
such mhpbkANnal gtical and numerical homogeni sat.

engineering properties of «c¢comparsd tfer amattwerre atl et
These maeltdaowmldews the 1 pnlcaptopgattiioms ofuch as st
damage initiatidohi andnodwewvedoemenn. then be us:

composite materials for -sAfeousvapmanoati ons

I n the | ast few deicradpeasr,t incuuteari chad v emelt ehcoadrse
the | arge increase in available computing po
packages. The numeri cal met hods can hagdieeco

mesh generatd ooommut addmnbl det &ixlped e d vaer Watheme
def ormati on[s6.,a7lkumerail yasledmodel |l ing is particul
driven geometries because of the complex stru

There are didgprmremnitmdteiveenn sofofsuch st-ructur
driven geometry, and stochastic models when |
The most widely used approach to perform nunm
repretsiemd vol ume el ement of the ma2ftrahsWwbdbt m

into a finite el ement mo d e | and predict the ¢



supposed to be used when the commoseqgiuei vima e e
homogeneous material with the same mechanical

Il n recent year s, machine | earning techniqu
of composite materials o 8t,®@Tdhemp Iceame nbte euxsiesdt
predict mechanical properties or enable faste
designed to reduce the need for expensive exp
c omp o sTihtee se.4 &aderete vi etwhieoavesti gated deespmpchearsni |
inpaintregpl stutpen awidl Is ebgemiednit gieni susnetdstoad ueca d ho n
devel oped met hod.

The focus of this chapter i s htes pgroe scepntc udr

effective properties orfaycompmoputted madmodgrad shy

perforbonmas€d si mul ati ons: current and upcomi n
experience. Firstly, the prmwmicessi fi hMtomodene &
facilitate fTmithedhamtsalissuseses how to obtain
outl i wmase@T model generation and its | imitat:i
boundary conditions is also provided. I n the s
i nemeshing, designing, and optimizing composi

2.Clurrent c¢ harlaye ncgoensp uotfedX t omography for micro

2. 1Hbmogeni zati on

Mi cromechanics involves the study of the p
macr os coipdrcosaqnapimc scales. The macroscopic des
properties of the materi al and the microscop

het er odeérelihtei easomogeni sati on pr oceensiss eids ddeesvcortief



of the materi al at t he mac rnoasscso,p i nco nsecnatluem abnads
conservatiamd elqgauvas,i oaarsd t he assumption that t

statistically suf fycsdternitbaouftoi totnasp thieteer blgenp o a p ¢

simple case with no rigid incluwhbobh ObDor mol dt6
homogeni setdi eenkaw in ter ms cafn adwe rdeged i dterde sa
i n bifrbg
., £ v g O @
RO
and
e, @
SO

where are stress andmasdnmras anojgjensHes BFreass and st

tensarhsmi at oscolp,oci ssctahhee vol ume under i nvestig
mi croscopic |l evel, the problem is defined by t
and energy, as weclompaast itbhiel ictoyr reegsupactnidoinnsg and c

Accor dihnegvopwBost anhfhipdr emeathani cal model s
mai n characteristics: firstly, the ability to

el ements;esaeabohdty, tptd isttv-ikhsde obhasitati ve r el

at the | ocal phase | evel; -ABaodmtbondtytutheeab
range of mechanical mul ti axiaawol madse. appr maah
creation of such mat hemati cal mesdalnaal gnhdcalh
numeri cal (computational).

The anal yt i ddl)f noebtthaoidnsi ng effective propet

mat hemati cal F ® r mseElusehbe | ebsy] Im@tjdxbo rt yaTea nvhokrai me an f i

10



schgmMe3]are in some cases based on assumption
applicable to compl[eXk4]alrhies catnrad pyitci ccad mproest i htoedss
cation: they have a high degree of approxi mat
phase volume fraction and other physical desc]
|l ow volume fracft20h5%] are considered

Comput at i amtads appeg onumeri cal met hods such
estimate the effective properties of het er oge
met hods can be computationally expensive, and
nume cally due to their complexity and randomn
2. 1XRPay computed tomography

The analyticapparnodchesmereqgalre data on the
reliable representative volume el ementhe For &
provided: ommhagaetasi pa of i ncl u[sli,eolmsu mbenr aralf)
breaks of wunidirectionall l¢’/dmposi Fertoumeedcat

possi bl e twoi zxa eRME kindwildig the physical descri

[ I83Q] but in redenwvempeaerprasedatat i onbeocfontime r ¢
more cdm@magmIhere are sever al techniquesl to
descriptors or internal mi crostructure. One o

X-ray comput e[da8@Dmogr aphy

Xray CT is a unique 1imaging technigue cap
continuities,ut ponpsiatnyd, odihsetrr i ibnter nal mi cr o
destroying|[2.B¢ Blhpecmentemod i s based on obtaini.

at many different angnersgwysX ngampeneécamns nguycth

11



usig computational reconstrhicg)rme Thfe tus@u £d n
the complex composition and strudeturreqafircam
evaluation. Some CT sy shtassresmée ipfaestim cuu hrmeeral syu r seynme
interrupted, i nvolving pauses i n (tthreeeexlpweed)me
where scanning occursi ment i njoobiats Fiysp tva sbsheorutti aelx
the initiation and progression of defects to
more detailed information on the principles of
sci enhcee,r eader|[ 26s, 2Telpfiesr rseedc ttioon i s dedifcant ed t

i maging composite material s.

rotatjon-angle 45°:

lotatior; an‘g'/g'o _—-

(b)

Fig2irld l ustration of a process of CT acquiring
reconstructidm](reprinted from

Al t hough CT has great advantages for 3D

di mensi onal techni gqueast, muts th aasl wearyusc ipa2l3 | MTahkeei nt ai
first | imitation concerns image quality: i mag:
contrast bet ween constituents, i n our <case be
(Fi g 8ar)e This may be the case 1 f the constitue

12



attenuation coefficients. | f |l ow at omi c numb e
i de mttii foinc of fibre/ matrix dda2Be29ldsos madT innaar
materials can have various artefacts that can

har demiigdgr)g ri ndi geer)ef ascttrsealk artefacts and no

a

7

Fi g3irmremage qudl ltmitatabe P)owfw COnttagatsni dwed:ween t|
crack introduces difficultil[ead®iitnh cElaseky ijark hpea rfmice
beam har deniantgh emaeyn da popfe afri br es; en rionh@gtaohef ac

The second | i-mffabebween aamphdesi ze and s
as the minimum distance between two pdhets th
spati al arfdsaltwst itohne a motumat ocdani nbaeg edidsettiandui s
mi ni mum size of an obj ect -5 htaitmecsa nl areg edri stthi anng
[ 3.0]This | imits the pixel size of the objects
within the field of view of the detec#4®00for I
pixels in one di mensi motehtdh0e@R@EGMpll aemgtmane t §le o L
features [@RB] Thiter ssatgmodpeanmen si ze restrict)

materi al s.

When small features are investigsautualdlilsycarhb
be smalfew nehthrthbeas even small er, such a volum
investigation, but extensive additional di scu

specimens to the macroscopic propertiesonf t h

13



w0
[ 3
al
w h
en

2.

ven textile composites, where the speci men
cLe. g. poremawilhdéi st yagonsshabl eyi ofai si al B8

ways possible to usemeTs ifmaogn nsgt atnod aeg xdd mierde
ere the speci men may dre -todsvomuucthi olna rsgcearn sd iinme
vironment

l1QB8alitative and quantitative assessments u
CT techniqgues ar e uswantfiotratbiouen ausad 9 € md n tvs
chani cs of composites, gain i nsight and

mogeni sation models. The qualitative assess

defects duriimagl unsainounf aicntuern aagt,i ons and the

chani cal testing. For a more quantitative &
ocessing to segment the objects of innerest,
eir attributes. The segmentation process |
tervehhéveadi sswassearén detail in chapter 5. :
gdr,e it Iis possible to[&RtHaiameitefor mat iemn aa

xtile composite, e[t3c3 ,jydo]imbnn,uf Acbuei mg sdbef g

md B (36 pbae ae rsi,x)ectrca.c k

Fi gairCeT representation of physical descriptors of

fibre composites; b) a void in a simil

14



and

aut

def

con

ma t

There are methods to reliably identify fi bl
i ndbvedudigmn2i]Tocperdéomwrm such a procedur e,

olution (HR), wéeegquithwal5dbpetxedtsmedadst den

res in high fibre volume ftraohibs momeodit
hods to extract information [f3r7fTqgrB8%hudck mate
ientation usually also requires HR i mages,

ormation frnemtgr eayndscalleudraace fi bre orient
sor [ 8931 ysi s

Thmore complex architecture of 2D o[r4@]D t ex

the following physical d e s csrpiapcti mrgs, - @ roev @
tional shape, et cof fHolwetvween dauamploe tshiez et r:
oscale descriptors are usually used and f il

cul ated wit[h4.bjtiMeerd sexaper bmemigs devel oped to
w population and damage distribution.

One of the current trends i s thRH&4i dennttihfeisce

er s, the scamsnitnug uiss ngesfy@mmmedéeésnonhol oghai
ity CT images. The results obanad nceadn fbreo nu s

damage develbpmesodomenode!l she fibre breaks w
hors mendomanutolwgd s preoclne s s hda@B |]keme of t he
ects cannot be properly detarcatlesdo adguaei nt od uteh
trast, mbdenadtkramplcer,acks may have the heame &

ri x.

15



Even with recent maj or-s aalveanaed-bagwe dhorCdit rl
techniqueo,f tcEa@M notaglbees produced with sufficient
of, for inst[adn3cle, fi bre breaks
2. 1R¥YE generation

The atbolohtyain a highly detailed microstru
di fferent approach to micromechanics analysis
vol ume el ement and applying numeri cataye€Chods
techniques allow researchers not only to creat
but also to calibrateth@eedrvealviedlatpdh yRQIBE¢ERU enaltees|Ic:
the -afrfadlkeet ween r esdlzwet,i ont ansd nsoarneplaeppropri a
mesoscale (towvscladwel() idmrde rmievred ) than at the

Il n micromechanics, the RVE is a volume of
enough toeddecniilve thledhavi our of a[ hleterggeracea
the size of the RVE is scaled between its s
mi croscale and the characteristic size of the
conditLo6nLO, wheries characterlistis bBmper oadnRV
the RVE for each simulation indivicapalolvy .deCam
| ocal-ststaiessfield in thenakiheeson nefesingat edshnh a
f asirle, whiocblogsibobe witHhianhal vmipipec @dlacihhesn

There are two main approaches to selecting
The experiment al apprhoeg di cavotleesr i mgtascus i of
t heex pected or observed microstructure. For <cor

specify in advance a specific RVE size that w

16



effective properties. The onutmear iccoan v padpgpeérjnocaec hs t
During this study, the RVE size is increment
calcul ated for each size unti/l convergence i s
consi stent r eesrueddd st hcea na pbper ocpornisaitde si ze f or thi
Approaches to RVE generationhn2dan be divide
1) datiaen generati on from experiment al c

[ 3,48 ,i4MWdl uding data from CT i maging;

2) gedbmastedy métOh ddvhere the RVE is generat e
mor phol ogy;
3) p Fbyassiecds nmoitcurrces tgreuner at i on, where additio

performed to obt[aG@4]t he RVE structure

While the first approach provides a true,
mi crostructure, 3D imagingatechaciqees( eaqg. j nt
j ustadgtkheexrper i ment al measurement . I n additio
computationally intensive, making it difficul

expensive equi pment.

Geométarsed model s are |l ess detailed and may
materi al , but t hey[ A]nf ore exsaenp | € x twhresni vtehley me
devel opment and experi ment al aaadqiosmetuimo mgi. s Su
models have been developed for a relatively
predicting elastic propertiFe g da. redP ipyesidasr mo el 3
gave quite goodbaesd!| mesdelbstr phhyisi €e seven hi gh

calculate the physics: the kinem@bih¢GT oif md dnien ¢

17



can also be used to calibrate and validate tt

descriptors.

a, b,

Fi gbirRWE generated: a) cylindrical (raptudt2®dsf wo int
b) hwittwi |fla bfreiope i Mts5ged f r om

The -dmatwen approach has become increasing
increasing availability of advanced i maging t
cosetftfective. Ftoe matcehr icadmpoasn RVE shoul d be
mi crostructure and mechanical properties obt a
a good developgmemenoadppheadht aan be [sbeehrd wi t h
micresmadtel | i n§@amfr tuex tdiilrecti op&lL] (UD) compos

A dir ederti vdeant aapproach i s [pRildwdrertredtiheyyMadmr

data to a finite el ement mode-b ysbeyc tsieognnuecnetcionngs tt

of a 3D finite el ement model baskidg@ame d ddlerler
are al-bas eddxrdibvtean model s, wuhsi ecdh ehxatveen sa lvsed yb eaa
good resul ts: one of the met ho[d3Npmrouar[e3gt eaV o
investigate the use of CT scan in combination

me s osfkiad @br) g with this met hodcant hbee naeccchuarnaitceally

18



wi th CTh elieonx & || modal | aegei nember of hnmeoldeenhe natnsd t
l i mi ts damadguee sbamualdat s tome s,s bcuotn ctehnet rgarte aotn a d v a

model bsernsy mesh inmpl ementatio

. ™
o

direction
of injection | .
a, . b,
Fi g6irDet#da i ven model s: a) of woven reinforcements

of fiHdr2ellbdpwef i mpregnated 3D warp i[mtlJerl ock u:

There areapplisoatCiTons for random short fib
di fficulties due to the microscale analysis
considerable variation in fi[p6.2] Theenrget ha raen dw oor
geometrical RVE gen(erraantdoom ,s ed weotwistihmiaRdSsAo r me
but they struggle to gener af @3 sDdamnuavtennr easp pwiotal
have only been develHepsesdmainnggithreieldrans o mpewhgesar
anal ysis of t he i nternal -méecnbetcadt urheer mbd p
i mpl ementing an iterative single fibre segment

of short-rkeasdlor cekidbpel yami de 6,6 composites W

19



RVE with all/l composite components including f
anal ytical solutions and phafnenr i grad diicc tpie mgp eerlwa S
of injection moulded short glass fibrdeinetafo
el emenmatl ysi s of RVE with periodic boundary con
2. 1PBriodic boundary conditions

Another 1 mportant ni & dnee €tlo RiVeE asd chrud sasseéedon o
the application of appropriate boundary condi
Fi glr.e Theofchmdawredary condi t iMamd einu gftobn deidt]i @y
correct homogeni zati on. There are at | east f
Mandel condition:

(f)ull'y prescravwerd tdled ognmaitrie nRVE;

(20)ull'y pstreessi bedtors ;over the entire RVE

(3p)rescri bed deéfoaumrkastr;i on on t he

(4p)rescribed stresses on the boundari es;

(5p)eri odic boundary conditions.

Kanit et AT pumRdOot3hat the use of PBC | eads
predictingeeffesticoempaned to Dirichlet and N
researchers favour PBC for finite el ement an
[ 2,5, 7, 451727 ,Howebv2e r6,7 such boundaries can be
caseasnnot be achieved due to the difficulties
for-b&@%ed RVE is consi d2rl2déd adsmeo stth e mpaotsusri all es
have perfect periodicity, easmpdeacm afl il byr & oaredo M paonsdi

works that <criticise the use of perfect PBC:
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cumber sa@ame ittaslkbyrehnnte iodhedrd |[(lo walver , even in ca
boundary <conadi,t itohnes aaurteh oarpsp Itirey t o use periodi
advise the use of approximate periodic bounda

ot her boundary conditions may give overly sti

Fi ghirEecxampl e of geometry based RVE with perfect p
froml a) anbadPédshirda@amctei nuous composite mioc

There is also the probTlken wde mefs ht etgr shuedr
the discretisation of the most complicated st
hexahedr dg17.4¢¢ Nemehes el ement guarantees a perf.e
approackteigox®l udiscretisation, which i s eas:
calcul ation of el astic pr eppheyrstiiceasl osntlrye,s ss icnocnec
t lye aviagt o0 s me sesethr etshs c o[n7che,n7t6rlat i ons
2.1S6gmenafatCDni mages of composite materials

One of t he ot her probl ems researchers ar
segmenttragiBoet ¢ accur atetyentdenandyfeonbker as ¢
Simul pa7DInMi croscal e mbsdeeg nheinntga trieognuiorfesi ndi vi ¢
i s an additional chall enge when using fine in

smal | fitlkere achidanteow contrast wi t h t he matri X.
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segmentation methods canno[t2 ,b8eHeweVv ey, apbéei ed\

of newer 3D tools is underway, i fJdl@B@di ng tech

a
Fi g8irrenage segmentation of fibre in random short
software: a) training the algorithm; b)
Overall, the researchers foundtaugbaodecmor

of -lCalsed materials and their mechanifc@&4] proper

2.Machine | earning for heterogeneous material s

Advances in computational power and techno
of machine | earning (ML) in various fields. T
computational mat erials sciencl[ed4, i8,n85Madckihn g ec

l earning techniqgues are basedaiompraovceo mpH ems es
automatically and independently by Il earning ¢
perform tasks that i nivootlivee madkri npr [eddRs|rcir g tpit v ev ec

Machi ne |l earning al gorithms can be di vid
requi rements for i nput and out psuupedat aed s a
reinforcement l earnimgesSlpodrvi esadd traammningg di
relationship bet weeh8,9 hwehiilnep udn sanpde rowitspeudt |deaatr

data to discover [pPOf]Sempasr vMindedpelnadamnilyg c¢comb
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dat a, andementnf |l earning uses input data fror
adaptati on.lsjtr ategi es

Machine | earning algorithms can al so be br
deep |l earning methods. Shal | oow |neaacrhniinnegs ,ment ahio\
classifiers, decision trees, [a@lhsimpélkdarni g
| eani ng t obaeacraduss eA NoNf its performance on | arg
approxi mate complistkcaoedsatti®nasdwupmnree[dnpAaNiNi e s

aims to simulate the functioning of a human b

out put | ayers. Deep |l earning (DL) algorithms
strued uwi t hin the hidden | ayers. There is a
di fferent applications, such as <convolutiona
recurrent neur al net wor ks ( RNN) vfeorrs asrei gaul e nnteitav

for data geng€gr9a3t]i on, and ot hers
Despite the very recent emergence of suct
heterogeneawss amalt gdroiralcsonp 8gritmut mviet appaloacmed ¢

mechanicat pregection (homogenization).

2. 2Macnhe | efacomica@gnsti tutive | aws
One of interesting approaches is discover.
met hods handle the increasi nPatdansinpleeaxictoynpaf am

me crhiacs have been developed to construct predi
dat as eitsshowvahsi gafr&, 9For e x an[pdeget, e sLeenteetd aa-.neur al
based approach for approximating the surface |

the determination of the corresponding effec:

23



tangn@mtul us at a macr o[s9hbojpeidc al edveeelp. |Yeaanngh i entg ame
require detadrmpbdsiodlordasconptors to predict
wit hin aba3sDedv omiedr os tprhuacsteu rced oo sauttteovaome s r ev e
deep | ear nimaghetae ;mxh niingpuoerst a n't information abou

impl i git

| Experimental data | l Experimental data l

! l

I ANN input '—'l ANN output |<:i>| Output data |

l ANN model ‘ Loss function

Fi garSec heme of ANN usage for constitutiveel aws to
materials (r3dprinted from

There are also few works devoted t-basédéd us:
model s to train an ANN model for predicting
advantage of obthensage mexpgpediamantramdtf orci ngc
physical constr goBiWandgoet exlamppreoposned a nov
supervised maahedemdealrni wgth cl assical const
maetr i al s associated with pores of different si
computational efficiency compared to convent.i
in the appriomugnlk ntoovndicomnesuvart wti we nlgawat al §dak | a
fuddal e mechanical tests are needed) and di ff]

mo d ¢ 9.9 ]
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2.2Machine flogarfninng e elremamnts eannt alty svies vaorn dt me ¢
The second appaolaicrhe tloeausniinngg mn composit
accelerate FEA by applying ML and DL model s
i mpl ementation, ANN models are trained on gene
to reducetitdie tciom@ut@ne off9@&éhref omomekds sbeyv drealetR
with periodic boundary conditions to generate
model of nonlinear TeHeaput cpavradee el ® bieb@aive e d |
and certain microstructur al properties, while

the composite obtained by homogenisation anal

machine | earningacvaun &@acy taoand mppeed dfhefi nite e
chall enge is that data genetrcatnisounmianngd anso diehle tar
Al so, there is no physical i [nN2.®lr pretability o

There are also few ML techniques for gene

numeri cal simul ations and ot CGadunaelhlGkleesagndf h
a deep |l earning approach to genehatecansbables
simul ations. The authors <claim that t hey can

generated RVEs by adjusting the input data. Tt
f arhset at i sti cal si ndusl.atlinona ovfe rdyi frfeécOeénitte glooaak ¢ d W
deep mat er i al net wor k i nto F EAh osrotir tefwianbf rmer € e d
composiTthees network in this work recognises th
tranenflegr sessenti aln madirep hfoil migtieesel emame nenoated .
accurate andrievéncmeane¢e!| sladamd reduce computati

Kamr av § 1é&te]sadiai met hod for i mprovimsg uganamgge sa olfy
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approach that combines stochastic and deep | e
to i mprove the quality and accuracy of the im
formations. Signiforanhy widd® 3gMhealel sbelyeanqdi
of periodic unit cells FafgLl® epdbruadud hmat greinaelr au

done f oprr eas e2nt artei on of the material due to dat

A Architectured material Unit Element

7 Pixel

Figu@l!l !l ustratwier 8D RMEel(unit cells) generated u
(reprinqtledd]fr om

2.2D8ep | arnsmggent ati on

As mentioned above, i maget EKeEFgamead asi mal ati
composite material s. Fibre detection in CT i
processing. There are a handf ublascefd eoxni sctliansgs i
processing. However, new al gorifthoé,bh@S]dhdven

not yet been widely adopted for the analysis

There are few ope@msesasemgamessittimmsl ofecaraytgweor 0 n a |

i mages, i ncluding [ m®bHd nke d e alrena b0 biPatealsodd t h
exemplary 2D i mplementations[3wdgphaeedon med
uni directional commgoeintt e dwesrn e cerudbyesdficlel y ns €

isitu tensile | oaFdiignugi eo fAnt heex acmprhpeo soift e300 i mag
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gi vehlQ&Jwhetrhe r esear esheegrnse ni £ad tloummogm ams t o
aut omati calniycrdet e3ci fseuabt ur es . They found t he

similarly or better tthhéeh rddhemma s | deadalkict yomwmf dud

"macdienected” human segmentationchdrntomo,gramd.
worth mentioning that the author used a | arge
initial and segmented 2D i mages.

Fibers: 11.9% Matrix: 25.7%

Pores: 13.1%

FiguiEexample of 3D imag8i €Eegmeditiaéeécbinonédl SCcE&€mposit
t ec hn[i3q7ule s

Despite the high devel opment of segmentati
materials science, thaesyseladanexpeliablces3B i m

software packages.
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2. Bummary

Datda i ven appr oiancthhees nteoc hcaanliccuallatpr operti es

are becoming incragsiCilgliys ocommmoonf. tXhe mai n i m
acqgeui3drD data on the internal microstructure of
to obtain physical descriptors for anal ytica
simulations. However, CT i magitmug nhtass wWiitnni tsa tmi c
attenuation <coefficients; possible image art

identificatfobetweénadample size and spati al
the sample to bposhtvesmagaetedl §6or com

There are geometric and physasatl appanache

anal ytical representation of materi al mi cr ost
essential features andatdaanvkaatotel snacaemt atde
predict mechanical properties more accurately
mi crostruct urceo nbsuutmicnagn abned tciomeput ati onally int

One of the chalst @ ngoessimpef suismunigatRVoEn i s t he
boundary <conditions, which is not possi bl e 1

periodicity. The wuse of PBC is favoured by re
produces itahbel emorses uwletls compared to other bounc
remains is a fast and accurate segmentation a

One of the technologies that can as<cihst to
can be used as a highly advanced I magehe@roce
prediction of mechanical properties of hetero

such as mi crostructur e f eat uarned deevteenc t s tooc h aBTt
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generation. Wi th its ability to |l earn from | ar
trends, ML is becoming an increasingly popul

engineering.
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ChapteroBBlL em st atPehnbe nrte sfeoarr cthh e

The existing |iterature highlights that t
potenti al of usi#Wgi Cé&ni mhgragt éor za@itan of cc
field currently faces dilaltloepgesessl £Tedat a tl
mi crostructures to apply periodic boundary cor
Il n addition, there are CT -dfifmibdatweerrs spec itnoe
resoluti bheandcapgesartefacts. The goal of this
anal ysirayofCTXi mages of composite materi al s
mi cromechanics. The research aims to thtoepor
and deep |l earning t or edseoVmétitdpmmmgde naemr altyi svee , s esgunpe
algorithms to prepare RVEs for finite el ement

The thesis prtepemtppradamblptiTheofvestthe ac:t
i mages of the material s, where possible 1 mag
gener atadksobupeon techniqgues <can be wused to
Segmentati on al goreintthinisy atrhee tchoenns tuisteude nttos iodf t
el ement models are generated from the segment
of the materi al under different | oading condi

Andet first objective so@dalthed irepa@iamtcihhng st ¢

i mages of fibrous materials: generative algor.i
vol ume. Thereby the inpainting algorithm can

defects iBsthAadd8bDti maglly, these algorithms ¢
of the material's microstructure, such as ext

structur e.
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The second objectiresoilauttindallgdowp tah ns imghme ircf
i mage quality enhancement of CT i nroafgfesl.i nlihtiast i
of CT imaging technigues, where the acquisitd.i
reduced resolutiomnyandhleowémgoirmdden @qualows t he
of interest with | ess scanmind otuitmd ,nthb wtd uweiitnhg
artef dalchtes appl i-rceag alownt iodn sallpgar it hms for CT in

l®ed to more accurate data analysis and model | i

The ohjedtive is to analyse existing segme
processing. Reliable segmentation al gortiet hms
mat erials. They accurately isolate and identif
such as fibres, matrix, and voids. Analysis o

most appropriate onevdxorarmsdeCQT fiinca giersge ad atha .o bA
and analysis of the different componantiyemf c
prediction of mechanical properties.

The fourth objective iIis toThkerlddeymetnhte odfe e
modi fied inpainting algorithm pdraiywsemm RWH cfiradn

i mages of composite materials afomf ftihmist er esles

component is to use thes imiictrioaslt rQiTc tiumaeg ea nodf, tw
physical description, generate a | arger volun
This approach allows the i mplementation of p
anal yses, whechcbeamdsgeacktasf the computati on:

effective properties.
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By utilizing t-hes dlewteil @peandu@rxeirsting mach

al gorithms, this research enablesdemei dgvabop
breaksresaotvemd -Bygqnehqr®©T romans. Usually, ident.i
| oowe s ol ustiitoun GTh I magesonsgmi ngd mantalmei nspect

enabl ed automated algrorand mmorwe ud fdf iodifeent aalfta
fibre breaks, allowing researcherBhsopantl gke

resealrscoht r otdhpeo s si bl e oafd ampacatbiinea tlyear ni ng model

o

apability to be trained and set up .with one

Overall, this research dirmsenoapaslysilse ama
composite mpoeentl a] awpphi cations in the bro:
engineering: from an experiment al i nvestigat.
simulation techniqgues. The proposed met hods
ef fnitciepproach for analysing CT i mages of c on
i mplications for designing and manufacturing

robust designs.
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ChaptExpdri ment al equi pment studied mat e
4 Ma erial s
4. 1Short fibre composites

The materi al used to investigate the inpa
composite (SGFC) "Constaphtor 1000P", manuf ac:H
supplied by" "LCtod,s t\amltgaolgtr acdo,n sRusstssi aof a pol yph
and has an average ecglwawisshfamravéragem.f obhhel 2d@i
materi al has an average fibre content.Thfe 32 %
mi crostrantdame &asdrhas no perj odvihd a&lhl yi sr etphees
chall enging cabe pamahowasmtutrmeeg. shape of a f|I
measuring 30 cm in diameter.

The choicki bfeacaempositeh wiitthr e v ell amhe vead g
by the need to address the | imitations of <con
with swoh umeghractions. Additionally, random
making it excetedi ngkekptehakcftewalggmmpgmodel maferi a

A second short glass fibre composeéesel UtComms
and boundary condition gener at"i obnt.d,| tV ow agso garl asd
and wastmaedfhlBy injection moulding a mixture o
monoxi de and ethene) and short fibres under p
25% or 14% by volumkO@n@mtlhend iwirtelsmatr el RBEHO e 1
12 ,Om hese parameters wer.d hinsa snatad dspom jueaidizees ma n

in the shape of a fl at, circular table measur
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The0O0OMmE&t er i al has been char dorenrmnnoddeby pme
Skol t eScthe playnw AK otnoetva. | of 10 plates were subjec
providspgciomentensil e, shear, and flexur al t e
pl at es, the orientation of the specimens was

with |1 SO or AIShTeM lIsntsatnrdoanr d5s9.6 9 t est i ng tnaec hi ne

testBuring the tensile tests, the average str
the shear tests, a DI C (Digital | mage Corr el
reliabl e str @anabllschewavsu rt enme mtesc.chani c al propertie
both mean values and standard deviations. The

from the manufactwhreersondygt a esslseédtes properties

TablliMechani cal p P&l arite sf iobfwiett HeodInp orse pet i t i ons of
measur.ement

Compo(scaf{ Matr GI as
Property of var )% fibr St andaq
Tensile elast|{6.24 (\®)0 1.5 70
Tensile stre 73.7 (% 60 250 0
Poisson's |0.44 (N7% 0. 4| 0. 21 IS0 -52
El ongation a 3.6 @%). 300 -
- ASTM
Shear modul [1. 62 M %0 - - D7078/ D
4. 1UBAi directional carbon fibre composites

Two unidirectgloyadar(bdDn fcirtorses | ami nates wer
neur al network training and another for val.

identi Thekhtmatmneri als were obt ai nlgd.3dhuersiengo fr es

crepdsy I aminates all owed for the efficsiemnua | o
l oading rig, and the presence of 90A plies in
breaks.
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The first UDPr ondhdeed afr ovmsprepregs manufact
melt drum winde€O0OCTkharbod08Cbres (Toray I ndus:
Sicomin SR8500 KTA313 epow@dn tagup. The compos

The second UD mat &rabad/0 v#dl -iKad WA fca@ambon f i
(Mi t subi shi Chemical) and proprietary 736LT
(Switzerl and) . wFioir | ajiup masempiralduaed. The pre
Leuvendos coompotlt ée@dacauntdichn@aveo the manufact ur
[ 109, 110]

Mi ni atur i-secgl® tdohuebd et ensi l e speci mens wer e
mat eri al s -juesti ngu tat ewa.t efhe di mensions of the s
specifitastéoag@ieBonding of the end tabs prio
excellent alignment of the end tabs, which 1is

|
I-.‘_I
| <2
Jﬁ",ﬂx 2
|
R R |
| h 7
o, 4
14 14
(a) (b)
FiguZBoutldame®t ched tensile specimen design for SR
itself and (b)) the aluminium end[d@&bt hApéer thi smehne

from Bl sevier
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4 Equi pment
4. 2La&adcal eeconmmpceurtoedphygmegst ems

Two -dcaadlreayX computed tomography systems we
Phoenix CT System v|tome|lL240 and the TeScan

The GE Phoenix v|tome|lL240 CT Syist leen, |
technol ogy, aowé ocubeuwi tlo A80kV and another w
system is ecqhiitpp@BES5MXRhat pdanel detectox with
The system is mainly designed for i nday,trital
can progqudéibyghwmaxygels fsviupdta 2 microns.

The TeScan Unitom HR, i nsmiadrleerdy @ €CT K8y d teau
speci fically -rdeesdlgwnteidonf oandhigdntr ast i magi ng
det ecctabrid6 detector optriemiodead i foor i snaagrem, ali dho
with a sizepiokfel2®d 6t ReBiOt hdet est arplivkfadh T HZQT
scanning and high sampl e thr oughhapnutl Owi & ehc ot nedns
system al sosiitne | lilte sfe@am xip@ali ment s .

4. 2Sgnchrotron radiation computed tomography

This study obse@s nddt dyleiBsrbddiitteu ety nalhr ot r on

computed tomowasapwgehl & RTCONCAT beamline at the

(SLS). | t -t baeritd etse cshtnaotleogy and sciderstirfuicd i & ®
higlkesol uti on, guantitative investigations on
radi atoromtbiacdsddd and phase contrast I maging ar e

with isotropic voxel emiizresam aemgedrbgykfervomg & . Af6 ¢
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4 [Bat aset s
4.3Short fibre Cnodmppoxseilt e at 2. 2
To analyse the frldYOtPdCc maiteeue ala byyIXi nder

mm height was cut from the materi al using a
compression Tmoal @E dPpdaniex CT systemubeguiwppe
used to acquire CT images of the SGFC at an a:
220 OA. The scanning process involved 2400 pr
for the detector, and a cnoarmobddagbnsuonr dtwanr gghest a myal se
optimization of CT scanning phasedhenanalagsiag
ot her compoan tteh enas e&emBhasd (gaia mpnleert was scanned at
em per pi xel, ergasonnl tohg i hnherast (ROI)3® size
(13201 1328%I1.3H0Ove@er, to overcome the high gra
requirements for-réseputeanniscgnef (mbgh det ai l
i mage wasd dowesnsicdre gli xpeilxe( 3 per fibre diam
interpbhias i downscaling was employed to reduc
manageabl e for t he desephditghat nong smadsel can de
computlatrieosnoaur ces. The use of bicubic interpol
ability moorsepeotthatei sually coherlema prroames stead

i mage was reduced to %andirzepoFisggled0DNh900 pi
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Figu3€T i madken fromotf hé 1X9 0 pllaanmeart efraatiur ed by pr
moul di mgemaarded f or deep | earniamg pemrmralpy xledt wionh d

4.3SBAort fibre conpmo/spitxeelat 1.0 and 4.0

To investigate the microstructurispaefcitmee
was extracted -rapg dansaulbyjseicst efdort ot hXe pur pose of
TeScan Unitom HR system wasr adgadllutsiean t®T aicmaig
specimen using identical source parameters, [
curremat @A, and 3000 projections with a dete
projecti or.s plehcei nseonu rdciest ances for the HR and
mm, respectively. The rectasmgplkar pspetiame ROWL |
size of 1984PFPfl8dS8HROVagexseandd 049 alR46 Yie4a9 D opih
same physical di mensitonBhe fHR 98md 18R 8tlolmorg2r aduh
i #FRi gl4eTo ensure that the same features were
by the same coordinate system, the 1 mages Wwe
transformation ulsih3]ThesagelCLTsomagyase were use-c

structures and-riemmpll aurhé motn taH g ogu @ ehrm.
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Figu4€eT i mage of A1000CO materi al prepear @d xedbr de
resol ubtR owdigmhp)irxeelol uti on.

4. 318itu scans of wunidirectional composites w
The dat&®3sdetu sfcans of the UD carbon compos
[111Har b&yrief description of the materials anc
data specifications and access, the [rldaBdckr s al
[ 114]
The dataset utilised i nsdpadrsatsd ullera mtaismed t

the TOMCAT beamline in Swiss Light Source (S

measurements were conducted coll aboratively b
Sout hampton. | NSA Lywowprersci bihbofr i tghhee uti eanxspiean me
on t he0Of034composite, and continuous scanning w
[ 116]l n the second beamti me, Lund University &
Deben CTH500mpeesisoon rig was used. However, o]

analysed in this study. The pcoarEd GlkEeoswod meé i a n

i mages -lnduddedeprimduced Adattheo u galla n(dTan éONSJC)ad N so n s
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were obtained from a single speci men, mi nor

magni fication occurred due to mecdhlalidbadale adj L

describes all the essenti al acquisition param
Tab2iERCT test and scan par.ameters for different p
Purpose Training set, stationary Validation set,
High-resolution| Low-resolution | continuous loading
Material T700SC T700SC 34-700
Sensor size (B 2560 x 2160 2560 x 2160 2016 x 1716
Sensor pixel size (um) 6.5 6.5 11.0
Energy (kV) 15 15 20
Exposure time (ms) 250 80 9
Microscope magnification 20x 4% 10x
Voxel size (um) 0.325 1.625 1.1
Number of projections per 2000 2000 1000
volume
Propagation distance (mm 30 100 60
Displacement rate (um/s) - - 1.4'1.6
Number of volumes 1 1 17
acquired before failure
Testing time per scan (s) 500 160 9

The GridrelcllaBlij]gtnoiut hnpti cal di stortion <co
reconstruct-baded atbcrmo prt ammyand noanevdladlwt ioomre Vha l

of the T700S®rseppeacriende nt owetrseali mt t he sepreal net w

in Section 5.2. Due to high memory consumpti ol
to create a |l arge training datraesseotl u(td eoen d ertaag
regi stered and interpolated to have a scale f

upscalindMoofeoer, the T700SC LR -B@@nLRascands$ L
terms of average grey scal e avgaelsu evser ec osndlreacstte
| omwesol ut i on -7s0cOa nssp eocfi miehne wBi4dt h fi bre break dev

for fibre break anal ysesobhotdiovaerafpgoatibm. off hi
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taken at diffemgentinsttagaéeés (% Il oad,i, where 100
speci men), intermediate | oad (75% | oad), hi gh

Figubld ustrates the prepared i mages.

Figuflkellustrations of middféesleintesnadoferti e sCTnsdai
a)specbfMm&0 OnsaCt eirni aakr ds glhuti on scan (o0T.7302055SOm) ; b
mat eirnLa& can (1.3 OwmB;4 Ocha t xipré @ar mlesscol ut i on scan (

Tab3dpe ovi des a summary of the datasets used

purpose of -rtatye edqauti pameetn,t Xt i Il i sed for scanning
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Tabldi&ummary of datasets used in the research.
Namd Mat er i PUT DO Scann|Resol ROI s/ Ref
P equipr On/ pi om®
Short . GE Pho 1320|112
100cfibre c Inloallrv|tome 2.2 13201
Short TeSca 19814 -
1000fib|0€np0 SR, P Unitomn 1 anfti18a8i
UD car SLS 0.325 258I|[11
T700fibre c SR synchr| 1.62] 10401
UD car| SR, f SLS 4931 |[11
340 fibre clbreak ¢{synchr 1.3 11431
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ChaptRachine -beasediingmage pr«&€dessnage@ sofof micomep:
material s

CT imaging is a powerful and irreplaceabl e

mi crostructure of materi aln8D Hmwgeeprothbesl nm

' imited the full potenti al ofntCTy eaanrasl,y smasc hafn e

techniques have emerged as a promising solut

al gorithms for i mage qgual ity e frleasod eurh @ otn, a
segmentation. This c¢haptdesr adnids ctuhsesiers vtehrei fdiecvaet
potential to greatly enhance the use of CT i m
5.llnpainting: 1image restoration and generati on

The description of the inpainting mwetrkods :

of Kar armdua 94t al

5.1 0Introducti on

The first objective of this thesis is to ¢
composite material s. l npainting is an 1 mage f
mi ssi ng oar edassmaignedan i mage while preserving i

algorithm can also be used to remove unwant ec

originated in the field of art rest ertatrii nny,
damaged ph20Biengsal mio et al. pioneered the coc
[ 12d8ldd now these methods are widely used in cc

devel opment [ A22 Hhenti oypyeaandainngenthance the CT
materi al . Section 2.1 of the Iliterature revie

has progressed and how new methods have been

4 3



el ement model pai At gpgetrtaodli veor nCT data can hav

such as artificially increasing the size of C
finite el ement model | i ng, geespatciorup !l ede mmide
mani pul ating the materi al mi crostrrmayctrumeg iod b

hardeni nglida®t7rgf act s

|l npainting techniques <can be <classified i

| e arna snegd met hods. tOnap mrfoatcthes edrol iiemspai ntin
algorithms, which generated smooth i mage part
to | iqui[dl 2dli,fifAu8sliuornt her br eak-bhsedghbheqgamet wal h
al so knempbasedxmet hods, which find the most

i mage to fil[ll2%,el @ \sesvienrg, ptalreéese met hods wer e
i npainting and are not easily appkdcabl @Dt sl B
of CT i mages, tthelyi ccentromdorc®i sstleinccei es i n th
randomness of the sequenti al algorithm may ge

in incomplete structabkegktoeraaponrithgtpast ent

struggle with compl ex | magesmatseurcihalass. i mages

Tabdlses mmat heeadvantages and | imitations of

I n the field of image synthesis and proces:
progress. Compared to traditional techniques
pernfaonrce i n terms of under st and[iln3gl |J€ direv oclountcieopt
neur al net wor ks ( CNNs) and generative adver s
Goodfell ow et al . i n 20-b4  heematr e me twhaord sotufsy ri cnoangs

rel at ¢ di3ltBads]lk s
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Tabdlienpainti.ng

met hods

Method Benefits Limitations Application to 3D Ref.
1) Limited to
< 1) Easy to
g _ elongated areas No
o o implement (only ) ) )
g | Diffusion ) (lines). implementations | [121,128]
=3 one equation). _
= 2) Not suitable for for 3D cases.
c 2) Fast '
L complex images.
c
“E’ 1) Robust for 1) Only for 2D case. | No
S Patch | simple and 2) Not suitable for implementations | [130,135]
textured images. | complex images. for 3D cases.
N 1) Requires labelled
1) Identifies data | Scalable to 3D
image dataset for _
features. o case by applying

CNN . training. . [133,136]
5 2) Suitable for o . 3D filters to the
@ _ 2) Limitations in o
o complex images. | _ initial image.

2 image generation.
©
g 1) Designed for
c . .
= image generation.
g 9¢ 9 1) High-resolution .
~ 2) No need for . o Straightforward
[} image training _ [134,137,
S | GAN | labelled data _ extension to 3D
requires large GPU 138]
examples. CNN.
memory.
3) Works well
with a lack of data,

Deep I|-basadngnpainting techniqgues have dem
particularly [ilnEl%ANh]leHo2wDe vlearmaitnhe emer ging fi el
and inpainting poses new challenges, such as
GPU memory, which make-rietsodiuft fiiocnuldtattao Ramraetlne

poteontiahefdevel opment

shape

i npainting

of

of

45

scanned

met hods

r eal

fpL4SPL1EsS e

objects
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n c
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[ 147]and 3Mdeemdedergener ati | d}8dlvheerssea raipaplr onmecthvec

suitable for images and are currently I imited
used for various applications [39,40]. Their ¢
mat erials r esrmaigmd etdo be i nve

The research community currently faces a cl
3D image inpainting, particularly in the CT
met hodol ogy that has been mbheawealioaded famrd GT si ne:
been demonstrated on random fibre compesites.
decoder generative adversari al -rmeltamvoa Kk s-amdc dp h

related metricohetbbpecafeedemaveni ate to asses

di fferent neur al net work architectures were d
of generation detail, algorithm performance,
moael s are not intended to generate singul ari
(however, the models can be adapted to genera
5.1.D2ep |l earning for image processing

This subsectionammaadvioche onfa hlowi edfee@x dlear ni
i mage processing, to facilitate a better wunde
| maging system problems can be solved usi
techniques. These pr aYtbleans woeabtsd isha pe s l@ant eo po u
which can be vectors of feature measurements
initiadandnatglesi r cordaerspokmowm, ra&msd |l mat hemat i

approachbe represented as a [arpm8d8}lic recons:

4 6



d

Jugtr-HTH T Jo.Rp . | P ?3)

1 ol
wher ehY is a training set o f i mages
respecgtiisvelhye;, set of akt)tthreaicmoash!| & upnarta noent etros
bet ween the input Qafidhdesegeldaoiuspuitoniamgnct i ¢
of trainable parameters. Thd QikEpbeembhi mheeo
of <cost and regularisation measures —atrose ti
al gotYi.t hm
Deep |l earning al goarrittihfnnsc i prli mmaeruirlayl unteitlw oz &
hidden | ayers with the abiFiigthy etFoeral deearrsn sfeeeaktiu
fundament al understanding of neur al net wor ks

[ 14%]r further i nformation

~Q ] AN,
AR N NKET

N QAW AW

Fi gué6Aanxample of an artificial neur al net wor k wi
neurons each and one output node, overall b i
The number of parameters of deep | earning
optimisation of these parameters is wusually |
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modi fications such as backpropagati on. Dur i ng
propagated backwards throughciti®nlsapet sseeand e
updated proportionally to their contribution
performance. While further elaboration on the
of this work, readfe¢dsbtid dseéimooer agenpprtedrensi ve
5.1CBntolutional neural networks

One of the most robust examples of deep | e
net work (CNN) which was {§é&e3d8lL apRBYd DomVvVbohagernp
the core component of the CNN and serves as &
fully connected feedforward neur al net wor k |
organi sed intosigfeapspdaf)lv a8 Hade ltcainn over |l ap, ar
connected to the nkEeiugb®e ofThtehegroeyts laaywercohr
"par amdtngr shaarbBiwhliee e t he coopareametnarn 1 g( mewal
wei ghts) are constrained to bl édguab Mo each
0). Matrices of these weights are referred to
a specific feature of the i mage (straight | in
and increase its perfeoerssmabjcect ecsupl Hdpinmeeao
sigmoid, RelLU). I n practice, to reduce the di
i nput dat a, after a convolutional | ayer c¢come
maxi mumage awaéwe from the set of neurons.

The feat dbdSe]lomadesd by the convolutional | ay e
convolutionaltbegmnesnsrvéeé agertherfinal l ayer , r

| atent spacveectTohri si sf ematauampr essed representat

4 8



i mage for the speciFiigUhBCANNT AP ek is eCaNeNr d taemi U sl eeds
a network architectur@,Yilaepntdaeemtod adimeat wdr ke g
one or many —CépNs¢e¢semhs | ehe weights to be | ear
on CNN are remarkably diverse with respect to
of the numbteiromd!l cloaawerls, filter sizes, nonl ir

can also be extended to 3D applicati o[nls5% ]y co

pooling
nonlinearity
|
convolution
input

|
receptive field

a'I
conv X2 pool
Lconv
A x2 pool Lconv
f x64 pool
EJ» s
— ~ —
& H 128
; 32
input feature map feature map feature map feature vector
32 filters 64 filters 128 filters 128 features
b,
Figuif@é&raphical representation of convol uti
a) basic el ements of neur al networks in .l ayers;
5.1Generative adversari al net wor ks
The use of feature vectors, which contain
regeneration of images as cl ose as possible t
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deconvllb56iDeerep convolutional nsat dreulgsg | vei ttho a erg
i mages correctly due to difficulties in selec
obtained r & bt 3m s ftnuoinvtildd yci rcumvent these dif
et [dl5p/rloposed a generati vet haadtv eopamratad s nweitas 4
process and consists of 6G)woa nstle @ahmea et nyauidad I]:y t
i mpl emented by deep neural networks. The gener
as close to thehodiegitmal dascpomsinater det er mi
an actual gr oundenkiuglhBea aa(nads etthei r pur pose i s
ot her . During this adversamnminal cpmddmensasnc £ f eh en
abilities to generate and discriminate.

The optimisation of GAN tr atipnlaabyleer pnarna nmeatxe |
theory: the optimisation process stops when t
the discremchda®@8iVaariemurs GAN model s have been
exceptional performance in diverse applicatio
faci al attribute mani pulla3tdijJ@ANs amalvbae ngradrusdait ntd
and powerful tools in many diff equwalti tfy erl alssu Idt

variety of tasks.
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Real N Real backpropagation
images sample

Discriminator loss

Discriminator

Generator loss

Generator

Random input

backpropagation

Figu8Example of generative adversari al net wor |
|l npagd nGAM model s were initially developed
met hods. One of the pioneering works in this

predict pi xel s based on contdkexcdaddr [m3mdglImanda
Subsequent research built upon this approach,
maskls39pl obal and [&@88kndli saotiemir add toals wa It gro rt ihte
[ 142]

Al t hough originalley,dehel ppecdccfi @d eZD oif magp e

architecture of inpainting GAN moddilnse nnsa koen atl |
cases. Recently, there has been growing inter
of GANsrfaoi nge®® shapes and i mages. For instal

l earning model s for t[hled 5,nlpdaBi|nite nat hoefr sp ohianvte ¢
met hodol ogy to the task of inpdi4Bii nige 3Dashap
a 3D edhewmaddker GAN was I mplemented to generate

working with 3D data require a | arger number
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memory. The reconstruoved sbtagprgm | weqger femt heon
net wor ks. Subsequent research proposed a 3D G
address the issue [0I5%] gh GPU requirements
5. 1.Dvel oped algorithms

I n this study, deeuwtilleiazend ntgo tgeecrhenri agtuee sn ewe r
i mages. Specifically, a GAN model was -eampl oye

generator and a discriminator depheReghbdeat ect u

A4

\\

\\
Ground truth Sample of \& Real
images true image — » Or
latent F
P ake
space
\L Discriminator
” _’ /’
Masked Sample of
images . Encoder Decoder . generated
(input) Generator image (output)
Fi gu9Encoddeecoder generative adversarial n@tTwork a
sl i ceosrtoffisbhhre composites

The generator eimpltdye ddAINNn mollied study consi
namely an encoder andrFiaglud®eccloldewi, n@sanl émpitnriad
neur al net wor k architecture and its hyperpar

convoluti,onianl whaiycehr sneur onsanmnwkrtr diorcead | tyo ciod &

features andnoat petattwuhe map. The weights of t
were optimised during training to iIimpr-ove th
linearity into the system and facilitaWe | ear
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nonl ine

activat

and eff

for eac

ar activation fund¢tlicibgakvpRelethpl ®yeldods e
i foonr fiuthc tdboinl ity to prevent the vani shi
icienaddraianngbatch normalisation was

h batch, thereby increasing the stabil

net wior&klJFurt her mor e, t he archit ecotluutei omaad d wag
[ 162which utilize sparse filters to enable th
of parameters. Finally, the 3D image features
convolutional | aytert,o wthh & hd sceadreerd. as i npu

The decoder component of the GAN model was
from the features stored in the | atent space
constructed symmetricall gsed BbPecenvobdetionohf
|l ayer s, ReLU nonlinear activations, and bat c!
component activated the output by wutilizing t
the final valtuesnerefWwitfhhnstwas done to mai
data range of the original i mages and to facil
i mages.

For investigation purposes, threa géemeéid atr o

structu

re but differing in depth and the numbe

as CNN3, CNN5, and CNN7, indicating the number
Deeper neur al net wor kser suacms iade CANOon wehewaV
GPU memory requirements, coupled witbduhiangdgdwar

t hi s rTehsee aarrcchh.i t ect ure with the highest compl e

GPU memory, Nhlpamk |l yevCe\n convol utional | ayers b
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detail ed parametemps ecfe ithledie Tar oltbit the amoudrea: , &rileél o
7 to 10 |l ayers were removed fsrpoant eC8bN® [s2i bzées ul t
(with a convolutional | ayer stride eqlhiiadurne or
20 sA mil ar approach was taken to derive the ar
L 333kernel o
333kernel with
= 2 21212di l atation rate
o dilatated
© 3. c o 8 4. )
© A/com c o BDv > c(i:lolaslte_ate(
c
) (161611281 B1B1H12¢88i25eI88i256
© (3P3D3 )6 //
o \ .
number of filters
@ (6 16 16 i 1
c 6 7. 8
1) c o 8Dv dec
- —> ,
@®©
1 (8788256 (81818)256(88/8)[256
13
= 12
i d 8D
- dilatageds 10ddelclaamtva1tleddecmn ec \%
o 8. dec 8y
z» A
O (8825680818256 —
(16161HH128(16161H128
(3230364
(616 6 A 1
Fi ga@¥i sual representation of thel ade$ti gpetdutre pf
64164164 input i mages.
The discriminator i n the GAN model was de
classifier with a different number of convol
di scriminator structures were 1 deontuitciaoln aflorl aay
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CNN5 had 3, and CNN3 had 2. Each | ayer
nor mal i sati on. The final feature map
predicted whether the i nepnuetr antaesd abny otrhieg igneanl e ria
Al'l convolutional and deconvolutional
"same" peaeddilmg ewas The number filters
that did not wuseblaedifnrgdme Isayeardet,o Waasy elro,u st ar
of the | aydadbl are | isted in
TabSli®etailed parameters of the CNN7 generator
) Layer Input Stride Activation Output
The generator

1. Conv3D 64x64x64x1 | 2x2x2 | LeakyReLU+BN 32x32x32%x64

2. Conv3D 32x32x32x64| 2x2x2 | LeakyReLU+BN 16x16%x16x128

3. | Dil.conv3D | 16x16x16x128 1x1x1 | LeakyReLU+BN 16x16%x16x128

4. Conv3D 16x16x16x128 2x2x2 | LeakyReLU+BN 8x8x8x256

5. | Dil.conv3D 8x8x8x256 | 1x1x1 | LeakyReLU+BN 8x8x8x256

6. Conv3D 8x8x8x256 | 2x2x2 | LeakyReLU+BN 4x4x4x512

7. Conv3D 4x4x4x512 | 1x1x1 | LeakyReLU+BN 4x4x4x512

8. Conv3D 4x4x4x512 | 1x1x1 | LeakyReLU+BN 4x4x4x512

9. Deconv3D 4x4x4x512 | 1x1x1 ReLU+BN 4x4x4x512

10.| Deconv3D 4x4x4x512 | 1x1x1 ReLU+BN 4x4x4x512

11.| Deconv3D AX4Ax4x512 | 2x2%x2 ReLU+BN 8x8x8x256

12.| Dil.deconv3D| 8x8x8x256 | 1x1x1 ReLU+BN 8x8x8x256

13.| Deconv3D 8x8x8x256 | 2x2x2 ReLU+BN 16x16x16x%128

14.| Dil.deconv3D| 16x16x16x128 1x1x1 ReLU+BN 16x16x16x%128

15.| Deconv3D | 16x16x16x128 2x2x2 ReLU+BN 32x32%x32x64

16.| Deconv3D | 32x32x32x64| 2x2x2 tanh 64%x64%x64x1
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Thediscriminator

1. Conv3D 64x64x64x1 | 3x3x3 | LeakyReLU+BN 32x32x32%32
2. Conv3D 32x32x32x64| 3x3x3 | LeakyReLU+BN 16x16x16x64
3. Conv3D 16x16x16x128 3x3x3 | LeakyReLU+BN 8x8x8x128
4. Conv3D 8x8x8x256 | 3x3x3 | LeakyReLU+BN 4x4x4%256
5. Flatten 4x4x4x512 T LeakyReLU+BN 32768
6. Dense 32768 T Sigmoid 1
During the training process, the generatc
adversarial |l oss functions, the discriminator
function aiemetdh atto tehmresugener ator correctly cap
i mages, but it also has the drawback of mer gi |
the output. On the other hand, tReoadtvemucarn oa
one specific microstructure type with pixel P
real[ils3t6i]c
The mean squared error ( MSE) was wused for
minimize theiaseerageo®rpi xel
6 7 06 @ f ©

MSE is often preferred in GANSs for its simplicity and sensitivitgrimall errors, making it suitable

for fine-tuning the generator's output. It aligns well with the GAN objective of minimizing the

discrepancy between real and generated data.

The adversarial loss was implemented using binary -@ogspy by adapting the GAmin-max

optimisation method. For binary cresatropy, each predicted probability of the discriminator
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output was compared to the actual class output, which can be either O or 1 and can be expressed
as:

0 Mgzl T@0 1 1@ 000 h (5)
whereoais a corrupted image of ground truth imagef datasef], and\ 4 7 denotesexpectation
over all the population imagesin X datasetD is the number of pixels in one 3D image, and
and "'O0 are representations of theth pixel of ground truth and reconstructed images,
respectivelyO t is the output of the discriminator netwoi®t 1 the generator network output.

In the GAN training, where the generator and discriminator were trained jointly, the total loss
function was a combination of the reconstruction and adversarial losses, weightaad_
respectively:

0 0 0 8 (6)

5. 1.DlAata processing and i mplementation

As described in Section 4.3.1, the GE Phoe
speci men made from tdhempgogiste-Cahil@mamigd astsai n &
resolutdmomeof p2.x21 and a pixelceizvespdn@DAH60D
scanned volume of3 13HdOWeNE2QTl 3d9e6elp eGre buthi og o€
required a GBUgmewmmoynt Tohé&CTe fiomaege twaes md «wros C &
em per pixel (3 pixels per fibre diameGTr) us

i mage was reduced to %hosimerefeBODEBOEAT 9PDoOpE

To preparei mg tdat aset for the neur al net w
30013001900 was utilized. The i mage was repr es
normalised to a range of 0 to 1. The ¢sainin

ground truth (true) and masked (input) vol ume
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truth volumes were randomly selected from the
generated by applying a m&as$lk whierhdgat rsuitzhe voofl
Specifically, a randegm amd £k rodgitcre o oweer ivnogl uc
repl aced wtlt.h Tahiwalpuweocefdur e enabl es a conti nt
i nput 1 mages, resul tgiemngerian ian gr dbruasi tnianlgg ooraiitrhsm

Python 3.8 and the TO®R¢oeFluowl 2z8df t @ame wmeH
|l earning architectures. The model s were trair
stochastic grefiséftdr dtersaciemnablseolprar amedd. erToopt i
facilitate the training process, a batch size
Fol |l ofwli4ngg]t he | ossandeiwdhrtes set to O0.pexTiaedyO
Typically, the discriminator requires |l ess tr
data is a more complex task than dlis§8717.nlgu@]s hi |
ensure that the tr avansi ncgo nppaacrea bolfe ,b otthhe nleetaw onri kn:
and discrimindand® werespwbt chetd g0Dermines the a
the weights of the neural networks are update

We al so pertfraarimead ga pfhrec gemee avoor, which c
training steps. I n each step, we used the algg
fake 1 mage pair. The weights of the discrimin
portionsh oifn tehaectbaittcer ati on. I n acco[rld@adhwe wit
restrained the training of the discriminator ¢
and fake pairs. Specificall y,edwe tad mlny atcrcalirmed
90%. The generator was trained to regenerate |

would classify the generated I mages as true.
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without trainingWeheraisedi mheatGAArN model s un
reached a plateau, with a duration of about 2

5. 1. Validationr enat endateriitae¢r i a

From the processed CT image, five wvalidati
val i dation procedure. As these volumes were no
their features were not considered in the tra

To assess the quality of -wemled aseenanil amers

empl| pyeeak -smghak ratio (PSNR) and physical me

(di fference of mean degree of ani sotropy) anc

di fference, degree of orientation and cosine

Whi | e MStEe se vtal eu al ev el of distortion in the
i mage during the training process, PSNR is a ¢
of i mage quality. :The formula for PSNR is
0 "YO 'Yp 1ti | (;M ¢ Tl 1 aﬁ )

L YO Mo YO

The watbuepresents the maxi mum value in the
normal i zed i mages wused in this paper. A highe
guality.

To calcul ate the physical metricsiehtaodompa

di stribution (FOD) and the degree of anisotro
[ 3]l thin the VoxTex software developed by KU
extract physical-r emgodohl ubDE60 eiveadg, éslbaB4g 40 w

Fi bre orientations are descraisbFadg2u(sg anlgara s
ceand az+ammghas) BBemealti as tensor s, an effici
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FOD 169]Secmada@r or i entaant iaosns etnebnl syo rosfemfionmda nv i Weas a l

represdéeret ed sicmet i zed form

o P o Y L
w T w - h
: L ®
Whedmes a UNit Ok enif@t i OEIAVGDOEHOEITMAT-O
[ 169]
>
Y
a) X
Figai®pherical coordi)natre ensitsaattemn angles of a si.
the fibre; (b)) €CToscamsecls$o®dsf of eanliilcrmsometry: ma
shown+ a(hg) e can be reamnuwstructed from
Thr esmees were used to compare the orienta
degree and cosine similarity. The orientation

the tensor di fference measur e:

O SRR 9)
To compare how different the generated 1is
original distribution, we use a measure of or

normalising the dfartglestoreii gretnavtailure tensor :
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o o
ooc_ o @p
Finally, the cosine similarity can be calc
vectpaag)X for the investigated or i erbteatwecem di
these mai:n directions
Y osrirs SANG (11X
5.1 Results and discussion
Neur al networks with three,réfeeredando seayce

CNNG5, and CNNZ7, respectively, were trained fo
The decision to train for 24 hours was driven
and adversarial me maiges quanh i pyatceadt i whieket o i
ensure an equitable comparison, an equivalent

and CNN7, despite theiThedmesnnseuaoprdeeregence (!

decreaneduscsdrytiduring training until it reache
CNN7 was stopped i mmediately after reaching t
for some additional time on the plateau.

| Fi gRPetvhkeidation i mages with masked regio

resulting inpainted iIimages generated by the t
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Mask Ground Truth

FigaZ@entral slices of the regenerated validation

| ocatiporesdoml nant ; fRprewdi detteoant fibre orientat

4) hori zdretndlatfiiolnr;e 59r cavity. The wvalidation i mag
pi xel size was 4.4 Om.

Each row in the figure presents five examp

in the materi al fibre direction; 2) fibre o

6 2



orientation; 4) prevalentl y thortihzo rstiale foifb rteh
model s take | ess than one second to generate
A visual comparison of the inpainted i mage

t he CNN7 with the deepestt acaclhr dtee trua eco mytordwat

i mages. The inpainted regions of the corrupt e
surrounding context. I n the first example, th
to matchhehosegohal i mage. I n the second examj
the | ocation of the fibre orientation change.
were present, the CNN7 architecarnd eorsiuercteastsif ail
closely resembled the original i mage,Miwiotrh no

artifacts are present at the peritpheptyi noafl tt

smoothness i n tHeweorden thansiastoexampl e, wh
not contain any i mages with a void of the sam
the void with fibres, resulting in an image t

Alt hobgehneur al net works with fewer trainab
mi ssing regions of the masked vol umes, t heir
architecture | acked precision in fi bulearslhya pien
situations -tbaptewenttedinidrert he dataset. For e
model produced fibres with incorrect diameter :

CNN5 was able to accuriaomedy Sidminitardflyy  t wiohd i ON
similar visual Il T mitations to CNNS5, but to a
mo d e | was unable to i dentify orientation pat

addition, u@NIN3 owage nfed at e significantly fewer

6 3



ot her amoddedlsso the i mage quality of the gener
CNN5 and CGNMEver, it is worth notingctthatel al |
inpaint the cavity with fibres i n Whhiel & isfptehc iefx
evaluations of GAN performance on RVEs of wvar
t hat generating | arged RNESemag obRadr tiof achei
to be more pronounced when using smaller neur

When consi dgerliang di megea i cs such as MSE and

the simplest neur al net work architecture demo
3). This can be attributed te ddhescfraeot ntahatr i
provide meaningful feedback during the traini
on reducing the overal/l error, which may | ea

modes, while ignominigettjesc@embhpkof

When comparing physical metrics such as an
t hat oCUNtNpfer f orms t he CNN3 and CNN5 modeslkse.d Cor
vol umeragionorof i nteeatealda b iR @CIN)N,7 @& hiaba@it age er
relative to the ground truth of 0.4% and 2% f
orittinamm tensor . I n conteapbndiong E€NNGEGrsthaere ]
degree of anisotropy and 3 %ahthd Xbothnsfiodre rtihneg or
generation scenarios such as the fourth and f|
in all physical metrics for CNN3, particul ar
ani sotropy errar tihanfitvheatt iothe sCNMNi7fTgheand t he o]

43. 8%.
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Tabelival i dati onr alnalt endht emiitaedr i ag eonfe rMaug & @ 1 mafg eisn taerde

ROI
( Critezia 2 CNN3 CNN5 CNN7 CNN3 CNN5 CNN7
£ ROI ROI ROI
i
MSE 1 0.0163 0.0201 0.0210 0.128 0.157 0.160
2 0.0144 0.0192 0.0200 0.113 0.151 0.154
3 0.0195 0.0233 0.0233 0.153 0.181 0.178
4 0.0190 0.0233 0.0242 0.148 0.181 0.184
5 0.0208 0.0215 0.0269 0.163 0.168 0.208
avg | 0.0180 0.0215 0.0231 0.141 0.168 0.177
PSNR 1 35.74 33.94 33.56 16.85 15.06 14.67
(higher is 2 36.80 34.32 33.98 17.91 15.43 15.09
better) 3 34.18 32.65 32.64 15.29 13.76 13.75
4 34.40 32.67 32.34 15.52 13.78 13.45
5 33.65 33.36 31.39 14.76 14.47 12.50
avg | 34.95 33.39 32.78 16.07 14.50 13.90
Difference of | 1 0.53 0.47 0.10 0.92 4.83 1.67
mean degree| 2 0.53 0.97 0.49 0.63 4.92 2.45
of anisotropy,| 3 0.11 0.60 0.40 1.48 7.20 1.35
% 4 2.85 1.15 0.79 13.57 2.72 2.46
5 0.19 1.31 0.08 4.74 8.47 7.62
avg 1.00 0.80 0.45 4.15 4.92 1.98
Orientation | 1 2.01 2.35 1.54 135 17.5 9.4
tensor 2 0.41 1.67 0.91 2.8 14.2 10.5
difference, %| 3 1.81 2.34 2.31 14.8 21.1 16.7
4 5.80 3.84 2.97 43.8 27.8 16.5
5 3.82 4.65 2.71 25.9 22.8 15.2
avg 2.77 2.97 2.09 20.2 20.7 13.7
Degree of | 1 0.013 0.001 0.001 0.046 0.007 0.003
orientation, | 2 0.005 0.025 0.015 0.046 0.148 0.206
% 3 0.030 0.034 0.011 0.227 0.322 0.210
4 0.089 0.050 0.022 0.563 0.292 0.161
5 0.013 0.034 0.002 0.085 0.027 0.071
avg | 0.034 0.027 0.012 0.221 0.192 0.145
Cosine 1 0.103 0.086 0.042 3.89 5.27 1.24
similarity, % | 2 0.003 0.011 0.001 0.07 0.19 1.04
3 0.025 0.038 0.054 1.81 3.67 0.98
4 0.339 0.120 0.003 26.86 7.55 0.31
5 0.246 0.260 0.128 9.98 7.99 4.39
avg | 0.117 0.064 0.025 8.16 4.17 0.89
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A straightforward anpt gs d@mtbd ikemetviebarles otrhiaetn ti
fourth exampl e, CNM3 @rléddiNc t3s2 Aa wehlideldadNN7 pi
127A N 76A, which is mudhtcloddoWedE&Wrhe CDHNNBJgiIA
able to generate volumes with statistically m
first example where the physical metrics for
CNN5 has an inter medicdtoes eav droa ¢BdN Nedrr, rt\ehoarnt HCaNENo7i. r
t hat the al gorit hnosriwenodéa tdibdore etso cio @lveirtshtofi ywl t me
and generated vol ume arccwnmndithlge twoitdhe i nf or ma

Tab7/litean values and standard devi ati.on of fibre o

Angle, CNN3 ROI CNN5 ROI CNN7 ROI Ground truth
example
. 1 45 +5 45+ 5 45+ 4 44+ 6
2 54 + 46 60+ 48 63+ 49 53+41
3 110 £22 113+ 16 115+ 26 103+ 31
4 21 +32 34+ 56 127+ 6 154 + 56
5 53+7 55+5 54 +4 53+7
—| 1 75 +5 77+4 74 £5 70+ 5
2 80 +10 83+11 80 + 10 8+7
3 75+8 76 + 10 78+8 73+ 12
4 92 +9 97 +10 88+9 79+10
5 5+7 74+5 70 £5 62 +6
The reason CNN7 is more accurate than CNNS3
neur al net work architecture and a | arger numb

has a greater capacity to stahe amfadymatdi dat ak
it I's i mportant torabphaebltédapat ametnambeal 5 af
memory required to fitTatblee enti re model, as s

A comparison of GPU memory consumption sh

trainabl e parameters and poorer performance,
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than that of CNNZ7, al FCofwiinnga giets .t ol hter giensf loa mMma
intermedi ate between CNN3 and CNN7, but its s
hi gher hardware requirements, CNN7 shows the
trainabl e parameters.

Tab8li GPU memorogr ua ampmeef bat ch

Model CNN3 CNN5 CNN7
Number of trainable parameters 3780738 15 455 106 62 948 738
Size of generator, MB 26 117 255
Size of discriminator, MB 18 61 482
One batch of GAN (8 images), ME 357 1424 5896

5.1.Concl usion

I n thitsheaPhDorfesearch, deep | earning tech
of CT i mages of random glass fibre composite.
on mCETromages of 30013001900 ¢gmi xaMej dwivteH op e d
anal ysed threeaediofdfeer enreturen c cndedrwor k ar chi t ect
convolutional | ayers (three f orTh@&NM3E,t woirvkes fpor
3D microstructure representatihens eafc hmat ercil al
inpainting maggedmrait ekmsa.nd physical qgual ity met
performance of each net wor k.

The results show that the deepest neur al n
par ametemrsns dmhtepeortther model s, achieving a | ow
anisotropy and 2% for the orientation tensor
i margel at ed accuracy during generatiomp they s
ti mes higher than CNNZ7. However, CNN3 and CN

prediction in images similar to the dataset &
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Furthermore, the high performa@RWE mdmdrNyYN 7u agrme
17 times higher than CNN3. Therefore, the choli
of the material structure, with CNN3 or CNNS5
more consistentsy a@anduCNNT eldeimag eaiauitabl e ct

materi al s.
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5.2upeesolution: qualit-€@Tenmagesement of micro

5.

qu

p o
de

w h
By

of

2. 0Introducti on

Supreesol ution (SR) is a common task i-n comp
al i tryesoh{ugR)oni mage -rfersmmhutii drow( L R) i mage.
chniques avail abl e tfboars eSIR, rietc@lnad ir ruga hid 0 tmaarc|

armasnegd met hods . -bwhsiedde menttheardoso | aarte ofnast and
bl urred i magbasedRemenhsrbdsgctaroen mor e accur

mput ati orall7 2qCns otuhec est her -blasredl, mkd o dls e d renvi

wer of deep neur al net wor ks t-oe$ elhuinmabghees , m;
|l ivering high performance and speed. These
t they have not been widely employed i n comg

weveepeesol ution can mhei gesebdmpbeenmdet tbuéi d e
may ianitmagleuctgoma bl t toyf f t raasd et hraa ypd rgeorra tt eh mn e\
formation not presodtutiimnt Meatar.i gi nal | ow

Supreesol ution has the potemay adomputhoed atno ma
ich is widely used to experimentall y28dsess
enatsliitnug oibser vati on of daTmaaglel odwesv efl corp niehnet
defects to BeaseudiTedhasWhhieleam leabensi vely u
t eri3®IJHE7773] it remai ns too slow to capture

presentative stetach sbatestueglhyf fedéetubegleht
sul t, synchrotron radiation compu7&dl@d®mimogr
en with its high cost and complexity, it I

eqismd aroYyndtltmm dO&@wmireslohiuigihos swsbRour sccoanntniim
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the image quality is signifi eraanyt Ifyl ulxo waenrd. eRupro
to obtatrmesaallnitglbenr 3D | mage bdfe & od med diome rd uies t 1

l'imitati[fd®8®d®])]omf a@Wi ti on-audaomamaded!| gor s emms on

resolution (HR) images, and it i s -reexstorleumhe loyn dai
noi sy 1 mages.

| mpr olvea nigmage qual ity of CT images of compo
task in recent years. As mentioned above, one

is the use of deep |l earning techni(gq@NeNs), apnadr t

generative adversari al nNeurasonet iwolmlkKE&B 8iGAN] e
For exampl e, the Enhanced Super Resolution G
enhancement results while reguitfrh@hjioweece mpu:
maj or | i mit atriesnolout itchre sme tshugpdessr i s t he need f ¢
hi-gmd -rleoswo!l uti on i mages for training, which c:
i magi ng. Furnt helresymechne evc data i s used, opt.i
i mpossible to create a perfectly aligned 3D d

[ 117]To overcome this problem of data 99ad, ty,
which does not r[elgBuS]Jre paired datasets
Supreesol ution techniques have mainly been
applicable in the s[ll&6lhlegecmaeatomodsorc 8 ii mtarga
i n adj acwmitc hslliicreist, s their effectiveness i n a
Furthermore, they cannot consider information
t hem. A potential -sesaltutinomst ¢ oo jag@ il iZyd U@ ig

3D i mage r ¢ d@rmdbturtuctthiiosn approach may not al wa:
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available project-iessl uRiecenméyhod®@® Baperemer
to allow straightf ogwa8rld, 13® wiemage pheces stiech

significantly more data for training and hard

increased complexity can |l ead to difficulties
stratoegtiressint the model properl y. N erveesrot | huetl i eosns
techniques promises to i mprove the analysis
i mages and all owing better trackintgi md. t he de

Il n thistpecpbeause a combination of 3D mod
Cycl eGAN for CT image quality improvement, ©po
composite microstructure and dediercdct. i olhhad  scte
fibre/lepoxy composite (T700SC) and short fibr
resolution enhancement is evaluated wusing the

i mpl ementation for mategi dbhtaséet i nsl udedsinga

identification in section 6.2. The use of deejy
of the images and can help in the analysis of
intervegquioed for the identification of physi

5. 2.D2vel oped algorithm

Il n this part of the research, a generati ve
used asresodwpearon algorithm. As in inpaintin
net wor ks, a generator and a discriminator, b
objective of the generator was to I wers®dud iioms:
i mage from arnesoorliugtiinanl ilnaw @é@e dhsecpumponatomnfi

original and rrkefsobeneont ednapbeghas i1input, di s
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generated and provide feedback to the genera
attempted to f ovhli Itehd hdei sddrsicmiime tnaart,or att empt
was being fooled. As the training progressed,
resul ts.

Significantly modified convolutional neur a
di scriminator toeisoplue memt atl o r $ & henr Speci fic
on t he EnhRenscoeldu tSiugpre rGAN ar cihn e seicd buld obcBkdslT h h sr e s
architecture was adapted to.Womnukmetwwirit b kgemgectk
empl oyed to upgrade it to the 3D case. The wus
the initial i mage was preserved throughout al
higkesolution i madjiet igemeratdéloamssilmaladconvol uti
di scriminator ,conordiugtiiomgalofl afyeurs and a fully
bet ween the input | makRgieg2t§yepcevsa ddaysda nad rl setde do veerr vii
generator and discriminator architectures use

The GAN architecture used in this study ha

met hodoll8ddgly s approach all ows the use of wunpai
need fdrevel xall i gnmernds o aitt weo-ne sadnladwt hogh dat a.
Cycl eGANs enforce an inver ge storl aurt 9§ foor bnlakaigaen ,t ¢
higkesolution image without paired constraints
| owesol ution generator and I mplements the col
i mages and the original LR i magueas. hTeHep suse ¢

i nconsi stencies resulting from opnpaialned i d¢dtoa .

final net work architecture employedFoyg24e8 mi
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The foll owing | oss functions wer e utilized

reconstruction, adversarial, and cycle | osses
ﬁ o ﬁ ﬁ ﬁ _______________ - convolutional operation (3x3x3 kemnel)
+» residual addition
32x32x32' R A 2

1
]
1
1

low-res E=m————— 1

3D |magesl "=:- " h""'-. H )
- L ¥ upsampling
(input) - | ym————— ->-k — -> -
A

1
= el H 128x126x128
mmm = EES T~ I %32 32 high-res 3D output
___________ ot ~ ~ ~ i
F05
\ A A
B ~ s 64" 64
a ) 64  Tmufd-"  x 64
3‘><3><3 kernel
| \
conv3D conv3D flatten ﬂ real
— ﬁ ﬁ = or
(8+88)x256 ~ fake
(32x32x32)x128 R 131072
(16x16%16)x256
(64x64x64)<64, o
number of filters
(128x128x128)x1
b )
Figa3Betailed graphical representation of neur al
di scriminator
Cycle loss
Lo_w-res SR Generator Sample of LR Generator Low-res
3D.|mages 4 . generated generated from SR
(input) image (output) (cycled image)
Real? "
Fake? [«
Discriminator Ground HR ruth

images

Figa4de€ycle Generative AdvresalrutailomNedfwo€Ck ifmages
material s.
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5. 2.13pl ementasntdi data processing

The i mplementation of the deep | earning ar
out using Python 3.8 anfg9@imhea-pengor mhowe 2wor k
equi ppedCoarehXaoh24214 Tesdtaed/d®d0, gitapGBcal ca
RAM. We applied a denoising algorithm to the (
it with the original i mage to reduce the noi s

did not modoiff yt hteheUD ncaognreposi t e, as it already

l evel
Since deep |l earning and CT processing requi
vol umes were split into small er 3fvoorl-ulemwi ovin t h

i mages and 1238fladr284il@Bs ppa@aelti on i mages. To

bet ween the vol umes, an overslodptofon3 amidx el2s pw
resolution i mages. | mage aug mematsatiinam,o diunc etdh ea
artificially increase the amount of data avai
i mages are randomly shifted in all three dire
This ensur eesl tihsatnotthef endodwi t h i denti cal bat ch:i
ability to generalize to new, unseen data. Th

volumes for the dataset of uni diorre csthi dointarl g |caasr
composite.

The ADAM stochastic][] gvaldi empl dgsedehdr smbdel
witkBEO.A. during the trainADdMobstoopashiticngrahi
was selected for I'ts ability to esfuiitcadenftdry t

training dynamics of generative networKks. I t s
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hel p enhance c@GAN etrrgBM&En tdaugs nfguncti on was | mg
wi se comparison between HR and SR images for 1
i mages for LR generators. Rel ativistic averag

and itsher idmi nat or advelr saanih!| rtesapenfithizy® gplryoces s,
0 M, n Q60 O, 8m M. Q660 0,80 (12
0 M. Q0w ©O, 0w My Q0w 0O.0® a3

where"Oh"Oh"Qh"Q are scalato-scalar functionsg is a real image of ground truth

dataset~, @ is a fake image of the distribution of fake dataM . andM . denotes

expectation over all population imag@sin ~ dataset andy in v dataset respectivelyp t i s
di scriminator output (also sometimes called c
RaGAN plsoyed -riens osluupteiron due to its capacit
ability to precswd uteahi stmagebi dbly i mproving
training instability, ultimately |IR&ANNBDoOsE®S® S
function is widely recognised as an effective
with Wasse[rlsoOe]i me GANl oss functions evaluate Mt
more realistic than a randomly sampled data o
if the input | $89Hke) boaalstassedd umeitglotne dvasur
all |l osses, with a cycle | oss wekEB8gMhheofr abDnan
conducted usinglanijaedr plr ece savi@mBAPerrea idnameg 1 n
prec, sbon ot her wal copurlegptaiooant sp ods waenrdgb gy s i $ n f ul

precisihehm pefhispeed up the training process an
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After traimies®, uttihen | wawl umes wereesoknhaan
techni ques,al &an cSRfwidmag eo bd \ae mlealp drmeured t hat 1

was performed seamlessly akirg&ZHtethe entire vo

1.0

0.8 'hl
0.6

0.4 R
0.2

0

20 30 40

grayscale value
multiplication

pixels

—@—image 1 image 2

Fig2a%2D il lustration of 3D stitching of small

5.2 Validation criteria

Qualitative and quantitative aesessmeonsi ol
were perforneuwal iltnattieremsanoafl ysi s, the enhancec
assess the i mprovements in resolution and cl al

metrics were also calculated to provinda magmor
guality. The metrics used incluo®d smeamts oudP
and structur al similarity armaeikmanpeagado aind e Sa M
guantitative assessmenmhdofenthmaecleenealt of mairue
enhanced i mages compaesebut dat®iRgmagesgi nal |l ow

The MSE and PSNR metrics have been used in

and have bee(@. i fTheoBucedt asal Similarity I nde
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metric in image processing and computer Vi si:

metrics such as UISEo raantdi iPgS NRe rbeye p tnuca | aspects

full reference metric that requires two I mage:
It measures the structur al similarity between
and structure, and can be cafllcwud3]lated using the
YUY Qi —— - (13

w” ” w

wheranda p-wkek meamamé irneasgpeect i yeanyd Si mi |
are the variances, orfeprhees @ mos i tmagiers ,® awd rl iean c e
are used to stabilize the divDéiaomd wiQbh a wea
whe®©an@are constant s8ipanmpg crad 4 pye &teisv e lbye, daynnda m
range of pixel walues,pusually equal to

The effecti vernesscsl uotfi otnh ealsguopreirt hm was furt

physesafrigtors in the enhanced CT i mages. I n
the -sapelrution technique can be applied to a
dat aset. Subsequentl vy, aut omatberde a&klsg oirni tthhmes ew
i mages, and it was found that the i mage enhai
analysis quality. The seesbbnotdemoastgoat éé&mth
the visual gual i tpyr Vi dCels iantacguersa tbeu ta nadl sroel i ab

downstream anal ysi s.
5. 2. Results and discussions
To assess t he -rqeusadliutyi oonf ttehceh nsiugpueer, we comp

with the -oesgl oal ohi g hnaegseosl uandont hhemalgeeve t hat
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bicubic i fdhter pectvaansi gmgmwl| itewlo comem®nofst composi
uni direcftimmalcdmpgsi te and shaerstol fuithroem aoempd 4

structureFagaGaRoghyY emespvely.

Figa6®8R results of image quality enhancements of
b) interpolated LR image, c¢) enhanced
The i mages shoevsohati thet saperque was effec

of teswolutagasCofi mhe UD composites. The SR i
i mages, except for some minor differences in

was able to correct some f al se voids nbeuwatr clo

not i n HR i mages. These artefacts were avoi
i nterpol ation method, which produced such i ma
able to restore a small volume exmamphe,t opi cho
barely visible in the LR images.
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FighTExample of statistiically re
a) orHRgpnalbhm&dge, b) den oirsegdRNHIRMa gnp-geg p €0

present a
tion i ma

The gwepeord ution technique also produced goc

there were some sl i ghpRitg2ibfle reaentdgfay 2@t wemage s h

Neverthel ess, the technique was able to recon
signidfeifccedmgs esence of textured defects in SR
convolutional | ayersisimeagiubla¢ thet wiotr-tkgmat @\ht h e
training hyperparameters, it'sresseanthal thesme
have no significant i mpact ®het BB amageachadf:
i mage texture compared to the original i mages
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The enhanced f i bacei Ibiotuantdearti ees icmadael gr ocessin

would be easier to perform.

We wanted to examine how the SRualoidty ihmadg

of singularities, such as voids. SWNeandcadmmar rse
them with the SR images of UD composites. The
Fi gage

Figa8Example of voids in the UD composi

The generation of singularities from LR i

common structures. For instance, the edges of
or some voidd etrhdthameneéesmgpati al resolution o
because they | acked sufficient information in

vol umes and not regenerated correctly.
Weperformed a quantRtaltgori ammal ysegesnerf atiher

resuTal® eHRmMages are used as the reference for

i mage for the sO@wertalfli,brich bSiodmplose & Rien di f f er en

the original HR i mages and other processed i m
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Tabdi®uantitati ve ERNMpaagd swint ho fn.airsuye, LR and SR
MSEI| ol]PNSRhi ¢ SSI(M o) Fi br 4
| mage : : . :
I's be i's be i's be|ldi ampn
Origina 0 - 0 5.ND. 5
(&) =~
S LR (inter 403 50. 1 0.12| 5.N. 3
SR 98 62. 4 0.23| 59N08
" HR nois 889 43. 3 0.91 -
O LR (inter 1883 36. 7 0.11 -
v SR 1416 39.3 0.15 -

The metrics indicate a significant quality
the LR images of the UD composite material, a
We observe a small MsdEriecs of oand@Rar éend gihs PStNRe r
which imply a hbegehweesu&dR sndll HSRr $3meM eiss 1 el a
(SSI'M equal to 1 indicates perfect similarity
in i magdheesxthwre. fi bre composite case is har
random structur e. Even the original noi sy i ma
SSI'M metric. However, the SR image m@eésice art
terms of MSE, PSNR and SSI M, but not perfect.

Firbe segmendiaatmeotneranadnal ysi s, di sesdsegd in
l earning segmentation and | magreels clouttiwoaamr es i dgrmi

i mprovewsr adhy a@afccdi ameter

6 OmandemMdRnstrates s

analysis

uperior
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.2

.Concl usi on

Thi s PhD project focuses on the -dasedopme

algorithm to i mprove the qualitysomdl d mMalgesc arb:
supreersol uti on algorithm has been debBegqgqedl and
| owesol ution images of UD and short fibre com
techniques, such -Res otlhuet i Ebmh aGAcNe da nSdu peycl e GAN,
resolution i mages with grmedatteronaeeaaat atoywoand c d
stationary <carbon fibre composites and short
net wor ks.

The resulrteisrog usuper i mages show a signific
precision of fiibas, awidt hv od rdl yb-bmisrddrr ad ¢ eed alce &
generation metrics indicate good image simil ar
the effectiveness of the proposed approach.

This algorithm all owsl oweseéausihtems GThos aasres
continuously | chadend yspne ocicomenpss emi tphysi cal par
identificati opm.eslorm uaddintiadm,orsumpmens have the ¢
processing techhsgngs asdclroasr althoenhancemen
enhancement process and providing more accur a
supreersol uti on extends to improving segmentat.
facilaghartpgewrg obj ect boundary delineati on, and
segmentation results. The akewe lad gmen tt haf ptrhoims
the field of CT imaging of compblset epmat tuniat
obtain increasingly detailed and accurate I ma

8 2



5.3e g me ntaantailoyilma shi ne and tdeelps | fear nommect i den
5.3 0Introduction

Whil e obtaining CT images of the highest f
task, another, equally important task is to a

so researchers tend to extract as much useful

main tasks in the anal yisdentiisf yt ot hpee rd lojrent tsse gaofe
fibres, matrix and voids. Accurate segmentati
composites is of paramount i mportance, as it &
of t ke i mht which is <c¢critical for i mproving i

strength within the composite.
The simplest segmentation is threshold seg

parts: the background aennd tthhee nfiiocrreogsrtoruuncdt.u rHeo w

compl ex shape, or different i mage tex$siures f
testing, classical algorithms such as threshoca
segmentatroome Toheve | i mitations, the field

|l earning techniques, which promise much bett e

resources.

This section is devoted to the dhedmsi s o
sever al propsoetaeysahdwapenpackages that pro
segmen[tlax4dome main difficulty in using such peé
t @i ol ogi cabpplri ematdi @eamayvve boersetgmainned i fferent
cannot be eaempygsbppl Betlet bl packages offer a

new dataset of | abel l mages to train the mod

8 3



moder n deep mewar ksng ofr this softwaX¥xr®@®wdsFor €
i mpl emented using the TensorFl ow framework wr
for mat as a Java program, which 1increases in
s e g me ntlathGh]d n Ro o[t PGaD]h t @fafracercsonveni ent way to cr
and train models within one package, making t
new dat a.
5. 3.S21l ected algorithms

To evaluate the segmentation algorithms f
physdesadri ptors from CT images used i-basbhds r ¢

al gorithm, a deep |l earnMbgalhggoribhmm Ahd selpe

wer e compared wi t h threshol ding. Thitsat i en.t h
Thresholding divides an image into just two <c
process involves setting a threshold value 1t

values above the thr asnholpd xerle ,c lwas dief itend saes b
classified as background pixel s.

Machine | earning segmentation is based on
for[lels26]One of the practical tool s thatkai mpl er
segmentation", which is provided as a plugin
[ 1)2] The plugin used in this study uses a se
curated feature-l ével ¢ eg ye miesacsst enhpei xWeelk a s of t
trained using user 1T nput, ulti mately produci n

cl assifier.
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For this study,[ law/klast Ranedom&ortelse mai n ML

segment adteilonveass igtgood performance while consunm

The segmentation is carried ouctanbyb ea ncahloysseinn gma

by the user. The available i mage Fie@qduees for
@ Segmentation settings

Training features:

#2 Gaussian blur ) Sobel filter
2 Hessian 2 Difference of gaussians
2 Membrane projections Variance

Mean Minimum

Maximum Median

Anisotropic diffusion Bilateral

Lipschitz Kuwahara

GCabor

Entropy Neighbors

Membrane thickness: 1
Membrane patch size: 19
Minimum sigma: 1.0

Maximum sigma: 16.0

Figa9€he | i st of features in Trainable Weka Seg
The ifneaagteur es are computed for each pixel b
nei ghbours within a given window. The plugin

corresponding to a particular featheefe&bDur ex
plugin trains the classifier using the origin
di f flepraernatmet er s for the Gaussian. The ML al gor
calcul ated i mage meatuaesur dbeasbagmegprt ahieon,
algorithm and the compuned. fRattairles «cmanhdobdw t
parameters are given in section 5. 3. 4.

The second sel-Heitae dwiadled oyr iptohpmu,| ald, dveaesp fli & a1

introduced by [Ro%8ndbbngesiateabeen extensivel
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such I mplementation of this network is RootPa
in biological i mages puuutposars bevi adamide ¢ tfgo ra
interface. Theowrndde wame bwsi lotpeaman t he PyTorch
installed on s-etambdeGPUsedThe Boot Painter c
|l ayers andsdt menNebgwintah i ni mal modi ficati ons
features corrective annotation, which enabl es

the accuracy of the model's segmentation resu
Root Painter has od Itiumietaedbd en ypmbreamet er s, S U
adj ust the prediction threshold or output pr
segmenting composites and adjusting the seqgme
sourcechreesedave the flexibility to mddirfy th
exammpglue,i ng thtbBe rgepapmrbdib ama pbasfé yiemp | emiemt e d
Root Pairrmotbearbi Frieppy emaps the | i keli homodnof mage ot
t his exacttheglracuesef ul ness.Fiogy denhs csr iibredilleeinPe nSE ka4
prediction threshold whser embegdnedauwmmRen cal
arrwmys afdodredeasy anal yschBamnge ngl Pywhofnor Thi mor
of the prediction maps and greater control ov
I n addition to theNdtashRdealdo MFwe eishc-lamde d
ML al gpt99%9bml |l ed I nSeganal psbartoompaltaateedi:
approaches. I nSegt also involves a training pf
|l nstead, t he al doarsietdhmprwpeagygasa i ocantercthni que t |

propagantatsiegmel abel s to other parts of the I

easwse I mplementation, with no strict har dwa
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unli ke deep | earning met hods. The alggeosr iarhdn h
identify fibre centres in composf2.2] materi al s
5.3 .Metrics

We evaluated the segmentation performance

Accuracy (PA) and Intersection over Union (1l o

PA i s aedWi thetyiaogsin semantic segment-ati on
|l evel classification. 1t is computed by dividi
number of pixels in the i mage. Thsiesntnsettrhiec opvre

accuracy of the segmentation model's predict.i

.. B ¢
06 5 (W

where he ¢piamamekel Accuracy (PA) represent
correctly classified as class j. Put different
with class . Meamevhéd € ,t & hteh @ ao atenearledr lcaoluenlt!| ¢
class | in the i mage. By using these definitd.i

accuracyeofelpicxalssi fRA aitd oan fiun daaamea mtagle .met r i c
pi ANelvel classi fowiadiimo@q iarcgiuglatcy ,i ptro t he accu
an i mage.

|l ntersection over Union (loU) is a commonl
semantic segmentation. I't measures the degree
the ground truth by calculating the intersect
resulting | oU value ranges from 0 to 1, wi t |

performance. The I oU can be computed wusing th

87



"YO

O o 1
YO "Ou "Ou 1P

where TP refers to true positives, which a
bel onging to the target cl ass. Meanwhi |l e, FP

i ncorr eicftilegd cdsaslsel onging to the target cl as s
number of pixels that should have beenl al assif
is widely accepted for its abiskgmgntataosseses

true object boundari es.

For image processing tasks, especially tho
as CT scans, the execution time of a segment a
refers et a etqlua rteidmf or t he al gorithm or model t
the corresponding | abelled output. Given the
wor kstations, optimising the exepwtiacmabiil meéyi
scalability of the segmentation approach.

The preference for PA and l oU is due to
classification and spatial overlap, which are

widely acdéeppt adsiearch community for their cl
specific requirements of a task and dataset s/
as Dice coefficientel &tledscmeter,i casndmanyegno® gr ¢ Ih
context.
5. 3.Comparison

To optimise the parameters of the Trainabl
segmentation quality inmheettatawhstaoephicgpa osie:

for each possible image featureWewhheh wel ot

8 8



efficient features and included them in the

i magaebll@Gummat heesel ecTtoe ds efleeacttuircers .of o Mmetsiemé e a
of executadodn tainodn atlthei nf or mat iAsn fiog a dhcke dRotoa Pta
I nSegarseof we used the default settings as the

The comparison of the met hods wasmacnaurarliled

annotated i mages of UD and short fibre compo
daaset. The comparison was based on visual i ns
metrics. The images used for the compari son,
counterpartsFigB@epresented in
TabllGAnal ysis of image features in Weka segmentat.i
Featu Ti me Featu Ti me Res ul f
Gauss. 1. 84 Sober -

bl ur

Hessi lefer_

gaussi

Memk_)rz Vari a

proje

Me an * Mi ni m

Ma x i m Medi a

Ani sot

di ffu Bi I at

Li psc Kuwa h :

Gabor Deri va

Lapl ac Struct

Entro Nei ghb
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f

NNt e
e /,' 100 pm |

> X - -

Fi gd@€®he original i mages selected for segmentatio
manusaéfgment ed aiimaHRe@Fa gheegmeE nSed HR | MRgemafge SGF C,
UD composite, d) segmente)d HR iSneshgfee df) BEBgme mped

i mage of SGFC, g) HR i mage of UD composite, h)

The algorithms were trained on | abell ed da
and matrixes. The trainingywasoftfoincagéedlyreHR
composite, 2) LR image of UD composite, 3) HR
UD compgldhsi tleabel | ed data was supplied to the n
observed and ticneel cfwlratleadb.el Thengiievgdud ¢ s ar e pr e

Asshowhi g8t etathdiee al gorithms were able to i

UD composites, which is not a difficult task
| earning segmehmasitopepfeduceesul ts, accurate
the fibres. Weka segmentation also produced g

mai ntain the exact sh-hpsedfsepbmeht bt esh @makbbDi

into account the shape of the identified objec
area as it was designed to identify fibre cen
composites, the deewe |tehaer nbiensgt sveigsnueanlt artei sounl tgsa,
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resul t s,

fused

shap:

ok

wa s

t hat

he

al gorithm

a l

C

composite
s

w

seffment atwi on

g

errors of fused objects and inconsistent
gave only moderate results with many
dense Hfoiwlervees., the performance of 1 nSegt
segmentation yielded inaccurate results
The HR i mages of the short fibre
based algorithm, accurately identifying
ML segmentation also produced good
algorithm had difficulty masntaablegteegepat a
to its design for patterned dat a
resolution (LR) mages, even the DL
The quantit atoiwnel arhdHter i cs are sh
TabllleThe quantitative analysis of segmentation
Fibr Ti me, mi n
Al goril PA vol di am®dm|l abeltrai volu
proce
S| RootPal 0.9{ 0.95 59N0. 5 15 40 5
Weka | 0.8] 0.7¢ 61N1. 7 10 1 20
- I nSeg 0. 7! 0.6( 5 RKO.8 10 0. 2 1
Thresh 0.7 0.4¢ 6.N4. 8 - - 1
O | RootPal] 0. 9( 0. 87 - 30 30 5
@ Weka | 0.9( 0. 7] : 20 1 20
) I nSegl 0. 8( 0. 5¢ - 15 0.2 1
L Thresh 0.84{ 0. 5F - - - 1
S5 | RootPal 0.8(0.53 5.88.3 10 10 1
Weka | 0.7] 0.4§ 5."2.1 8 0.5 4
f Il nSeg/] 0.7( 0.45 5. \.0 5 0.2 0. 25
Thresh O0.7(0.43 6.\8.7 - - 0.25
O | RootPal 0. 7{ 0. 41 - 30 15 1
@ Weka | 0. 8] 0. 51 i 10 0.5 4
) Il nSeg 0. 8] 0. 47 - 10 0.2 0. 25
- Thresh 0. 7( 0. 37 - - - 0. 25




InSegt Weka RootPainter Reference

Threshold

Fi gliResults of segmentation of wvalidation i mage
column is HR i mages idfR UDnacgoensp cosfi tUeDH,R osmepa@mgred eo f t
short fibre composites andttliée br@astcomplosinm ei
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The evaluation metrics support our visual
Root Painter showing the highest accuracy of ¢t

't i s worth noting thnhdt ctamd |lyn Segtt eal ¢ chraint M i

on simpler computations. Weka Segmentation, o
need to generate a new feature image to analy
Weka &riganti on i s not recommended for analysin
compositeBmaeedr ioml st.he resul ts, ilte a chaahsneggrde s

segment at i @emh aorf SRRoasgpehs eves comparabl ¢é hae gmént
HRi mage®hiwiltdopdic qudsedadi |l. in Chapter 6

| maged anal ysiisn oW D fad darspe oadiipdeayssti era | descrip

superior accuracy and consistency of deep | ec
met hods. We k a , empl oying machine | earning, al
standard deviati on. |l nSegt tended to underest

whitlher eslsdlodviedgt he | east f avauryahloe sreganelntt s wd

artificially inflating their di ameter.

Al of t hreesguinred hroatsr ai ning for each new d
all ows the model to adapt to the different fe
dataset. Training is the means byswamndhst hec mg

ensuring acc+tsmpatce farmd segmtesxtxtat i on results for
5.3.Concl usion

This section presents a comparative -anal ys
ML techniques to I mprove segmentation quality

were compared visually, i n addiitoino me tpriixcesl weecr:
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to quantify the percentage of correctly cl ass
target mask and the prediction output. The st
materials and compared tboés.i Wageesabgmenoal s

i magedHasMld and I nSegt al gori@dmwse rsttiraumgagll ede gvm

al gorarbeemef i ci al i n straightforward cases whe
Root Pai nter bgr d\heed most accurate tool with a f
GPU hardwar e. I n contrast, Weka segmentation
Howewédiemilt ati ons of deep | earning seaqarmentaat i o

hi gher dearaealldltehdbr comput ati onally intensive tr;
smal | dat asbheltasc,K abnax utrhee o"f deep neur al net wo
interpretation of results challenging.
5.8onclusion

The Pé&adarrceh focuses on the devel opment an
algorithms specifically adapted to i mprove t
composite material s.

The first part of the chapter hocgses o0 t
inpainting of CT images of random gl ass fi bre
three -cdencodler neur al net wor k af#r eHiatt eadt uvarneds pbha

gual ity metrics. The r esaul tnse tswhoorvke d CQNINa7t, twhiet h

trainabl e parameter s, out performed the other
structured material s. However, CNN3 and CNNS5
similar to theveddatacee¢ptaanbdl ea cehrir or s for phys

architecture should depend on the consistency
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i mages of more consistently structured mater.
CNN7 ustablse choice for smaller volumes of mo
the devel oped algorithm can serve as a basi s
various tasks, such as periodi d esdt riinc ttthree ngert e
As part of a PhD project, a second algori
i mages obtained fr-omalseynChretana. ambdi 4 ahbl gor |
resolution, using deep | eead n ER@e® otleucthinoing u A N s
Cycl eGAN to significantrlesolmptrioovne itnhaeg egsu alT htey
resolution i mages show a significant visual
boundaries, with orelfyacmisnorT hdeke éope nleddrtniorfg tarits
researchers troeswdastiitamt Eih, staws on continuou
without compromising the quality of physical
appl iscetfi arhi s algorithm is the more accurate
of composite materials, such as fibre breaks,
The third section of this chaptearg,pmasdntng
|l earni nylLahdchaoangques to Iimprove-rthbel si¢ g-meantaat
resolution images of composite materials. Thr
on the visual comparisomyVvepixyal oamcaonernady sandh
that the deep | earning technique i mplemented
wi t h a fast execution ti me, although It req
segmentation usasigatWekmnasefbwarel oww and i mpr ac
algorithms worked well to segment patterned

Howevebas®d and | nSegt al groersiotlhunisi osnt riungagg eesd, w
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perforlmedomwelsiogluti on i mages. Overall, the stud
tool for the segmentation of composite CT i ma
compared to other approaches.

The study hel ps tos oowferCDmemddiend itme dlarii ¢gu

i mage processing tools by using deep | earnin
i mproving the wusability of CT images of compo:
anal ysi s ofal $ heslehe matl ggroir i t hms devel oped i n

comprehensive framework that enables research

composite materials and can be applied to var

96



ChaptAappbicati omethedsl t pedomposi te mat e

The field of composite materials relies h
pur poses, such as defect detection and anal y:
mechani cal property i gdadealuiltayt i Ghisi mOpesai misnger
analysis. In this chapter, we will explore a p
devel oped and analysed in the previous chapte

The first section focusesabnptbpercthiesl| af |
composites, where we use a modified inpaintin
section provides a detailed explanation of h
i mproving the accouwreactyy ocfalmnceuc haaaniocnasl. pr

I n the second sectiont ewel Wtiisacrusme tt heed su stec
breaks -fesm Wbwon scans of wunidirectional ¢ omj
automated fibre br eankakiidnegn ttihfei caantailoyns iasl goofr i stuhc
efficient.

6 .Fli néelt ementCTHniacsead model |l ing with periodic bou
6. 11 dtroducti on

Finite El ement Analysis (FEA) is a widely

behaviour of composite materials under differ

widely used for the multiscal ecrchatrrawcdteuries,atm

a valuable tool for understanding the nature =
simulations is to obtain homogenised propert:.
met hods. The miecsreonstterduchhtyurae neprrespant ati ve Vvo
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represent a | arge mechanical system and is of:
Di fferent methods for obtaining tS$ectgiemmea.rly. ¢
CT c@amvide detailed information about t he
materials, which are essenti al i nputs for fin
finite el ement model s, resear cheafseaxctan «fa pmautre
resulting in improved accuracy and reliabilit
vali date the results of finite el ement mo d e |
def ormation and damage tp arotdeerlnsi.ngCTaran dc ofmpnietn
can enhance the understanding and optimisatio
Periodic boundary conditions (PBCs) are
simulating the behaviour ofiqaompdoirt e mmasemniga
and compatibility of strains and stresses on
(RVE) of a c on2p0o0sfihties neapperraoaacdch can reduce the
and ensures trheasternthat iRWeE afs amepinfinite, compl
the effects of microstructural features such
on the overall beh4%] our of the composite
However, PBCs al s o haanvde cshoamhed elnigraist atoironc om
exampl e, PBCs require the RVE to have a perio
some composites with random2 @Thei rpreergiuddairc i ftiyb
mi crostrucbobuneemayfbdawmbage or. |lar gaed ddietfioornma tRE
di fficult to I mpl ement in finite el ement sof

defined subroutines.

98



I n this section, deep | earnbomg afgohet bimal
associated wi t h periodic boundary conditions
simulations of short fibre composites based o

eriodic boundary c ommednitt iiompsl eanmedn ttahteiiorn fiinn itthe

©

di scussed. A rigorous RVE size determinati on

enough to describe the mechanical properties

mpl ement avide, awemmephodol ogy for integrating
supreersol uti on, and DL segmentation into the R
results of test simulations to demons@iBsadde th

simulation of short fibre composites with pe

met hods. OQur approach shows promising results
fibre composites under various | oading condit
6. 1P2riodndaby :cofndr muloaatsi on and i mpl ement at i ¢

The conventional mat hemati cal model s used
composite materials are typically based on a 1

speci feirdad ipsofpeing inveshegapedoath thisl|ltasea
of isotropic fibres, avoiding introduction of
objects, segment ed wea thdwe mMmatdlen gtniaey £fgonlpltAd s, t
of fibre/ matrix debondi ng, i nterfacial slippa
i nto atchceountbres and matrix remain bonded at t

To obtain more abeumactkapredicpiopser ofes of
researchers seek to represpenrti amachi RVsEt rassc tauve | a

boundary Cobhdo67)].p0BoRO2¢Tr |, t he heterogeneous
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composi ttelsatmetalines short fibres themselves cannic
physical stress and strain fluctuations <can ¢

i ssue, a methodol ogy for creating ogpredRARB dwiwti H

be discussed in detail |l ater in this chapter.

The following short formulation of periodi
of Prof[ 2Q®]lov i ntroduce this formulation, we
medi um & utbhg eextteer nal | oads W ft hcihna rtahcitse rmesdti iuom, |
a periodic cell ¢WRWIEcCh icemautre s atsteg "Bua rrdetcht i cofn

bet ween oppddittehes preframeadls ¢ vol un® bBsyatséest e

introduced in the medium. The equilibrium equ
R (ay
To extend these equations, we can utilise
which takes into account [t®&2] size and coordin
114 0! M~
o] — 0 p Qo !

h

Il n the abdAvéA,quJ—éaité.oa],stiffness fpuenrcito doinc t

valome t h |per@dmdis the stiff-nesiss matrfiast" vari :

rel ated to the celai scotohredimnaanth eor sogiis lc@dtme s wher & he
coordinate system to thel. characteristic size

To sol vel®vpepuadtaiken i nt o account tthesivdes adbdfi |
equation and use the asymptotic method of ave
of the solution, it is not presé¢p7é¢d 1t hetbompt

sol ution.
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Using the asiymptmdtiltod,vewaagcan obtain the
solution (tB, ewhuiacch oennabl es us to determine thiq

medi um:

ap

The pdesgdba¥eamedtt hstpreswsde obtsailmudd oms t o

elasticity boundary value problems within the

6 Y 5., oW 2P

with the following general ki nematic for mu
i * p
Y 1 Y L] E3h1e| 3"1(] (2).

where frrgnd diemdiides the possible boundary pr

Equa@ilosi gni fies the importance of maintai
stresses at the boundaries between adjacent ur
't 1 stiiviepetra ensure that the displacement and
t hroughout the composite materi al

Fi gBEame used attee itlhleustmpl emenitdatmemnrsi @ aP BC

model of a cuboi dal RVE. To express the gener
formul ation involving nodal di spl acement <cons
studi2Pg This relative displacement is then wus

constraints to the nodes of one face to enfor

opposite face.
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Y Y - 22

t he -teepr esentsst rtahien maecrsocor of t he RVE.

The application of periodic boundary condi 1
specified2Pn egonatevunbktriannede mo daeplpsl iwehde nt oP Beth
surf.aclTha s occurs because the behaviour of edg
SshowrnmFi g@82e Tshyest emd woa't be ma tchoennsattriacianl el dy, oavse
equations in the set are fully equivalent. Ho
running and simulating the mechanical behavio

To avoid this prmbilnenF H upra cnkga gsesmu liatt iios nec
constraints for intervieart i geisntwshenf afppd g3 ,n ge B
specifies the displaceomiemts bewwelenr ¢ sype sty mme t
mi-pll ansespr evi ously described in the PBC for mul

FigBBdotwse distribution of periodic bounda
dots represedéestboer €dged and vertices, respec
indicate the application of edge peridoodtisc bo

indicate vertex periodic boundary conditions.

Dummy nodes are reference points in finite
model and all ow different boundary conditions
can be oaptphlee eddummy node for different | oad <ca
dummy node, the solver treats it as if it wer
effect to be considered in different directio
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of periodic

formul ati on

rel ati ve

Fi g3ZkKi nematic

re

RVE cube, b) edge and vertices t

on

thet R¥E tthmedbsspfiracemen

const ant

he

t

Gi ven

represent (2prea rmgthhetfommodf thef e

o

t

used

c alme

‘@ s mmy emo d

~

a

PBC constraints,

he

i mpl ement t

To

an

nedekaoésoppbsstal | ows

eaclhidnnectiog

or

f

sofswvamen( oengmo

Abaqus

h e

t

n

constraints

PBC

h e

t

of

di spl acement|[ 2c004mp200n5e]nt s

as t he

ned

def i
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TablaZhows the equations for applying PBCs
internal rexcdudi @adggeserti cesdone RidM JyTehret incoetsa t a
foll ows vertex Fng@eedlragtewrte ofnrsomir e required
nodes, nine for edge.Thaokdaisi,s panady ss ean esned r oo n eegd
in atmode coupling format, which relies on a
surface has a corresponding node on the oppos

TabllZeKi nematrel ati ve formulation of periodic bound

Surface nodesEdge nodes Vertices node

Y Y Y YooY Y YOy Y
Y Y Y Y Y Y Y OY Y
Y Y Y YO Y YOy Y
YooY Y YOO Y
Y Y Y Y Y Y
Y Y Y YO Y
Y Y Y Yo Y

Y Y Y

Y Y Y

wheWdassigned di sl acembatentetpei n&@ h( dumm
direc¥ionj splacement of ®&f aiwcoedéd o ntd hAeBECDt i son

corresp®ndi ngf eoence point ®ilspdiarceanteinan.of no.
Numerical solutions for stresses and displ

anal ysis by sol vi nd etmse (IBovwPrsd a royf veadlauset ipcrid y |
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BVPEBiL. g48 él ushiate®ncept.
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Fi g8338i x
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wi t h

components
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Tabll3eDi spl acement

c al
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probl ems
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fro
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y value probl ems t
ure i s adapted
the effective
sol ve

hat ar e

Ssi X boundary value

correspond to s

t h2erso xc mmmo n e Rsttsr aol fnT atbdefgonwarcdreos t h

t he

sol vi

dummy

ng these

stiffness can be

components of

nodes for
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boundary

ca

boundZajityrecemsgionido mg

I
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m the | ectures

sti ff neists iosf

probl e

a

i X type
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|l cul at ed.
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ity O1 &GAdé'n min the corresipalli2ze g constrains

The stress fields obtained from the FE res

can becabkbedl abe all components of the stiffne.

v p ,
ol 3 , O 2 3

wheowies the volwmee ovolRWEe of amandndirwi dual

psesdoess asbtsail uwedons to the el.asticity bound
To transform the stiffness mhtneariagoatengrt
nine unknown values have to be solved. These

stiffness matrix and the engineering constant

6 oip OjO{ {0
0 o t’ o i i
6 ot t
6 ©Otp OjO tv
0 o7r0 tO tv O tv iU
6 ©Otip OjO tv 2y
0 O
0 O
o O
O p p dEJ'f’F ’fg_,fg_,fg_
0 o 5 =
A Python library SimPy, which provides sy

calcul ate the engineeringobtasnedt $rbmomhehéd

simul ati ons.
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There ar e -psaervteyr ail mptlheimmednt ati ons fof2@68L in
being one of the most popul arr ipdgourgo unss . c aH ocwel va

effective propmeaddse,s dg ooppmausedy to the stiffn

to determine the effective properties. I n ad

i mpl ementing additional constraints on the mo

elments, which are used in this research.
Therefore, to meet all the FEA demands of

out wusing a Python code developed during thi:s
opposi ng nodest haen d eceernsesraartye sc oanlslt r ai nt s repres
code calcul ates the stiffness matrix and det el
of equations outlined above.
6. 1R8presentativei el denee emiematnit on

Accurate prediction of the effective prope

size of the repr es[ehqt 21094 A ‘Vvoall lamec e e Ibeehevmete n

efficiency and captursisreghtadlall iwhpoar tsaend te cft @ antgu rt
Sever al factors such as materi al type, prope
considered when making this <choice. This 1is
| ocali sati oMEmeh &atodiss tAmo Rsmall can be influer

to biased predictions of macroscopic behavio

introduce computational i nefficiencieseand f a
choosing an appropriate RVE size is critical
unnecessary computational costs.
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Di fferent approaches exi st to determine t

simul ations. Experi methhtaads oodo mbnamge matoereisali nrge
with microstructure image analysis to deter mi
Anal ytical approaches use models or formul as

i sotropy,t ooresltiimearei ttyhe RVE si ze. -chowevra rn,g tohr

|l ess accurate when dealing with c¢omprherxi csatlr L
met hods [#/7éThesee involve conducting rEumearziecsal
and using statistical analysis to identify th

efficiency criteria.
St at inutmea alc al met hods invol ve generating

mi crostructure at dddrfy,r eand sliezadi,n@ppdrydintgi dmn

simulations, and calculating effective proper"
at which the effective properties converge. TI
andpproies, including elastic, plastic, and f

research to find the most appropriate RVE siz

To determine the appropriate size of the R
the guidancenfhdPioded mimatse $sidalda c tpeed i odi ci ty ge
subsequent effective property predi.lthieomRVikEase
with t hies otparngnatted to have a standarcdldaViaateidc
oveatl RYEst.Bepeci fically, we created 30 differ
di ffer-enwer,| amapmi ng | ocations. The sizes of the

96, 192, 288 ,xm3rhse,sedBdx| Dredsed7®n t he.Téhweersa ge sf
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of these RVEs were chosen based on themmat er i

and the expected computational resources requ

Voxel model s wegr eV ogxelneexr astoefd wiasrie, whi ch i s
anal[y3s9i]F he voxel parameters, including the me
and the radius of the window size, were sel e
cosepending to 4 Om for both parameters. The c
complexity of the material and the expected c

The voxels were segment ed buassiendg oan :tghrreeys h:
segmentation all owed different materi al prope
model . To ensure that the properties of =each
threshold was determined byoédnahegselnayiotl en@fTi bt
fractican cwarsdtheed f i br e umaddgsr i fnrga ctthieommanuf act ur i
mat efMihalppr oach ensured that the segmentation
materi al pr diee rRtViEess weirtehianc ctur at ely assigned.
showhi g&4 e

I n this instance, the modeleasntl atcikomeafi oRIBC
to approximate the RVE size asTld oefefl ggc taisv @ osr:
of the materi al were calculated wusing the pe

mentioned earlierrm&dmudateanls owkereheed3® omodel
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e)

f)
Fi g4¢oxel model s for FEA of
same scal e: a) 96, b) 1 9n;

The effective properttiheessswerraes nc arled valta toends hb
from the finite el ement Tsaibrdudpg raets eomtss otfh ee arcehs u
simulationstensicleaedamdg ¢$hear wirtolperheies €¢torr e
RVE si ze. It should be noted that all effecti

same trend was observed across all properties
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TablldeEf f ective teflDi0l@ecpmrapearngtitews 5 si.mul ati ons pet

Mo~del Numb e o . GP , o GP O, G P
Om voxel

96 729 6.6 3./0. K10. 4.6 0.] 1. 890.
192 9261 5.N\0L 0.] 0. Kl10. 4 .ND 0O 1. KH20.
288 35937 5.\8 0./] 0. KHoO. 4.\ 0 1. A30.
3814 9112% 5.8 0./0. AoOO. 4.\ 0.] 1. H20.
480 18519 5.\ 0./]0. Klo0oO.| 4.\2 0. 1. H10.
576 32850 5. 0./]0. WOoOO.| 4.2 N| 1. H420.

Analysis of the results shows that the cal c
size of B88 Ome standatdstdevi mbdohusflewawsdin b1
at RVE sizes of 384 OQOnghalnyd aacbcouvreat et haet raelslu lltosc
devibeéel owibgds bows the calculated mechanical p
deatii ons, represented FbgGhatndiablencanrd ydeashioavtsi

observed convergence of the cal.cul ated proper

0.46
9 —e— El1 —— V12
| sTD | STD
0.44
8_
© ©
& 7 & 0.42
=6 q
i > 0.40
5 -
0.38
4 -
96 192 288 384 480 576 96 192 288 384 480 576
RVE size, um . RVE size, um
a H b

7 7

Fi g3s@onvergence of calculated mechaini eali pmoplky
Poi ssonbés ratio

The simulation results show that the effec:

stability with respect stud tchamupeoritn pRéE I Diuse
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|l iterature suggesting that models with | arger

results, while smaller RVE sizes may resul t i
proper si @ss. bTelciause small er RVE sizes may no:
mi crostructur al features of the material, | €

properties.

I n this study, an RVE size of 3844 nmiec rbcern swvew
computati onal efficiency and accuracy 1in capt
This size can be used for further finite el em
mesh and generated periiadiscdh oxutl ™du doteu rnen.t ello w ehvae
may vary depending on the specific materi al i
recommended that an analysis is carried out t
6. 1Rédpresemnmt atmev erl eeanteind n

This work presents a workflow for creatin
i mages and deep | earning techniques to gener
introduces an approach yf oirmaogbet asi eng nmegn tpartoiboanb i dr
model | i ng, utilising both voxel and tetrahedr

Fi g3t e

RVE size RVE size [AINGVIRIo] R0 (R image Periodicity
determination LR CT scan generation

LR image with periodic structure

RVE image quality ELENEES probability

DL segmentation FE model creation
enhancement

FigaégwWor kfl ow for RVE creation with periodic
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Once the appropriate size for the RVE is d
are processed using a periodiec hi gpaiGRtUi mg mG A M

of the inpainting GAN, the periodic structure

to reach the determined RVE size. Because of
wi tt hseame oORVE mMadtzei m | ow resolution. The r1 es
resolution image with periodi-cesofruttoaoneaigot
more accurate processing. Subsequently, the S
deeparilni ng segmentation, producing probability

to create finite el ement ( FE) model s using t

meshi ng. The proposed wor kfl ow dnaml eosf tpheer i e
mi crostructures with the same physical featur
6. 1Médifi ed giempaiaritiivreg adversari al net wor ks

This subsection explains the changes made

RVEs. This modi ftihed moeledi ovvias named periodic i
modi fied version, the existing inpainting GAN
as a starting point . Sever al modi fications

i mpl ement af:

-periodic convolutional | ayer s;
-periodicity |l oss to ensure that the gener
-resemblance critic and a resemblance | o0oss

i harpgeerri odic medi um

The architecture of tphree speeffiigo@driiecn i npai nti n
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Periodicity
loss

Pixel loss
- Lo e
/’.';_J’ 7
= AR
.| 4
. R )

Autoencoder

Masked volume Generated image

96x96x96 with 102x102x102
empty 10-pixel I
boundaries
Real? Ground Generated with
— periodic padding
Fake? 144x144x144
Discriminator ~ Ground truth image
Large
96x96x36 | / ground truth
Distance between Ground truth images
generated and GT 144%144%144
‘ Resemblance loss ‘ Critic
Fi gdiT€he modi fied architecture of periodi
A periodic convolutional | ayer is similar t
data fpoevitdhhes | ayer and applies additional
copyiagf dam one edge of the iIimage and concate

This i s iFlilg@@terrattehde i2nD

CT i mages. The thiskegusal

down to the:

woube one, for 53516 thiwowbdkbethe

boundary treat ment .

c asaep.p llyn tthhei ss awoer kp,r owce
of ot hal paarld hrhceu ncduer o

ntareskampt e ®d i3d Bterkiea knfed $ $56é zpa ddi

periodic

I n deep |l earning terminology, there are twv
using "same" and "valid" ik awmdareynt t ri esa tunseendt sw
padding, the output size of the convolutional
the periodic thickness. On the other hand, i f
the outpué sheesamnél ad the input size. It i s
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boundary treatments during convolution, we C:
i mpl ement an additional l oss on the boundary

bandary treatment is used for periodic convol

[ A

Fig38lkllustration of p
of i nput. A, B, an

original

eriodic padding in 2D with
d C showrddge sc cromatad reantait a n

The purposes of the generator (autoencoder

modi fied generator architecture, each decon
convolutional | ayer t ot hper ooduutcpeu ta. pTehrei ocdoi ntp | settre
modi germdr at or Tiadldl=®hBwdi ddirei mi nat or , It remai n

origipmaalnti mg 6SAdt i dmti.hle. Inadi ftiakdke scasaed a fr om
the generator output, which corresponds to th

A new CNN has been added to the architectu
does not di scriminate between fake and true
resembl ance between the two voluwesakiThg 1 heu
from the centre of the generator output that
periodic padding (with a thickness of 24 pi X
Unli ke the discrimmnatordoéeésenoesembl ansiegmoi
the values to O or 1, which correspond to fa
rel ative average GAN(1IDo.s sBy( auss isnhgo wnh iisn aepgpurad a ¢

the distance between the real and generated d
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the generator is set to minimisk ¢chnsotdi 8¢ @auwmri
di stinguish real and fake data but onjl ¥9@h! cul
Tabll5¢Architecture of .the modified generator

) Layer Input Stride Activation Output

1. Conv3D 96x96x96x1 2x2x2 | LeakyReLU+BN 48x48x48%x64

2. Conv3D 48x48%x48%x64 | 2x2x2 | LeakyReLU+BN 24%x24%x24x128

3. | Dil.conv3D 24x24%x24x128 | 1x1x1 | LeakyReLU+BN 24%24%x24x128

4. Conv3D 24x24%x24x128 | 2x2x2 | LeakyReLU+BN 12x12x12x256

5. | Dil.conv3D 12x12x12x256 | 1x1x1 | LeakyReLU+BN 12x12x12x256

6. Conv3D 12x12x12x256 | 2x2x2 | LeakyReLU+BN 6x6%6x512

7. Conv3D 6x6x6%x512 1x1x1 | LeakyReLU+BN 6x6%6x512

8. Conv3D 6x6%6x512 1x1x1 | LeakyReLU+BN 6x6%6x512

9. Deconv3D 6x6x6%x512 Ix1x1 ReLU+BN 6x6x6%x512

10.| Deconv3D 6x6x6%x512 Ix1x1 ReLU+BN 6x6x6%x512

11.| Deconv3D 6x6x6%x512 2%x2x%2 ReLU+BN 12x12x12x256

12.| Dil.deconv3D| 12x12x12x256 | 1x1x1 ReLU+BN 12x12x12x256

13.| Valid.periodic| 12x12x12x256 | 1x1x1 ReLU+BN 12x12x12x256

14.| Deconv3D 12x12x12x256 | 2x2%2 ReLU+BN 24%x24x24x128

15.| Dil.deconv3D| 24x24x24x128 | 1x1x1 ReLU+BN 24%x24x24x128

16. | Valid.periodic| 24x24x24x128 | 1x1x1 ReLU+BN 24x24%24x128

17.| Deconv3D 24%24%x24x128 | 2%x2%2 ReLU+BN 48%x48x48%64

18. | Same.periodi¢ 48x48x48x64 | 1x1x1 ReLU+BN 50x50x50%x64

19.| Deconv3D 50x50x50%x64 | 2x2x2 ReLU+BN 100x100%100x64

20. | Same.periodi¢ 100x100x100%x64 1x1x1 tanh 102x102x102x1

The periodicity | oss is an important addit

due to the i mplementation of periodic padding
computed as the mean absolutseiderbohebdéweradt |
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t hceorresponding data from the opposite edge b

conskideggd8vdherre RVE is enclosed by the black r

rectangl e dius i ggnédrhaet epder i odi ¢ padding. I n thi
di fference between the identically aonplocuraed p
to note that al/l calcul ations are done in 3D

provides a means to hardcode a check for the

combined with the pixelailnegs.t oThhe ngem esrea ttohri s

resulting in a more accurate and periodic rep
Further mor e, the pixel |l oss on the boundar
reconstruction | oss thathitsalexeilntt@sacadsurctal tc

way to a previoygsdldahldriop olseede dnedrmoalssi gni ng Wwe
mask based on its distance | fbametdhevechbsteas
cal cullfgt evdkesss a constant value of 0.9 that s

The training and i mage generation procedur
the original inpainting GAN. The si ze-pofxetthe i
boundari es, meaning that the useful CT data i
volume is generated with corresponding ground
process involves minimisionrg, tthhee wdeiisgchreidmilnoastsor
which includes the pixel |l oss, periodicity 1|lo

The periodic Il npainting GAN was tfeishktred 0|
compoSheephysical pr owoeelrunmee sf, r ascutciho na sa nfdi boerri e
closely match those in the orifigtchiomwsdge, a !

generated periodic structures, wh&V&gnd et hpeur p
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green rectangle indicates the initialTICd i mac
i mage outside the purpleteechangéri odinscechwpown Tk

anidias beeinn cperiieddi ci ty maRWEr from the gener

Periodic medium Periodic medium

o i, 5 e
— \Qf'\\\."\' L
e

oD WS

Fi g®d®iddle slices of generated volumes: a) an e
structodriecipegr,i b) an example of generation of two

The generated lreavwhidijk@iesmonusthmateshe al gori
able to successfullwitghenevearn e9 O0p%h xqearsri enddfacttiud ng ¢
opposite faces) , a SsSubstantigahali mpmagemme nwhi
approxi mately. 5RPd4 pielFrd paiIfecd g yfi bre from the t
correctly condkediedegindro ardce mmad i dentical co
boundaries, demonstrating the periodicity. Th
the model was able to recognise the change in
t hat smoothly transitpenbsodiet¢ wWB¥Y Et hypehhmea d a tfii ebs .
composittheeo wet hf i bre volume fraction also exhil
6. 1Sd4dpreasol ution of the generated i mages.

Supreesol uti on i se ugldal ittoy emfhagerertait ed i macg
same resol uti onr easso Ituhtei corr iigmangael 8 shalgoht i bns i sabe

because inpaintingewabupenphormadeendbubewt o t he

118



| earonn
over vi
The
ef fect
resol u
abil it
behavi
ones.
To
archit

t he fu

i mages
i mages
mi nut e
As <can
di ffer

The
featur
proces

par ame

nGPU memory. This step is optional and i
ew of the possiqgbuael iptiypeRMEse. f or creatin
gwepeorl uti on model trained during the r¢
irke ngt wwoh generated structures. Thi s
tion of ushmegodhR ainrhd goehso, LinMRod g genmee rmd ceal
y to capture image features tlhaitn atrhei sn

our, and it results in a significant di

address this probltempl wti aretft @8Rnedcodéle

ecture using fultgugkgenpaahedngmaghkss o}

[ CT image into smal | vpolxuenhe so voefr |saipz, e s
proach esodditfioorn swmpaeggre reconstruction. N
aaded egaocokrone using the inpainting al
together to create a new fully regener
s oft icireng & W@ tsipd eatyhs t he ori gi nal and ful
be seen in the images, the style of fi
ent, andv arhieatei camrse tglhreety csamllee rel ated t
origohaemaHR ul | v rveogdetnteaatat eadntltaRi ned t he
es through inpaintimesweémuei osedrasniimg
s followedutdeosgstalmenead in Section 5.2,
ter changes were made. The training too
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Fi gaa@di ddl eofsdlilce@T volumes of a)noriggemaér &Re d mia

The gwepeordadtgioont hm, trained on generated in

the quality of Fti gd dg &gy s aosfé dt chigew Bdi.igthy RVEs t he

created, which do contain some art edferncedrsa tdeude
i mage to the HR i mages. However, these artef
segment atdieaoan idggnthem and identify objects acc

a

Fi g4i®8R enhanced periodic medium with the RVE in
information of the centre was known, b) bottom s

information of the region.

120



6. 1Ségmentation of the generated i mages.

To identi fy fibres, we used R o olt ePaari mit negr
segmentation algorithm. We foll owed the proce
first manual annotation of fibresatifod | dwreidn g
training process. The procedure was perfor med

The microstructure of short fibre composi
boundaries of the fibresréargmtfCodrwandesThBsno:
errors during the annotation process, l eadi ng
features. To address this issue, we perfor med

pl anes andedhéteheavesal t-shawe@eenemsi abhal asgaumesnt

approach indirectly <calculated the segmentat.
slices. We used probability maps, obt aiimend f r
to indicate the | ikelihood of each pixel bel o
correspond to the matrix, while white pixels

We applied this approach to segmentorn he RV
of segmentation taking |l ess than 30 minutes f
for segmentation. To obtain the final probabi
using results from both t haegexdyY tahnedm.X ZT hdiisr entettih
reduce operator eacounsacayndofi mprbove itdenti fic

segmentation inptbasekFZgdR2erction are
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100 ¢

150

200

250

300

350

FigssZerobabil aY¥ immaogde gd fnabdt aRiViEeld anna@t)atiinon he X°
direction; b); ibovidireagKZXYiardtXodondirections
Theertical defects obser wehd aihb nir PpteXBt to@ g n
errors thustizZly segménomThenf meahoidmage, obtai ne
smoothing the probability maps,semamt anotonhawne
di r ecthiuvoth it mitigates artefacts resulting fro
as a Substitute for CT images in any software
accuracy of segmamtatwhemei mnobtyhel ascf tal al go

are provided.
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6. 1FE. model s of RVE

To analyse the behaviour of the material, |

the generated RVE: a voxel model and a tetrah

The voxel mo d e | was created using VoxTex
obtained- ®&faremi ndeeopj ect identification. To e
parameters for the voxel model wedeambboeen Thb

was achieved by setting the distance between
window to 4, which captured only half of the
wer e segment ed by densht gs hohlrdkcshal deng,el &ect
experi méntafainkede vol ume fraction. The materi al s
based on phepemntictaldl é anhddt ha orientations of
specified since both the fibre and matrix are

FE model Fegadewn in

Fi gaa83¢oxel model created with VoxTex software w
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The model accurately capturesoft hehe mmar éa
However, due to the voxel nature of the model
fibres from each other and obtain a more accu
would need to be much ®maéter ThioseWwosider agdi
| arger models, making them i mpractical to cal

I n addition to the -mexteld éieordeeca f,t ea tretfreah
tetrahedafalt heo dfeilbr es was created using Avi zo
tetrahedr al mesh is the ability to create mod

capture the shape and features ofe etvheen ttehter amhoe

mod el in Avizo software, probability vol umes
obt afiinterde vol ume fraction. The geometry was tl
which is necessary to awanrmotpole | ayc sthragpteal y | me

The tetrahedr al mesh was generated using s

to have a balance between accurately capturin

and mesh complexity.s®deispntei misi ingl Imgsht ot men

of "badly" shaped el ements known as slivers,
guality el emempts mildaitliton tools in Avizo were
el emeintths aw rati o of the radid. of the inscribe
0.02. The mesh modifiers used included fAaut o

number teft rabedr al el ements decréasedrhemchr 28 4

of the fibFieg44e8 shown in
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Fi gta4d EE model of fibres created using Av

Toreate a complete FE model, the previousl
Abaqus software and embedded within the mat
(approximately 2 el ements per fibre diameter)
this process, which kinematically constrained
According to the [AblaOgfulse dtorcaimmelnd tait 0 roanl degr ee:
of the embedded el ementsdaval oessbfat hedcbyr e
of freedom of the host el ements. The adoptior
PBC as it ensures a uniform mesh at the bou
overestimation efembheddad fIf meastsi confs tshi nce t hi
stiffness twicegl dasdslTqdo tehn snuarter i axc caunrdat e cal cul
matrix, the Young's modulus of the glass fibr

resulting in 68.5 GPa.
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Overall, from a singl e-quoaclaittiyo nR\WHE fdidmneistCel es
were <created. These models included original
tetrahedr al i mpl ementati ons.

6. 1RBsults and discussions of simulation with

The simulations of the periodic and origin;
and a Python code developed according to the |
boundary conditions. PBCs warceaeaamglpredetnao alh o to
| arger material. The simulationBi gqueed8Téher un mfeor
required forappltouwl mbtehy @®A@s hours for the v
tetrahedr al model s. The Bii gnuBlent it dinc $r, ek Rlethd car
modul yosr eval ent ori ent(B@t)iSon cwa st heaxl|mgadl liedrts eada | m:
transviesrosted@ymiay i cedrast i d nprodpheerrtad ceiese & rcetd @ m s
perpendicul ar to tHBfeEs)preval ent orientation

The stiffness tensor was calcul ated based «
effective ewaséei thpnopercthiesl ated fro@ithe st
The resulting vabahlkbe are presented in

TabllGePredi cted effective el asti@O0O®Ctolp editfifeesr emrft s\

the error in brackets if .compared with the exper.i
Mo del Numberl O, GF (err O . GF O, GF
el eme| (err o] %) (erro
Origing 80435 5.59 | 0.38 4. 23| 1. 44
Peri odi 80435 5. 43 0. 38 4. 35| 1. 42
Origing 64161 5. 75 0. 38 4. 14| 1. 39
Peri odi 54259 5. 64 0. 38 4. 24| 1. 37
Exper. - 6. 02 0.40 - 1.52
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5, Mises

(Avg: 75%)
+8.105e+01
+8.000e+01
+7.333e+01
+6.667e+01
+6.000e+01
+5.333e401
+4.667e+01
+4.000e+01
+3.333e401
+2.667e+01
+2.000e+01
+1.333e+01
+6.667e+00
+0.000e+00

Fi gaasBi stribution of von Mises sliressesosnf withemsi
cut in the middle of the RVE: a) original voxel;
tetrahedral; e) Il egend in GPa.

Wh e n comparedaigc ttehde epf f ecti ve el astic prop
determined properties of the tensile speci men
agreement is observed. The error was within 1

wthin 15% for the mean val ue soof tshpee cfiinbernes o rrio
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known in theHewp®eerment iis important to note

c

nderpredict the material eetrifalnesmi cThiss ruc

and fthhe e dirsatcrtiibount i on may di ffer for each ten

predictions, additional CT scans should be cor
variabilitryi adf sthm cmaséructure. However, for
anal Deesgp.i te the | imitations of the analysi s,
numerical simulation-geinehaPB@ssofudeapelkearni

The resul tts tshweg goeesrti otdiac RVE model exhibit:

experiment al value compared to the original R
the relatively | arge size of the RVE wused in
srtess/fdturcaiammt t bes edges. It is plausible that
woufifaavbhe periodic RVE model i f a small er RVE
possible that the i npumatprairmmegees naoatsedr € oir s
i ncr emaastes fixf f ness, for instance, coupdebeatetdo
tensil eAstamf eehgemprheet,ri X properties may have

circumstances,ulttise coiumul ptotemtriead |y be higher
model s, with both possiblyhexecdodiaspi sbepexpaert
simul atiyormlwouledul ts that ame cl oser to the e

The mosdanti mpegsults of the analysis can be
fields, particularly on sthhhevRb gtmidaomn £isabén oip@:
obsebetdeen opposite faces of the model . Spec

bet ween faces a) and b), which i s not <charact
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smoother transition magesx mgegc taendd. dl)n schoonmt rnauscth,

resulting in a more uniform transition from o

original: top face original: bottom face

a) b)

periodic: top face periodic otto face

S, Mises

(Avg: 75%)
+1.406e+00
+1.292e+00
+1.179e+00
+1.065e+00
+9.515e-01
+8.379e-01
+7.243e-01
+6.107e-01
+4.972e-01
+3.836e-01
+2.700e-01
+1.564e-01
+4.280e-02

c) =4 e

Fi gaa@8®i gni ficant stress [ rences irnahehder amat r i

di ffe
original RVE and a minor. dTh & é€ledé¢ o aimtsl hGeR As(acmed )f opre rei
figure.

The stress distributions on the periodic R
no property jumps on the boundaries when the |
di stribution on the ori gie adr-gRhyEs nicsalc osmprl eestse |
fluctuations between the boundaries. They <can
and affect the overall behaviour of the mater.:i
suggest nahttaddi méeéot of the original RVE i s
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simul ati on. eAlrsedf,f igrthtei vhe gphreaper t i elsi ndkie dt hee sweo X

stress fThhetluawemnpredi cted eff ecatainveepradpearitb

to the presence of more el ements, which can r
as in the smoother model
I n addition to examining the |l ocal stress f

its yierdulemgvitdhe von Mises yield criterion.
el ongation of 3%, taking into account the spe
stress values of all el ements o1 yth@mamgsreidx w
in the rmeprnegkimrgee Pnket on M330 materi al has

of 60 MPa. Tkrilgdimgamsegti mat whien the von Mises

reaches this value, the elastic energy of di st
this point. The red | ine on the hiidticea@damail nae
23% elements are
50000 | T above the yield stress
gafooon-
§
ESOOUG*
‘0.‘;20000*
ClOOUG*
0= T v T T ? ¥ T
0 25 50 75 ‘100 125 150 175 200
a i von Mises, MPa b) C)
d)
Fi gaTkdEi st ogr ams orma t éhliee maumtibpgedr tohfei r cal cul ated vc
values for 3% el ongation: a) original voxel; b)
tetrahkaraéed | ine indicated the matri x Yy
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