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ABSTRACT

Quantifying the effect of geometric, material and process variability on the
manufacturing process is the subject of this thesis specifically applied to a class of
composite manufacturing processed calletigqsid Composite Molding (LCM). In
LCM, the material which is a stack of woven or stitched fabrics, is placed in a closed
mold and resin is injected to cover all the empty spaces between the fibers to fabricate a
composite part. The 3D permeability netwareated by the stack of fabrics influences
the resin flow path and any variability in the local permeability from one part to the next
could influence the filling dynamics resulting in voids within the composite. The local
permeability variability of théabric material is caused by the size and the distribution
of the pinholes that exist in the fabric at the woven or stitched junctions.

In this work, first a method is introduced, to characterize the full 3D
permeability tensor of a fabric from one expent. Next, he local variability
(pinholes) of a woven fabric is experimentally measused,a methodology to
statisticallymodel it is formulatedThe statistical properties tife pinholes araisedto
generatehe pinhole sizes and distribution basedMonte Carlo method to cond8iD
flow simulatiors to investigate the dynamics of resin flow and void formation due to the
presence and distribution of the pinhol€ke effect othis material variability on the
manufacturing process is quantified bggicting the final void content in the part
numerically and validating experimentally.

Havingcharacterizethe pinholes odwovenfabric with its statistical

properties unsuperviseanachine learning metheaf dimensionality reduction

Xvii



(Principal Compnents Analysis (PCA) and Stochastic Neighbor EmbeddiSil&))
areemployed teextract thestatistical properties dhe pinholes from an image of a
woven fabric The extracted statistical properties are then used to create the pinhole
sizes and distrildion to conduct 3D flow simulations to predict void formation for
varying properties of the pinhole distribution within the fabric and other material and
process parameters.. Five parameters (pinhole properties, permeability of fabric,
permeability of dstribution media, and vent pressure) were identified as important
variables that would influence the void fraction and size of the voids. The results were
then organized using a Decision Tree method for more efficient analysis and
classification. This sty should prove useful in providing the guidelines to design a
robust process which accounts for the input material, process and geometric

variabilities to fabricate composites without voids.

XVili



Chapter 1

INTRODUCTION

1.1 Liquid Composite Molding (LCM) processes

1.1.1 Composites

A composite isnade bycombiring two distinctmaterialsof different physical
and chemical propertigadry fibrous material and liquid polymer).Dry fibrous
material can be either short@ntinuoudiber form. Forthe continuous fibeform,
differentarchitecturdypeshave been usedhey include wovenrandom andstitched

fabricsas shown irFigure1.1.

s ama _ P o e SRRT G AR
'?a { ’ (f,)' 2T S 15 % = o
¥ ! ! -y VA \ e - “ o
a SINY \ .
" - AN A SRRy . i
g - -~
pica ) -
“- - - - w .
-

A e W s o
Figurel.1 Continuous fiber forms (a) woven fabric (b) randotori@a (c) stitched
fabrid1]

- Svvea (VS AN - & — "

Liquid polymer resin is introduced to cover all the gaps between the fibers to
manufacture a composite. Thene two type®f liquid resinsused thermoset and
thermoplasticThermoset is abab0 to 5000 times more viscous than water, whereas
thermoplastic i®verone million times more viscous than water. Thermoplastic

although difficult to processan be recycledhile thermosetindergarreversible



chemical reactioand cannot be recycleBor this reason, the use of thermoplastic is

deemed to be more environmehtdtiendly than thermosetlowever , 1t 6s not
to use thermoplastic for all types of composite manufacturing pesessecially in

processes in which dense dry fabried&to be injected with resin that will occupy all

the empty spaces between the fibers. Hetheemoset®f low viscosityareused when
impregnaing densecontinuous fiber systesnLiquid CompositéMolding (LCM)

encompasses a family of processes in whithw viscosity resin is introduced in a

stationary fabric form by subjecting the resin to a pressure gradii@atresins mainly

used are¢hermoses, andthe process is widely usedimdustries including aerospace,
automotive, civil, and marif&]as it does allow one to make complex and net shape

composite structures.

1.1.2 Family of LCM processes

Liguid Composite Moldingl{(CM) represents a family afomposite
manufacturingporocess in whiclthe fabric preform is placed in a idpthe mold is
closed andiquid polymer is injectednhto the moldand cured (hardened) torm the
final composite part. LCM largely includes Resin Transfer Molding (RTM), Vacuum
Assisted Resin Transfer Molding (VARTM3eeman's Composites Resin Infusion
Molding Proces$SCRIMP),Injection Compression MoldindReinforced Reaction
Injection Molding (RRIM) andStructural Reaction Injection Molding (SRIM]. In
this work, the main focus is the SCRIMP process (VARTM waitltow enhancement
media called distribution mediahut we willalsointroduce RTM and VARTM process

to set the background.



1.1.2.1 Resin Transfer Molding (RTM) and Vacuum Assisted Resin Transfer
Molding (VARTM)

The major difference between RTM and VARTM is tiee of mold and
pressure used to impregnate the dry fabrics thighpolymer resinThe schematics of

both processes are presente#igurel.2.
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Figurel.2 Schematic of (a) RW (b) VARTM process

In theRTM processatwo sided rigidmold is used t@nclose and compact the
fabric preform to the desired fiber volume fracti®esin is injected undgositive
pressure into the closed rigid mold through an opening called as & gaipregnate
the stationary preform within the mold. Once the resin arrives at the vent, the injection
gate is closed and resin is allowed to cure within the mold before opening it to demold
the composite parf.he schematic of a RTM setting is presenteFigurel.2 (a).
Spacer plates can be used to control the final thickness oflaydti of fabrics for
permeability measurement teShefiber volume fraction of fabrics can be manipulated

by using different thicknesses of spacer plaesanindudrial manufacturing process,



hard mold are specificallynade for the composite part which does not require the
spacer plates fahethickness control.

The advantage of RTM procesgsod surfacdinish, short cycle timeand high
volume fraction of a p& Thegood surfacdinish is achieved becausiee solid mold
are placean both sidegpressing the layers of fabmuring the impregnation process
Positive pressure pushing resin through the reinforcement fabric enables the short cycle
time of a procss.The disadvantage of the proceshigh initial investment for the set
up (solid molds), especialjompared to VARTM process.

The aitomotive, civi and marine industridsavebeen using this technique to

produce composite parts.

Figurel.3 Example ofRTM manufactured composiparts: varying composite parts
(top), BMW i3 with internal structure and body cdbmposite (bottom[2,3]



Examples of carbofiber reinforced composite parts which are masing theRTM
process are shown kFigurel.3(a). Figurel.3 (b) showsBMW i3 carwhich is mass
produced (70 vehicles a day) usthg RTM process. The internal body and structure of
the car are made of composite parts.

VARTM was introduced dum it low initial set up cost as one did not need a
complex two sided rigid mold'he schematic of the process can be fourféignrel.2
. The process of VARTM is as followin@ry fiber preformsare first placed on @ol
surfaceand therenveloped withira vacuum bagA line injection is placed at one end
and a vacuum line or port is placed at the other end. A vacuum is drawn on the
assembly to compact the faband draw the resin at atmospheric pressure into the mold
due to he pressure gradient. As there is only one atmospheric pressure to drive the
resin, it can take hours to impregnate a meter long part using this process which is not
desirable as the resin could cure before the part is filled. Hence a slight modification
was invented and labeled @eemann Composites Resin Infusion Molding
Process3CRIMH4]. In this process, Bistribution media (DM) is placedntop to
enhance the resin flow in the plane directionDM is a fabric witha veryhigh
permeability which allows resin to travielthe inplane directiormquickly. Fabrics and
DM under a vacuum bagyeplaced under vacuum whigecures the fabrics and DM in
place for thenfusionstep. Finally vacuum is drawto movetheresin into the fibrous
preform

The advantage of this procesghat t is relatively easy to scalgp the process
for large composite pasuch as a wind bladés 7] and aircraft par{8] and that the
initial setup cost is lowthanks to the usage of vacuum bag and DM instéadrigid

mold on one side. The examples of composite parts manufacisirgdthe



VARTM/SCRIMP process arghownin Figurel.4.However, the part manufactured
using thevVARTM process has lower volume fraction and less complicdésign than

the one irtheRTM process.

Figurel.4 VARTM manufactured parts (a) wind blade motor (b) wind bl@de
The quality of both processes is mainly governed by the flow dynamics of resin
impregnating the dry fibrous materialhe goal is to fill all the empty spaces in the dry
fabrics with resinTherefore it is key to understand ¢fuynamics ofesin flowto

ensure high quality ahe process anthe final composite part

1.1.3 Modeling of Flow in LCM Processes
In Liquid Composite Molding (LCM) process theflow of resinthroughthe
fiber preform can be modeled as floivliquid through ananisotropic porous media

which Darcyodés | aw describes as:



o  —2 0 (1.1)

Here<u>i s v ol ume aver ag e dresindascosity,i
np is the pressure gradieskperienced by the resivhich drives the flow,
andK is the permeability tensor that characterizes the resistance to resin
in various directions due to the architecture of the porous medium.
Permeability is a second order symmetric tensor with six independent
componentslt is a material property that describes fiber resistance to the

of liquid. The permeability tensor is gan in Equation 2.

0 0 0 (1.2)
L o 0 0
0 0 0

Kxx, Kyy, and Ky are inplane permeabilitgomponentsvhich describe the flow
in theplane K., Ky, and K, describeout of plane permeability cgmonentsKyy Ky,
and K; are skew terms whicfjuantifythe degree of misalignment betwebpn
principal directions of the fabri@ndthe chosen coordinate directioksis a material
parameter of the fabric and needs to be characterized before one @rihadlbw of

resin in such fibrous porous media

1.1.4 Characterization of permeability tensor
There are a number of studies to characterizgoptmeability tensof10i 36].

The permeability tensor has been characterized analytically and numdrically



number of studiesSimaceket al presented a methodology to calculate Kyy, and k;
from a single experiment numericgB2]. Nedanowet al. introduced an inverse method
to obtain all four components of permedlitensor (Kx, Kyy, Kzz, and Ky) from a

single tedtl7]. Oneimportant thing taoticeis thatthe through the thickness skew
terms (K and K;) are still relatively understudied and unidentifidset al. are the
first onesto point out the importance diethrough the thickness skew tefi2]. The
skew terms represent the tendency of the liquid resin to travel in skeareter in
through the thickness direction. The effect on the flow front is desltribedn Figure

1.5.

(®)

Figurel.5 Flow front profiles on the top surfae¢120s. (a) k., Kyz = 0 (b) K. =5e-12
m?, Ky=0 (C) Kxz =0, Ky;=5e-12n? . For all simulations: K =2e-10n?, Ky, =1e-10n?,
Kzz :16-12r‘r12, ny ::I.e':l.].rn2

Thecenter of thdlow front on the top surface shifts in the x direction in relation to the
injection gateat the bottom surfacsith the presence of nereroKy; skew term and in

the y direction with the nemeroKy, skew term

For this reason, it is imptant to characterize all six components of permeability tensor
including through the thickness skew terf@se of the goals of thidissertations to

develop and verify a novel methodology to measure the permeability tensor with the



skew terms from a sgte experimentHowever, such an experiment provides a
homogenous global value for the permeability components for the entire fabric. In
reality, the local permeability will exhibit variability and this could influence the local

resin flow.

1.2 Variability in Fabric Permeabiity and Its Effect in LCM Process

Dry preform contains local variability due to its randomly varying geometrical
properties. This could be due to manufacturing process, handlirigr Eydup[37i 39].
The example of local variability of @ain wovenpreform is presented rigurel.6.
which showsthe (a) original image of 6cm x 6¢cm plain woven fabric, fiyhlighted
local variability, and (cpinary image obtained by filtering the original imaghe local
variability or randomly varying geometrical properties are not obvious or clear in (a).
However, he variability induced by uneven width afow or fibers abnormally
sticking out from a tow can loketected on close observatidmeseanomaliegesult in
locally varying permeability field of dry fibrous preform. In addititonthesdactors
the mesescale empty space between tows (pinhole) also vary in size which is well

depicted inFigure 1.6c).

1C



o,
e g s g S

Figurel.6 (a) Image of plain woven fabric (b) plain woven fabric with local variability
(c) Binary mage obtained by filtering image (a)
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Theserandom variabilitiesn a material cacause large changes on how the
fluid impregnates the preform during the impregnation step of the manufacturing
processEspecially, the pinholes of varying sideectly affectthe resin flow in through
the thickness direction which results in air entrapment (dry spogsjds).Void is a
region of the preform thdailed tofill with the resin during the impregnation process.
Voids are undesirable as they act as stressetarations and can initiate failure of the
componentThe progress of resin flow thepresence of pinholes is depictedrigure
1.7. In thisexample of th&/ ARTM (SCRIMP) processatotal of four layers of dry
woven fabrics wth pinholes werdirst placed on an acrylic plastic madahdthen the
DM wasplaced on top othe4 layers.The acrylic mold allows visual access to the
impregnation procesé camera was mounted at the bottonmaoord the filling Figure

1.7 shows the images tifie bottom layeat different times

12



Figurel.7 Progress of resin flow filmed from the bottom durthg SCRIMPprocessat
advancing timega) 3s (b) 8s (c) 18s (d) 22®i the beginning of the injectiokVhite
indicates resin and black indicatesids Resinflows from bottom to top

As there is a distribution media on top, the resin can fill the top face much faster
than the bottom layer§heflow front is uneveras he resin from the distribution media
canarrive at the bottom layehroughthe pinholes before the resin impregnating the
bottom layer arrives therds the flow fronts emerging from the pinholes merge with
the flow front impregnating the bottom laydmill entrapthe air and createwaid.

Figurel.8 shows (a) the last image at 288w (b)its filtered imageOne can clearly see

thevoidsin Figure1.8 (b) in the pink backgrounuh the filtered image
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Figurel.8 (a) Image othebottom layer at 22s ithe SCRIMPprocessBlackindicates
voids and light region shows tiesin. (b)Filteredimageclearly shows the dark void
regions and the pink resingiens

Hence, it is important to predict the effect of this variation on the manufacturing
guality of the composite part

Although many of possible cause for the variability have been identified in
published work$18,37 68], most of the studiesf the heterogeneousi{ochastically
varying) permeability field of a fibrous material are focused on characterization of
randomly varyingn-plane permeabilityMarkicevic et alwerethefirst ones tacaddress
[43] tthe influence of stochastically varying through the thickpesseabilityof a

woven fabric
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Another goal of this dissertationtis better understand the stochastically
varying through the thickness permeability fielda woven fabri@and its relation to

other manufacturingarametersuch as DM permeability.

1.3 Dissertation Overview

The scope othe work presented heigto developa methodo characterize all
6 components of bulk permeability atdunderstand, model and finally predict the
resin flow into a reinforcement with random heterogenaityirough the thickness
permeabilityin LCM processesThe objectiveof this dissewtion is to characterizand
modelthe random fields induced by pinhoieshrough the thickness directiavhich
canhelpto predictthe resin flonand develop abust LCM process thatanufactures
compositesvithout voidsdespite the presence of theiasions inthe permeability ofa
fabric.

There are several steps required to achieve the proposed objéajite
formulate a methodology to measure and deterti@permeability tensor including
skew terms (I, Ky,) to predict the resin flow in a hageneous fabrifb) to identify
and confirm the cause of heterogeneityhirough the thicknegsermeability of a fabric
experimentally and numerically, (c) to develop a novel wayetteratehe random field
of theheterogeneous permeability field imyestigatingits statisticabropertiesand(d)
to develop a methodology emable users tquickly determine and characterite
degree otheheterogeneityf a desired fabric sample

Chapter 2 introduces a methodology developed to obtain all six conmtpafe

permeability tensor includingand K, from a single experimenthe importancef

15



the influence oskew termsn influencing the through the thickness and in plane flow
presented anthe methodology is explained in detail.

In Chapter 3, theause of heterogeneiiy through the thicknegsermeability of
a wovenfibrous materials identified andmplementednto a numerical simulain.

The effect of heterogeneity through the thickness permeability on resin flow and void
formation isinvestigatedexperimentally and numericallyhe effect of randomly

varying permeability field on void formation (air entrapment)l @M processess

studied with varying DM permeability.

Chapter 4&haracterizethe random field of through the thicknggsrmeality
of a woven fabriasing statistical analysi$Vith the methodology to create the random
field with key statistical propertieMonte Carlo (MC) simulations are carried ¢oit
characterize the void distribution and compare it withetkigerimental redts

In Chapter 5, anachine learning method of dimensiahaleduction is utilized
to identify the key statistical properties of the permeability field of a fabric in the
through thickness direction from its imag#sing Principal Component Analysis
(PCA), the dimensionality of theinary imagess reduced taéhree. A decision tree
approach is introduced in Chapter 5 to forecast the possible void fraction and void
distribution to expect from a binary image of the fabric architecture before introducing
resn in that preform architecture.

In Chapter 6a parametric study is introduced to investigate the effect of
pinholes along with other process parameters on the void formation in a VARTM
process. Pinhole properties, fabric permeability, Distribution mestiaeability, and
vent pressure are parameters chosen to study its effect on resin flow. Monte Carlo

numerical simulations are carried out aridhe resultingsize of voids or void fraction

16



are obtained. The results are then classified ub@Decisin Treeapproach for easy
visualization and approach

Final chapter summarizes the original contributions of this work and presents possible
pathways for continuation of this approach to improve manufacturing processes of

composite materials.
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Chapter 2

CHARACTERIZA TION OF 3D FABRIC PERMEABILITY WITH SKEW
TERMS

2.1 Introduction

Permeability tensor is an important input parameter in the simulation to describe
the flow behavior of the resin during mold fillingor this reason, many studies on
characterizing the permealyliof a reinforcement fabric have been carried[tb4dt
18,21,24,25,32,33,69,70h-planeprincipal permeability valus were measured
experimentallyby 16 different methods in the study by Arbter ef@®]. Ken han et
al[25] developed a new method to measurplame principlgpermeabiliy components
of fiber preforms with high volume fraction using pressure transduo&mkwo et
al[17] developed a methodology to obtain four permeability values (aline
permeability components and throutye thickness permeability) from a single
experimentin-plane and througthethickness permeability westudiedin depthby
the researchers, however, the skew $5iq, andKy,) for thick parts hee not been
addressedSaset al[21] arethefirst ones to consider theffect of throughthethickness
skew terns ontheflow front. Throughthethickness skew ternif present can affect
the resin flow dynamics in LCM process to a significant degseshown ¥ examples

simulated inFigure2.1.
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Figure2.1 Flow front profiles along the top (upper picture) and bottom (lower picture)
surfaces of a 3D geometry (a) KKy =0 (b) K= 7e12 n? Ky, = 7e12 n¥ For both
simulations: Kx =1e-10n?, Kyy =1e-10n?, K;;=1e-12n¥, Ky =0.

Figure2.1shows the effects of transverse skew terms on resin flow patterns
during impregnation into a complex 3D geometry. Resintieducedrom the center
line gatewhich is located on the top sideolors in the figue signifythearrival time of
the resin at that location. Blue represents darigs and red is later timds. Figure2.1
(a), the flow fronts advance from the line gate reaching the edge of the trailer evenly at
the same timelang the top and the bottoWhen througtthethickness skew terms are
introducedn the simulation irFigure2.1(b), the flow fronts along the top and the
bottom show substantidifferencein the filling pattern which could lead voids(air
entrapment)f the resin arrives at the vent before the preform is completely saturated.
Thick 3D preforms due ta complex weaving pattemexhibitasymmetric flow in

the thickness direction which can jpeedictedf the skew termgrom a pemeability
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characterization experiment are provided as an input tibotivesimulation.Hence
skewtermsalong with irplane and transverse permeabibtfya preformshould all be
characterized to better understand resin th@avior inLCM processs In this

section we presenanalgorithmthat optimizes the flow front positions recorded from a
permeability measurement station to obtairsallindependernpermeability

components of the second order permeability tefisor a single experiment.

2.2 Approach

2.2.1 Methodology
Figure2.2 describes the methodology used to characterize the permeability

tensor of the fabric from a single experiment.
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Figure2.2 Methodology for characterizain of all six independent components of the
permeability tensor from a single experiment.

The methodology consists of two steps. The first step involves conducting a 3D flow
experiment with a central injection gate on the bottom surface in a transpatént mo

The movement of the flow front of the resin on the top and bottom side is recorded with
two digital cameras. The images captured by digital cameras from the experiment are
automatically processed to obtain resin flow front information at various &nteto
estimate initial set of three-plane permeability componentsy{,Kyy, Kyy). Initial
throughthethickness permeability componenks{K:xKzy) are calculated using the

grid method and image processing information. The second step uses tiisehidif

six permeability values amninput in LIMS (Liquid Injection Molding Simulatioh
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whichis used to describe the flow behavior of the resin in a 3D mold. LIMS is a finite
element/control volume bassdnulationpr ogr am t hat usdcstheDar cyos
flow pattern within a porous preform as a function of tifftee details and capabilities

of LIMS are described in Appendix Ather input values in addition to the six

components of the permeability tensor for the flow simulation are viscoddy,

pressure or flow rate, and the fiber volume fraction. LIMS numerically simulates the

flow of resin with the same geometry and the inlet location as the experimental case.

The flow front arrival times from the LIMS simulation are compared with the

expeimentally recorded flow fronts and theesidual Sum of Squares (RSBgtween

the twoat all time stepss calculated.

YYY Oy (2.1)

Where,U is the number of nodes filled with resiy; is a resin arrival time at each
node during the experiment, aid  is the arrival time calculated using LIMBhe
permeability values in the LIMS simulation are systematically updated tisng
simplexoptimization search algorithm. The coupBgtem of LIMS and the simplex
search algorithm worln tandento minimize theRSS When the relative error between
the fill times from the numerical simulation and experiments is less than 5 %, the
permeabilitycomponent values adeemed to be found atige search is ended.

The next two sections describe the experimental and the search algorithms in

detail.
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2.2.2 Experimental

Figure2.3 is a schematic describing the experimental setting. First, fabrics are
weighed to calculate the kone fraction and viscosity of resin to be injected is
measured. The fabric reinforcement is placed between two transparent acrylic molds
with a spacer plate in between creating a picture frame mold as in a Resin Transfer
Molding setting (RTM). The fabrits compressed and clamped until the top and the
bottom surface of the mold are flush with the spacer plate. The resin from a pressurized
tank under constant pressure is injected through the center gate in the bottom mold.
Simulated resin (corn syrup) isagshere because it is as viscous as a resin and easy to
clean after the experiment is completed. Also, as the interest of the stady is
investigate the flow behavior of resin, the use of corn syrup is valid and well known
way to simulate resin flow. Thesin flowalong the top and bottom surfaseecorded
through the transparent acrylic mold by two cameras mounted over the surfaces during
the impregnation of resin into the fabric as showRigure2.3.
Once the images are alnted from the experiment, they are analyzed to calculate initial
in-plane permeability components as explained in the next section of the image

processing step.
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Figure2.3 Schematic of the experimental s to characterize six independent
components of the permeability tensor of a fiber preform from one experiment.

2.2.3 Image Processing

After the experiment is recorded, the flow fronts in the images as seen from the
top and the bottom surface at various snaee fitted with ellipses with a leasuares
fit method using MATLAB. This allows one to obtain the resin arrival time at any
location. The accuracy of the methodology is confirmed by comparing the nodal fill
time calculated from the image processinghassigned fill times. The average
relative error between the calculated fill time from the fitting of the ellipse and the
known fill times was found to be less th&b.5Thesemimajor and minor diameters,

the angle of rotation, arttie centroid locatia of the ellipse are also generated in this
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step This information is used tdetermine the initial set of iplane permeability
componentsKxxKyy, andKyy) using the analyticadolutionfor resin flow in 2D. These
permeability values are not final fob3low, they serve as a good starting point for the
Six parameter optimization search. The semjor and minor diameters of the fitted
ellipse at different times are input values to calculajglame permeabilityyyx and

Kyy). The rotation angle is dicdy related to the magnitude of-plane skew termiy).
The initial in-plane permeabilitylxx,Kyy, andKyy) are calculated using the equations

(.27 (2.4 [17]

‘N Cw
P e N (2.2
oyn i
‘D Cw
I R 3
oyn 1
o gb b OAd— (2.4)

Here, the is the inlet radiusp andw are the flow front positions along x and y axis
attimesd andd . TheYn is the applied pressure difference driving the simulated
resin through a preform, is the viscosity of the impregnating resin, ani the

porosty in the mold.—is the angle which represents the orientation of the flow front
ellipse with respect to experimental-sgt axis.

The algorithm to find the optimal values needs an initial value for all the six
independent components of the permeabiéhsor.Throughthethickness permeability
componentKy,, Ky andKz are obtained through grid search method described in the

next section using the same image processing information.
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The advantage of this image processing method is that it isedsimple to use. For
example Okonkwo et a[17] reported thfi192 sensors installed on the top and bottom
molds were used to obtain the resin arrival tinfé® maintenance of sensors is
challenging and also makes cleaning of the mold difficult because some of resin gets
embedded in the sensors even after cleamhgh compromises the accuracy of the
measurement. Compared to the method using sensors, image processing requires only
two cameras which makes the methodology convenient. However the downside is that

one must use molds that have a transparent window.

2.2.4 Grid Search Method

The Grid method was introduced because a good estimate of the initial value for
through the thickness compone(its;, Ky; andKy,) is crucial to prevent the
optimization search with the simplex metHooim gettingtrapped in a local mima.
Findinga global minima without getting trapped in a local minima has been an
importantissue for simplexalgorithms. There have been multiple efforts to improve the
Nelder Meade simplex methqdli 74]. Chelouah and Siaif§1] proposed a new
hybrid method composed of a genetic algorithm and simplex search to resolve the issue
in 2012. The hybrid method is call@bntinuousGeneticAlgorithm (CGA). In CGA, a
promising population is found firssing a genetic algorithm. Later, Chelouah and
Siarry employed a new hybrid method combininfgdusearch and theelder Meade
simplex searcho address the issue of local minimiabusearch is described in the
journal by Hertz and Werra et[&@5] The combination of the two search methods

ensuredhe localization of the promising region with a global min{mg 72].
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In this study, grid method conducted an initial search in the most promising
region to provide a global minima and was implemented before the simplex search step
to prevent the simplex search from being trapped in a local minima. Tiaésegrch
using the grid method, is carried out by estimating through thickness skew terms from
what is known about the flow along the top and the bottom surface. First, the ratio
betweerKy; andKy; is obtained from the center shift of flow front appegron the top
side compared to the bottom side from the experimental results. The ratshiéf and
y-shift gives the ratio betwedfy,; andKy; (asis clear fromFigure2.1). This reduces 6

variable optimization to 5 variablgptmization problem.

O 0 Y (2.9)

Here, the ratipR is defined ashe distance of the center of the ellipse on the top surface
from the injection location along the bott@urfacein thex direction tothatin y
directionas can be seen Figurel.5

Initial 0 ; andv  are defined as follows

mipd O (2.6)

As the through thickneds;;is usually two order of magnitude smaller than in plane

permeability.
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(2.7)

Kxz,iniis calculated using Emtion2.7 as it needs to satisfy positive definite condition as
permeability cannot be a negative value .

The grid search method takes the iniKa} iniandKyz in, values and searches tbe
optimalinitial guess in its neighborhood as showrrigure2.4. K, iniis varied from
0.1Kzz,inito 1.5Kzz iniwhile Ky iniis varied from 0.Kyz ini, 10Ky inito create the input
set forLIMS along with the other permeability components defined by equalidns

2.7. The results are compared with the experimental arrival times at the nodes and RSS
is calculated for each grid point as showirigure2.4.

The set opermeability K5 Kyz) that yields the lowest RSS value is chosethas

initial guess along with Equatidq@.4-2.7) initial values for the simple method. This is a
necessary step to ensure successful convergence of simplex search to find a global
minimawhich will provide us with the six independent permeability components that
match the experimental flow arrival times along the top and the bottom surfaces at

various time steps.
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Figure2.4 Grid search rathod to find the best initial guess foflfi and Keq,ini. Kzz,ini is
varied from 0.1Kzini t0 1.5Kz.ini , Kxzini 1S varied from 0.1 k& ini t0 Kxz,ini

2.2.5 The Simplex Method

Simplex method can minimize a functionrofariables. Simplex is a convex
hull with n+1 vertices inn dimensions. The function ofvariables is minimized
through a transformation of the simplex convex hull figure through reflection,
contraction, and extensionyvertices of the convex hull without an origin vertex
decides the ector direction for the transformation. Function values afritié&) vertices
of simplex are compared and the vertex with the highest function value is replaced by
another point. The process is terminated when the function value is minimized which
satisfies the assigned tolerance. It is a very powerful and quick method that can

optimize a function oé large number ofariables[76] Okonkwo el al. chose a golden
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search methotbr 4 variable optimizatio{17] When the golden search method was
implemented to optimize a function of 6 variables, the operation time took more than 10
hours. The slow convergence is a welbwn dawback of a golden search method with
more than 3 variables. Simplex can deal with multiple variablesamgaratively

shorter operation time of a couple of hours.

For the final step in the optimized methodology, the simplex search begins with
the initid set of six permeability components as determined from the grid search
method as described in the previous section. The simplex algorithm then continues to
minimize the RSS of fill times between the experiment and the simulation at various
time steps. Whethe average of relative error of all fill times becomes less than 5%, the
simplex search is deemed to be converged and the search is terminated. The entire
system is automated in that image processing, grid method, and simplex are all coded
and linked tgether in MATLAB program coupled with LIMS. Once the images are
recorded from an experiment, the entire algoritan becarried out automatically and

when converged will repothe six independent components of the permeability tensor.

2.3 Results

The preseted algorithm is validated through virtual and actual experiments.

2.3.1 Virtual Experiment

The accuracy of the developed algorithm as described in the previous section
was evaluated numerically with LIMS simulation data. First, a set of six permeability
componatslisted in Table 2.1vas assigned as an input to LINBNng with the

experimental process parameters which are providédbte2.2. With these material
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and process parameters, LIMS simuldtesresin flow in the geometry tie
experimental mold. LIMS records the time of arrival at each node when the resin fills
that particular nodal control volume. In this w#ye nodal arrival times (nodal fill

times datapre generated

Table2.1 Assigned set of six componentsfabric permeabilityused in the experiment
K (M) | Kyy (M?) | Kgz(M?) | Ky (MP) | K (M%) | Kyz (MP)

Value 2e10 1e10 lel2 lell 5e12 5e12
Table2.2 Parameter vales for LIMS simulation
Parameter: Numerical value:
Inlet pressure(pa) 10°
Volume fraction(%) 40
Viscosity of resin(pa*s) 100

Transverse skew termKy; and K., are assigned with a moderate value to test the
searchability of the algorithm in the psence of skew terms. Visual images of

simulated flow fronts from LIMS at different times were captured into image files as if
they were recorded experimental images to be used later for image processing. From the
image processing data, the found initiel sf permeability is optimized by the simplex
search.

The result inTable2.3 shows the prediction is within 2% c#lativeerror. The
superimposed flow fronts presented-igure2.5 shows a good agreent between
predicted and numerically calculated flow fronts. One important point to notice in
Figure2.5is the shift of origin in the presence of skew terms as pointed out earlier. The
shift of origin occurred both in x and yréction with both skew terms. The algorithm
accurately predicted all of the six permeability components and converged in less than

two hours of CPU tim&vith a PC computer.
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Table2.3 Predicted permeabilitfm?) and its relative error (%)

2.3.2 3D Fabric Permeability Characterization

r

was used. Corn syrup was used as a simulated resin for convenience. Radial experiment

Kk (M?) | Kyy(M?) | Kzz(m?) | Kyy (M?) | Kz (Mm?) | Kyz(m?)
Predicted
Permeability] 1.97e10 | 9.8ell | 9.9el13 lell 5.01el12 | 4.98el2
(m?)
Relative |y 55 | 116 | 105 | 005 | 1.03 1.06
Error (%) ' ' ' ' ' '
Time(Sec)
1 70
2 100
3 150
Assigned
Predicted

Bottom

Figure2.5 Predicted flow fronts superimposed on numerically obtained flow fronts

Top

along the top and the bottom surface at time of 70, 100,150s. Black dot represents the

inlet gate.

3D woven Eglass fabriavith 6230 g/m aerial density was used as a

ei

nf orcement

sampl e.

Two

| ayers

of

was carried out in the setting desedlanFigure2.3. Experimental coditions are

displayed inTable2.4. The proposed methodology was used to characterize the
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permeability tensor. The results are presentdtigare2.6, Figure2.7, andTable2.5.
Figure2.6 shows the experimental flow front, the flow front from numerical simulation
with predicted permeability and the comparison at 6&édet the two for both the top

and bottom side.

Table2.4 Experimental conditions for the permeability characterization test

Parameter: Numerical value:
Inlet pressurépa) 10°
Volume fraction of Eglass 0.4
Viscosity of corn syrufpa*s) 0.98
Diameter of injection hole 127
(cm)
Mold size (cm x cm) B Y oRBR Y

Table2.5 Predicted six components of permeability tensor of 3D glass fabric
Ko (M) | Kyy (M) | Kzz(M?) | Ky (M?) | Kz(m?) | Kyz(m?)

Numerical
3.2e10 2e-09 4e-12 6.7e14 7612 45el12
value:

TOP

Experimental Simulation Comparison
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BOTTOM

Experimental Simulation Comparison

Figure2.6 Experimental flow front, the flow front from numerical simulation with
predicted permeability arttie comparison at 6s between two for both the top and
bottom side

Time(Sec)
Blue 4
Green 6
Color Simulation

Experimental

Bottom Top

Figure2.7 Predicted flow frord superimposed on experimental flow freoh the top
and bottom at different times

The superimposed imag#em experiment and numerical simulation are
presented ifrigure2.7. The experimental result shows a good agreement with predicted
flows on both the top and bottom sides. The predicted set of permeability seems
reasonable basexh the shape of the flow front on the bottom and top surfaces. Firstly,

Kxx Is about 6 times smaller thargyKwhich can be explained by the ellipse shape
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extended in the-direction. The square of the ratio of major to minor axis of ellipse

gives a good @proximation of Ky to K« ratio. The ratio of major axis of an ellipse at

6s in y direction to minor axis in x direction is found to be 2.3. The square of the ratio is
about 5.5 which shows a good approximation for the ratio of predicted in plane
permeadity ratio of 6.25. As the measured rotation angle of the ellipse is 0.6° on
average with respect to the coordinate direction, we would expetd Ke

insignificant. The result shows thagMs four orders of magnitude smaller than other in
plane permdaility component confirming what is observed that the principal directions
of the fabrics are very much aligned with the reate direction in the-y in-plane
direction. K, and K, causes a shift of the center of the ellipse on the top side. The
measued center shift of ellipse on the top is 8.5 mm in the x direction and 6.5mm in the
y direction. The shifts of the center of the top side ellipse in both directions explains the
significant skew terms which are of the same order as Kzz. The result silifys

shows that the permeability set of 3D fabric can possess the skew terms which causes
resin to flow in skewed way in through the thickness direction as was shéwgune

2.1. Hence, it is essential to identify all six compats of permeability set to fully

understand resin flow through unbalanced and 3D fabrics during LCM process.

2.4 Summary and Conclusion

An optimized algorithm has been developed to find all of the six independent
components of the permeability tensor ofleef preform from a single experiment. A
3D radial flow experiment was developed to record the movement of the flow front
along the top and the bottom surface. With image processing algorithms information

about the flow arrival times at various locationsl ahe shape of the ellipses along the
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top and bottom could be extracted automatically. Initial values of the six independent
components of the permeability tensor were successfully found with analytical 2D
solution, image information captured via recogdthe movement of the flow front
through transparent mold walls along the top and the bottom surface, and the grid
search method. The simulation resin flow arrival times were compared with the
experimental values at all time steps with the goal of minigitne error. The grid
search method allowed the simplex search to reach a global minima without getting
trapped in a local minima. The proposed methodotigyyonstrateéast convergence
and was able to predict the permeability values accur&etyplex nethod was found

to be highly advantageous widlility to optimize more tha variablesat a timeover
other search methods such as golden search method.

This novelmethodologywasused to characterize a plain woven fabric with
pinholes with 6 componentd bulk permeability. The bulk permeability is the essential
part for numerical simulation to study the behavior of resin with presence of pinholes
which are the main cause of variability in through the thickness permeability and a
leading cause for voidsuring manufacturing witCRIMP proceswhich will be

addressed ithe next chapter.
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Chapter 3

STOCHASTIC MODELING OF THROUGH THE THICKNESS
PERMEABILITY VARIATION IN A FABRIC AND ITS EFFECT ON VOID
FORMATION DURING VACUUM ASSISTED RESIN TRASFER MOLDING
(VARTM)

3.1 Introduction

It is a well known that higher the value of the DM permeabilityy Kfasterwill
bethe filling processluring Vacuum Assisted Resin Transfer Molding (VARTM)
processHowever, one must explore the influence of this higher DM permeability on
the flow dynamics and void formatidrecause void formatias undesirable for the
part and willeventuallylead to lower yieldln this processiesin flowis largely
affected by variation in through the thickness permeability of a woven fabdn
distribution media (DM) is placed on top of the reinforcem&hevariation in tliough
the thickness permeability of a woven fabsicaused by the pinhole regions around the
junctions of fiber towsThevariation in thepinhole regions can create uneven flow
along the bottom surface of the mold and thus trap voids or dry regimtess
modeling and simulation of resin flow in such processes have improved our
understanding of how flow patterns can dramatically chéegause o¥ariability in
fabric permeabity [77i 79]. These values of permeabilty exhibit significant variations
[31,80]due to many factorsuch as fiber architecture, spacing and angle variations
[47,63,64] Thevariability in the permeability values is responsible for anomalies in the
resinflow that can cause voids in the final composikeumber of studidd6i

48,61,6365,81,82]described the variability ifabric permeability and have
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characterized its effect on resin flow. However, most of the studies conducted so far
haveinvestigated irplane permeabilityl andv ) variationsbutnot through the
thickness permeabilityd( ) variations. Markicevic et d#3] were the first ones to
study the randomness in through the thickness permeability numerically when
distribution media (DM) is used in a VARTM process. Howesemeexperimental
variable such as degreénesting was not consideradhenmodeling heterogeneity in
0 for numerical simulations. Degree of nesting@ imeasure diow consecutive
layers of fabrics are aligned relative to each other and is one of the important factors
thataffectsthe dgree ofvariation in through the thickness permealj¢iy]. Also,
experimental work is necessary to validate the approach towards modeling of the
pinholes within the fabric using three dimensional flow simulation.

Figure3.1 shows an image of the bottom layer of four plies of fabric when resin
reached the vent in a VARTM setting. The experimental setting is describegline
3.2. A distribution media (DM) waslaced on the top dhesefour layers of woven
glass fabric and a Newtonian liquid (corn syrsipulating resin) was introduced via a
line injection on the top surfa@e contact with DM Resin impregnated the fabric
layers fromtheright totheleft end.Dark areas highlighted with circles indicate voids
and unsaturated tows. These are defects which lower the mechanical performance of the
composite part81,83,84] They are nowuniform and unsymmetrical, which strongly
suggests stochastically varying material properties. When the inletgztedresin
racedthrough the ditribution media first and then through the fabric layetfén
through the thickness direction as schematically shovagure3.2. In thethrough the
thickness direction, there are two possible passages for resin tcasakielvn in

Figure3.3: thefirst passage is through mescale pores (pinholes) between tote
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second passagetisrough micro scale pores (tows). Resin prefers to go through the
pinholes firstbbecause oits higher permeabilitgompared to thene ofthemicro scale
pores within a fiber tow. As can be seerfFigure3.3, the size of pinholes vary
throughout the fabric and this random variation directly affects the resin flow. This
study aims to study theffect of randomly distributed pinholes and the role of DM

permeability on the resin flow and void formatiomumerically and experimentally.

Figure3.1 Image of the bottom layer of a fabric at the ehthe VARTM experiment.
The dark areas represent void regions.

Distribution media Vacuum bag  Inlet gate
: /
y Fabric ‘ /

Acrylicplastic
Figure3.2 Schematic of the VARTM process to describe the impregnation of resin into
thereinforcingwoven fabric with distribution media pleg on top of four layers of

fabric.
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Figure3.3 Image of a woven fabric which shows two types of pores with Rsicabe
pores and messcale poredNote that the size of mesoscale pores vary

3.2 Characterization of the woven fabric permeability

3.2.1 Bulk permeability of the fabric

E glass fabric wittanaerial density of 2.95 Kg/fr(shown inFigure3.4) was
used as reinforcement for our experimefitse six components of the bulk permeabili
of the fabric to be characterized are theliane permeabilityKx, Kyy, andKy) and
through the thickness permeability.f, Ky, andKy;). The material symmetry dictates
the principal directions of the tensor and only three components should-zenoon
(Kxx, Kyy, andKzp) as long ashex and y axes are aligned wittie warp and weft
directions.The bulk permeability components were foundddiber volume fraction of
50% using a VARTM experimeffi80]. These permeability componets listed in
Table3.1 and assumed to be uniform throughout the fabric. Whildnatomporents
were determined, the natiagonal terms are effectively zero and the principal

directions are aligned with tows/through the thickness as expected. Moreover, the ratio
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of KwxandKyy values is close to unity, which is reasonable considering how t@ws ar

woven in the same way in batthex and y directions.

2
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Figure3.4 Kpin areas detected through image filtering tools using MATLAB. Letftés
original picture (12.5 cm 7 cm) and right is the filteredanage with highlighted
regions as detected pinholes between fiber tows.

Table3.1 Permeability of a plain woven E glass fabric

0 a& O a 0 & 0 a& 0 & O a

8.86x10" 9.10 x10" 1.36 x10"2 9.89 x10'° 1.58 x10'° 1.00 x10%

The continum model is somewhat inadequatethe transverse flow in this
studyis dominated by the pinholes. To addressitiaslequacythe continuum model
was altered to include enhancement in thgpiérmeability by flow through discrete
channelsas shown irFigure3.5. The pinholes exhibit randomdistributed

permeability Kpin) as can be seen from Figure .3.4
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Figure3.5 Woven fabric layer modeled as 3D elements (bkpresenting micro pores
of tows) and pinholes as 1D elemefytsllow-representig meso pores) in the flow
simulation LIMS.

3.2.2 Pinhole permeability (Kpin)

The flow resistance of a hole of given dimensions has been studied in some
detail[85], albeit with impermeable rather than porous boundary, and mapped to the
hole dimensionsThe permeability of pinholes was found to be well estimated by the
dimension of the pinholes. The cross sectionad af the pinholes asmeasured by
means of image analysisnsistingof two stepsFirst, dozens of pictures were taken of
a 2 nt piece of fabric The pictures werthenimported to MATLAB andfiltered witha
suitable threshold value to produce images Wwisentaired onlypinholes against a
blank background. An example of a processed image is showigure3.4. The areas
of thepinholes were then calculated using the filtered im&age areas werater used
as an input to calcateKpin. There are some regions where no pinbiatedetected
because tows are tightly woven so no gaps between tows are visible. For thas case,

micro-scale fiber tow permeability value was assigned to the channel metsie shown
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in Figure3.5. The calculation of the fiber tow permeability is explained in detail in the
next section.

A cylindrical shape is assumed to motted pinholes as shown irFigure3.5,
and the pinholkearemodeled as a 1D efeent (yellow color) adjacent to 3D element
(blue color) which represents bulk glass fabric for the numerical simulatia. Th
assumption allows one to calculate permeability of a pinhole as permeabdity

cylindrical tube asollows (Equation 3.k

0 60— 3.0

Where R is radius of the pinhad@dC is a correction factor (hydraulic radius) which
accounts for the porous walls and rmrcular geometrpf the pinholg85]. To find the
correction factor, VARTM experiments were conducted with DM orofape fabric

and the lead lengthihe difference between the location of the flow frordraj the top
surfaceandthelocationalong the bottom surface) was recorded at all times. A value of
0.9 for the correction factor C provided a good match between the lead lengths obtained
from the numerical simulation and the experiments. dhe realization obtained using
this mehodology is presented Figure3.6 which showshe heterogeneity ob

throughout the fabricThe btal sample size used for the image analysistlamhean

and standard deadion of0  are given inTable3.2. The study of spatial correlatiarf
pinholeswill be discussed in the next chaptéhe spatial correlation af is

conserved in numerical simulat®asthe?d  requied for a x b domai(0.12cm x
0.53cm)is found from randomly chosexnx b domain from a very large section of the

fiber preform (2 ).
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Figure3.6 Calculated pinhole permeability vasi for the fabric aeeof 7 cm 12.5 cm
section shown in Figure 3.3.

Table3.2 Mean and standard deviation of calculateg fom Image Analysis on
Fabric

"0 o 16 NEIF) to measure
1.936
0
0  Mean(nf) 9.7 x10°
0  Standard deviation (f 9.4x10°

3.2.3 Micro scale fiber tow through the thickness permeability Kzzmid
If no pinhole exists at any of the intersectiongntithe resin has to flow through

the fiber towgmicro pores) The flow through the fiber tow is governed by micro scale
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fiber tow permeabilityKzzmis This can be described, for example, with the equation
developed by Bruschke and Advani et[86] that describethe flow of a Newtonian

fluid across an array of cylinders as shown below.

P ob 0ty B3
0 5 G P UL ¢ P L D Y
~ v - — P (32)
l v Mp 0 C
(0 )

Wherer is the radius of a single glass fiber, dnd anon-dimensional
parameter(L? = 4Vy/ “ , hereVs is assumed to be 0.76r a fiber towhencelL is equal to
0.97). The radius of a glass fiber was measuned used as a value foin the
calculation of EquatioB.2 The image of cross sectional areas of fibersadmdtogram
of fiber diameters are bo#hownin Figure3.7. The arerage diameter was found to be
9.2um.0  is calculated to be 4.1x*0m?. This permeability value is assigned to

thev component of the 3Diement (glass fabric) iRigure3.5 and also used as

for 1D elements where no pinholes aresdtd.
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Figure3.7 Microscope image of cross sectional area of tayaufd histogram of fiber

diameter o) measured from the micrograph.

3.2.4 Degree of nestingoetween fabric layers

For a single layer of reinfcement, the model represents the fiber tows and
pinhole permeability as calculated and depictedinFigyte |t r espect s
repetition inplane which makes the continuum model suitable in this direction while

allowing for discrete pathwayhkrough the thickness where no averaging takes place.

The preform used in this study is, however, a Haltered structure. For example

there are four layeiis this study There ard¢oo fewlayersto assume thathe system

behave as a continuum in thiaickness directionThus it calls for a repetition of a

single layer model structure, four times in our case. The question is how do the pinhole
patterns in individual layers align? The misalignment is caused due to two reasons.
First, if the adjacentabric layers are not aligned with each other, the slight rotation of
the pinhole arrays will result in some form of offset of the pinholes from one layer to
the next. Second, the pinholes in two adjacent layers tend to be offset relative to each

other to #ow maximal possible @sting as can be seenFigure3.8 (a). In this case the
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offsets are repetitive. With hand layup, there may be significant variability both from

ply to ply and from part to part.

(a) Case 1: Full nesting (b) Case 2: No nesting
A Kpm =
Ky
h l =

Figure3.8 Schematic of the alignment of pinholes (a) ﬁién‘esting case and (b) The
nortnesting case.

The full alignment (no nesting) and offset by a half pinhole spacing (full
nesting)as shownn Figure3.8 are the two limiting cases. Intuitively, ti@meris very
unlikely but theatteris quite possible as the nesting between layers tends to be
maximal at this configuration. We wiixaminethese two casdsy companng globally
measured through étthickness permeability withhrough the thickness permeability
calculatedby a combination of pinhole permeability and the permeability of aligned

fiber beds using the rule of mixtures

(a) Case 1 : Fully nested
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Pinholes and fabrics are connected in sdraas top to bottom. Thus, the

effective permeability can be calculated using Equation. 3.4.

0
10 h (3.4)

"Q oa
L §

a
0 ——
V]

Where'Qis the total height of the alignmemt, j is permeability of kth pin holanda
is the distance between two pin holes.

The first term on the left side Equation 3.4 accounts f8pineffOver the distance df
+ 3. on the right side, first term accounts for resin traveling<thelirection over the
distance of I. The second term on the right side isgfsin to travel only through
pinholes over 4 lagfs.

The term withKpinx 0n the right side is negligible becauéasm (2 p m ~3 p ™ mM?
mean9.73 prt P istwo ordess of magnitude higher thali«(8.86 prt  m?). dis

0.25cm andQis 2.8mm. Kpinertis calculated to b2.1 p 1 m2,

(b) Case 2 : Not nested

Four pin holes are connected in series as showigure3.8 (b). The pin holes
in series are also connected in parallel throughout the fabric. There are total 1t T
(3120) sets of pin holes in series fé & 1@ 1 fabric. The permeability for the
series model can Expressed ashown inEquation3.5. Once the individual series

model permeability(( ) is calculated, effective pin hole permeabiliby (; ) can be

finally obtained by calculating in parallel model using Equati@6. Equation 3.5 is
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calculdgion of Ksin series. Equation 3.6 shows calculatiorKgf ein a parallel

connection.

(35)

00 p (36)

Where0  is total area of fatic (g & 7™@® 1), 0 is a surface area of kth pin
hole, and)  is kth series model permeability. ; is calculated to be 1.5

p T m

0  inthe fully nested case is two order of magnitude higher thamehexdhe
norntnested case. This is a reasonable result becauseutkipiplane permeability (9

p 1 m?) determines the effective permeability value in the fully nested case. On the
other handp (mean 9 p 1 m?) is only factor thatleteminesv

When the obtained valuesof ; from two cases are introduced touatgjon3.7,

0 can be calculated\nd thisO is compared to the experimentally determined one

a3 pm &)

v p 0 (VI 0 0 § (3.7)

Whered is the fractiorof the area ofhe pinholesto the total area of the fabric,

Kpineff is effective permeability that averages individkghvalues0  is the micro

scale through the thickness permeability, andis the bulk through the thickness
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permeability measured experimentallyaW ARTM setting.0 is found to be 0.03.
Kpineft IS largely affected by the degree of nesting wineritiple layers (4 plies in this
case) of fabrics are used for the VARTM té&din et is determinedor thetwo cases
mentioned abovdully nesting and nomesting.

Whenv s calculated for théully nesting and nomesting casewith differert values
for Kpinerr, the0d  values aré.25 p 11 m?for the fully nested case and 3.4 1t

m? for the nonnested cas@he fully nested case model yield® which is closer to
the experimentally determingéd value of 1.36202 m?. This confirms the heuristic
observation thahe pinholes are unlikely to align. The calculations for effective
permeability suggest that to match the experimental through the thickness permeability,
the degree of nesting is high, otherwise tleasured permeability would be much
higher. Thus, we include full nesting (overlap of half the pinhole spa€iggre3.8

(a)) in the model.

3.3 Experimental Result

3.3.1 Experimental setting

The £hematic ané photograph of the experimehsetting are presented in
Figure3.9. The schenatic is presented iRigure3.9 (a), and the photograph of the
setting is given irFigure3.9 (b). A VARTM experiment was carréeout in a dark room
with diffusive light above the fabrics and Did enhancéhe visibility of tow saturation
and voids being formed as resin impregnates the reinforcefentamera was
mountedbelow the acrylic moldo record the resin flow as showntire schematic in

Figure3.9. Previously characterized dlass fabriavas used athereinforcement
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sample. Thevidth ofthe sample i9.12m and length i8.53m. Grn syrup was used as
thesimulated resin at room temperatufrle viscosity oftheliquid was measured and
thefabrics were weighed to calculate the volume fraction before eachiihest.
experimentaproceduras described below:

Four plies of fabrics were placed on the acrylic plastic table. Distribution media
of width 0.11m and length 0.48m was placed on top of the.iapiral plastic tube
served as the injection lirdwas placed on the right end and the vacuum line was
placed on the left of thiayers offabric as shown ifrigure3.9. The width ofDM was
slightly narrower thathatof the fabric to avoid race tracking during the infusion
process. Lastlythe mold was sealed laglheringa vacuum bag otop of the assembly
with a sealing tape. After the vacuum se@aksecuredfull vacuun inside the bagvas
drawnintroducingthe simulated resin under atmospheric pressure intonibid. The
resin first entered the DM through tivdet gateand then infused into the fabric layers.
The inlet gatevas closedvhen the resimeached theentwhich wasabout 2.54cm

passedhe end of DM
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Diffusive Light

(a) A

Distribution Media /Vacuum bag

Sealing tape

\ Acrylic table

Spiral plastic tube
Vacuum

Camera

(b)

Figure3.9 (a) Schematic and (b) Image of a VARTM experiment setting.
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An image of the bottom layer at the end of each experiment was used to
calculate void peentage using MATLAB imaging tool$he imayes are presented in
Figure3.10. As can be seen iRrigure3.10, the original image in (a) is filtered with a
suitable threshold to produce the processed inmai®. The area of black regions in
the filtered image represents the void regwhich is the unsaturated area. The void
percentage is calculated as a fraction of the area of black region over the total area (0.48
x0.12 m). The thickness of dry spotghich is required to calculate the void percentage
was assumed to be the thickness of the bottom layer of fabtigs study, only voids
at the bottom layer are considered. This is a good approximation of total void content
because numerical simulatishows that the majority of voids (>90%) are found in the

bottom layer.
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Figure3.10 Image of the bottom layer with DM ofgfi= 1.45e8n? when resin reaches
2.54cm past the end of DM. (a) original imageifbage filtered and combined with
original image highlighting the unfilled regions (voids)

3.3.2 Experimental results: Flow front data

A total of 60 experiments (20 experiments for each DM permeability value
of 4x10%°m?, 8.5x10°°m?and 1.45x18%m? respectively) were conducted and
representative images of the flékents are presented Figure3.11. This figure shows
the flow fronts at the bottom when resin reached 30cm from the inlet gate for no DM
used(a), andwith the tiree other cases of increasing (b-d). The first thing to notice
is that as expectecdhlonger lead length is observad thed  valueincreasesThe

lead length is zero with no DM, 2.43cm with  of 4x10%° m?, 9.9cm with0  of
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8.5x10%m?, and 16cm withd  of 1.45x10°® m?. This meanshatwith increasing

0 ,there is more available resin in the distribution media to race through pinholes to
reach the bottonThat is, more resin travels in the through the thickness direction
where the stoclstic pinholes exisfThe second observation is that the flow front
becomes more wavy and spotty with increasing which eventually ld to a higher
percentage of voids or unsaturated towsvy and spotty flow fronts are more likety
encloseair pockets.For the higher DM permeabiliiy (c) and (d)n Figure3.11, we

cansee the discontinuous resin spots appearing ahead of the continuous flow front.

» “‘0

s -"1‘x"““‘“4.’::_‘.:;l:_l_i_.._ 2 b

Shetes
»

Figure3.11 Experimenal image of the bottom layer when the flow front reached 30cm
from the inlet gate with (a) No DM (b)dfi= 4e-09 n¥ (c) Kom= 8.5e09 n? (d) Kpm=
1.45e08 nt in a VARTM process. Red dotted line represents the position of flow front
along the top surface
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3.4 Numerical simulation results: How fronts

Numerical simulations were carried out usthgLiquid Injection Molding
Simulation (LIMS)model,developed at the University of Delawdr&] (See appendix
A for more details)A panel of four layers (0.12m x 0.53m) of fully nested fabgizish
thickness of 0.44 cjrand a ply of distribution media (0.11m x 0.48m) of constant
thickness of 0.1cm are simulated using 3D (representing the glass fabric), 2D
(representing the distribution media) and 1D (representing the pinholes) elements
respectivelyThe experimentally determined bulk permeabilisypresented ifable
3.1. Thisbulk permeabilityexcept forlK;;was assigned as permeabiliti3D elements.
Fiber tow permeability obtaedusing Equation 3.%as used foKz (4.1x10%m?).
Three types of DM with permeability of 1.45x3%?, 8.5x10°m? and 4x1@°m? were
used for this studyThese DM permeability eredetermined experimentallyribugh
1D flow experiment ira VARTM processA mesh refinement study was carried out to
ensure convergence. It was found thatdifierence of resirarrival time at eacinode
between the current megklement size : 43272nd twice refined meshas within
1%. The st conditionssuch as volume fraction, inlet pressure, aisdositythatwere

used for this simlation study are given ifiable3.3.

Table3.3 Experimental condition used for the numerical simulation study

Fabric volume fraction 0.5
Pressure (Pa) 1x10
Viscosity (Pa.s) 0.1

A total of 500 simulations with random combinasar pinholes were carried

out for each DM case (permeability of 1.45%8®7?, 8.5x10°°m? and 4x1@°n?). The
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pinhole distribution for each layer of the four layers of fabrics was obtained by
randomly choosingnarea of 0.12m x 0.53mut of the total sample @m? containing
measured pinhole locations and diametetsch preserves the spatial correlation
between the adjacent pinholes. Each layer was randomly positioned into the four layer
stacks for the numerical simulation.

The shape of the flow front at thettmm fabric as resin impregnates the fabric
is a key feature recorded during gimulation of theVARTM experimenal conditions
The shape of the flow front along the bottom layer distinctively changed with varying
magntude of DM permeabilityfFigure3.12 presentsimulation resultsf the flow
fronts at different times the bottom layefor the four cases modeled: no distribution
media and three varying distribution media permeakigrmeability of 1.45x16m?,
8.5x10%°m?, 4x10%°m?). Flow fronts at the bottom when no DM is dsare uniform as
seen inFigure3.12(a). Asu  valueincreases, the flow front at different times
becoms progressively and distinctively wghand spotty as shown Figure3.12 (b) to
(d). The spotting and wavy appearance of resin at the bottom is due to the resin racing
through the permeable distribution media at the top and making its way to the bottom
through easy pathways (pinholesy¢ach the bottom ahead of the resin front as also

noted by Markicievig43] and corroboratelly our experimental results.
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Figure3.12 Simulation images of the bottom layer showing flow front patterns at
different times with (a) No DM (b) Ku= 4e-09 n? (c) Kow= 8.5e09 n¥ (d) Kpw=
1.45e08 nt in a VARTM process. Time is in second.

3.5 Comparison between experimental and numerical resultPercentage of
voids

The nonuniformity in flow front pattern at the bottom is not straightforward to
quantify. However, the separation of veibehind the flow front and the size of these
voids can be characterized as describetie experimental sectiokVe will represent it
as a fraction of bottom surface that remains dry behind the flow ¥orid.percentage
in the bottom is calculatadsing the image filtering analysandis presented ifrigure
3.13. Both experimental and numerical results slaalear trend of faster flow
advancement and increasing percentage of void with higher DM permeaithityugh
there issomevisible discrepancy between numerical nebdnd experimental values,
they still match reasonably wejualitatively and quantitativelfrFrom thenumerical
simulatiors, void percentage ranges from 0.19~4.71% when is 4x10°°m?,

0.73~6.05% with &  of 8.5x10°°m?2, and1.06~6.8% with a0 of 1.45x10°°m2.
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Experimental results show thatid percentage ranges from 5%¢:3.33% when) s
4x10%°m?, 0.19~5.21% with @ of 8.5x10°m? and 1.00~8.45% with@  of
1.45x10m?. The resultérom experimentsind sinulations are displayed ifable3.4.
Note that the range for the experimental valuebtainedrom 20 experiments

whereas the range for teamulations is from 50differentrunsfor each type of DM

(a) Experimental
50 . . . ; ;
| I O111.45¢-08m* | |
I oM. 5e-09m°
40 b— I DMmde-09m?
35

8

Frequency(Percent)
(]
5]

0 0.01 0.02 0.03 004 005 006 007 o008 009
Void(Fraction)
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(b) Simulation
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Figure3.13 Histogram of void percentages in the bottom layer calculated from both
experimental (a) and simulation (b) study. Different codpresents different K_DM

magnitude.

Table3.4 Void percentage obtained from experimeiatadl simulation work

Experimental study Simulation study
2 Void Standard 1o Standrd
Kow(m’) (%) Mean | poviation | VO (%) | Mean | h iation
1.45x108 1'°%~8'4 3.15 163 | 1.06~6.81| 233 | 091
8.5x10° 0'191~5'2 1.59 077 | 073-6.05| 172 | 082
ax10° | 9| 109 | 100 | 019-471| 085 | 071

Note that the porosity detected at the particular stage of filling is not the samal as fi
porosity, as resin is allowed to bleed out of the wemin attempt to further reduce the

void contentDescription of this part of the processi® addressed in this thesis

6C



3.6 Summary and Conclusions

Monte Carlo method was usedsiaccessfully chacderizethe pinholethrough
the thickness permeability ( ) andintroduce it as inpuib conduct3D numerical
simulatiors of resin flow duringhe SCRIMP proceséts influence on resin flow
patterns and void formation were investigated. A flaadelwith pinholeswas created
to simulate the flow through layered matesidlat exhibitanin-plane characteristic of
continuum but discrete flow pathwafggnholes)in through the thicknesdirection The
realistic degree of nesting for multilayeresdnforcemerg was estimated artiefully
nested case was choderrepresent the experimental conditions

The numerical simulation results based on experimentally determined pinhole
data captured the important characteristics of resin #oeh as spdttg and wavy flow
fronts which qualitatively compares well with recorded experimental flow framrts
studyclearly shows that higher the valuetof , higherwill be the void percentage in
both the observed and modeled ca¥bsvoid fractionsfound in experimental and
numericalresults agreed quantitatively within ~20%.

The necessity to constrain flow velocity to reduce voids has been observed
numerous timesOne study attributed it to the competition between capillary action in
fiber tows andoressure driven advancement in larger channels but niltef0iARTM
process or with the presence of [)8%]. The current research in the presence of DM
suggestadifferent (or additional) explanation for this phenomeisoneededsuch as
percentage of voidsaind also highligtst the stochastic nature of these voids. Therefore,
the effect of the distribution and stochastic nature of the pinholes for woven and stitched
fabrics on void formation should be studied to design a robust process with an optimum
window of 0 whichresults inlow void percentage and a reasonable manufacturing

time.
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The Koin random fields obtained frotheimage analysis and used for numerical
simulations are notet characterized statisticallyithin a mathematical framewark
With a formal approacherandom fields can be generated instead of being obtained
through timeconsuming image analysmcethese statistical properties of spatial
correlations oadistribution function are identified’he next chapter introduces the
statistical characterizan of suchrandom fields whicltan then beised as an input to

the numerical simulations.
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Chapter 4

RANDOM FIELD GENERATION OF STOCHASTICALLY VARYING
THROUGH THE THICKNESS PERMEABILITY

4.1 Introduction

Most composite parts are long and wide but only a few millimetethickness.
In previous studie28,45,47,49,50,52,63,64,88,8%was found that variability in
permeability exists in both the-plane and through the thickness directions. There are
many reasons for this variability such as handling, placement, and variations in fabric
andthe VARTM manufacturing process. The variability in permeability causes random
resin flow variations througthe fabric during the impregnation procélse effect of
variability in though the thickness permebailty, which is due to the pinhole regions is
well presented i€hager 3 An example of the fabric with pinholes is showrFigure
4.1. These pinholes vary in size throughout the fabric, hence thewva&fues which is
theKz;value at that location will be different as well. It is also notable that there are
areas with pinholegp{nhole areasand aeas without pinholesf pinhole areds
which are demonstrated through an image analys$igire4.1 (b). This variation
causes the resin to race preferentially through different pathways with varying K
through the thickess direction, and this variation leads to uneven resin flow causing
formation of air pockets due to the merging of the flow fronts which result in voids. It
was also found by experimental and numerical studies that more voids were formed
when DM with hidner permeability was used, because the higher permeability DM

increases resin flow in through the thickness diredtioough the pinholef88].
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Figure4.1 Image of Eglass fabrid120mm by ®&mm) (a) and filtered image using
image analysis (b)

Although the effect of kn on resin flow and void formation was well studied
using experimental and numerical wamkthe previous chaptea formal framework of
the statistical analysis of the hetemweous Kin field was notconducted To obtain
random fields of ki for use in numerical simulations, a number of images of a large
sample must be taken. Obtaining thé Kalues for largeection of fabrics for

composite parts such as a wind turbinelblaan be time consuming and may not be
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feasible Thus, the statistical study of the randopnfield is important for(a)

understanding the degree of heterogeneity(ahdgo to generate the randorgiKield

using statistical variations in a fabric watlt the timeconsuming step of acquiring

many images of a large fabric sample. The statistically generated rangdmlé& can

then be incorporated into a numerical flow simulation which predicts the resin flow and
void formation in the presence of tiisterogeneity. In thisection of thestudy, the

novelty is that the pinhole field is statistically analyzed and the statistical properties
found from this analysis are used to generaterEndom fieldsFirst, the heterogeneity

in Kpin was statisticallc har act eri zed by spatindeaxlandcor r el at
semtvariogram. Then the random field ofilkwas generated by transforming the

normal numbers frorKarhunefi Loéve(KL) expansion to gamma numbers. A

numerical flow simulation of the VARTM press with the generated random fields

was performed using Monte Carlo method for three types of Distribution Media (DM).
The effect othe heterogeneity on the resin flomas studie@nd compared with the

previously reported experimental results.

4.2 Methodology

4.2.1 Gamma random numbers andno pinhole area

There are various worl@0i 93] published in the past which present a method to
create a random field. However, most of the cases are regarding a randah field
normal random numbers (Gaussian random numbk@rs).more important thing to note
is that the random field is, regardless of discrete or continuous, filled with the random

valuesusing arandom number generation which is function of not only random
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Gausian number but also coordinate (locatianglis asmooth procedure without
discontinuities There are available codes onlieamplement this methodology
(Matlab, python, and C++ etc).

However, in this specific study, the condition to carry out thegs® is quite
different because (a) the random numbers ara@mwhal (Gaussian) random numbers
and (b) the random field space magions which do not need to be assigaey
random numbershese regions for owase are calledo pinhole areaand the est of
the domain is called th@nhole areaHence a methodology was developidconvert
nortnormal numbers to normal numbers and to characterizeotpehole areavhich

is presented in the next section

4.2.2 Methodology overview

Generating the |, randan field requires several steps including image
acquisition, image analysis, and statistical analysis. An algorithm illustrating the
methodology used in this study to generate therndom field is presented kigure
4.2. First multiple images of a fabric of interest are captured and filtered using a
MATLAB image analysis tool. Then, Js are calculated using the cressctional area
of pinholes from the image analy@§8]. Next, the mean, standard deviation, aratiap
correlation (semvariogram) of kin are calculated. To understand the spatial
correlation ofpinhole areasandno pinhole areasa cluster analysis is carried out using
Mo r alindex Mo r alns@ svidely used statistical measure of spatial
automrrelatiorj94]. On c e | Mdex & thedks, samples is obtained, random
fields of this index are generated, which supply the locations of the pinNebetsstep

is to generate actualgs values which will be assigned to the found locatidree
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probability density function (PDF) of thexperimentally foundin field fits a gamma
distribution, but it is difficult to directly generate gamma random numbers. Thus, the
transformation between gamma and normal random numbers is used in this study. In
this transformation, the covariance function of thg §amma distribution is converted

to the covariance function of a normal distribution. The result from the clustgssnal
along with the converted covariance function, is utilized to generate normal random
numbers byKarhunefiLoeve(KL) expansion. Finally, normal random numbers are
transformed to gamma distribution numbers, which are used to generais fieddio

be used as input in the numerical flow simulation.

K, obtained through image analysis

\ 2

Statistical properties of K, :

mean, standard deviation, and spatial correlation (semi-variogram)

¥

Moran's I : Cluster analysis (pinfiele and ne pinhole area)

\ 4

Transformation of covariance function
from gamma to normal distribution

3

KL expansion (normal random field generator)
Normal random numbers generated

\ 4

Transformation from Normal to Gamma numbers

\ 4

K, random fields obtained

Figure4.2 Steps for methodology to generatgnikandom field
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4.2.3 Material and K pin property

Plain woven Eglass fabric, with a volume density of 2.5§/mvas used as a
sample in this study so one could compare it to previously obtained results. An image of
the fabric is shown ifrigure4.1. The image on the tofrigure4.1 a) is an unedited
picture and thémage on the bottonf{gure4.1 b) is the image fronrigure4.1 a
filtered to show only the pinholes. As can be sedfignre4.1 b, the pinholes vary in
size throughout the ffgic. The optimum number of pixels for a 5cm x 6cm image was
found to be 1605 x1905 pixels. This optimum number of pixels was determined by
taking images with various ranges of pixels to find the smallest number of pixels with
which the size of Kin does ot change. Kin is calculated using the measured cross
sectional area of each pinhole which is obtained from the image analysis. The detailed
equation and method are presented.th2A realization of the random field obtained
using this methodology is presented-igure4.3, in which color signifies permeability,
andFigure4.4, in which white signifiepinhole areaand black signifieso pinhole

area
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Figure4.3 Calculated Kin(m?) field (color signifies permeability)
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Figure4.4 Kpin field with pinhole and no pinhole area. White area represents pinhole
areas and black area@presents no pinhole areas

As can be seen irigure4.4, there are areas with pinholes and areas without
pinholes. Regions in } field with no pinhole areare present because at the

intersection of some tightly woven tows pimhole was detected. For these pinhole
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areas a permeability oK,z,mic(8.2 10%“m?) is assigned, and this value is calculated

from an analytic result of resin flow across a fiber [&&Y.

N p 0
. .00 0E® N x
(VIS CB, p v ’GU p v L cy
i 0 cY l7|p 5 ? P (41)
(o4 0
L TR
U “ 4.2
, w Q
oo (4.3

In Equations 4.44.3,r is the radius of a single glass fibers a nordimensional
parameterwy, is a volume fraction of a tovdy is a measured volume fraction of 4
layers of fabric under vacuum, aif@l is fraction ofpinhole areaswy is calculated
to be 0.66 wittw of 0.45and™Q of 0.16 and) is found to be 0.91. Average fiber
diameter was measured to be'9a3 can be found i8.2.3andFigure3.7.

The location oho pinhole areag a random field is obiaed from a spatial
correlation study ofhetwo areasno pinholeandpinhole areas u s i n glindés.r an o s
The PDFs of the random fields with and with&u mic(the no pinholepermeability)
showa clear discrepancy, which is presente#igure4.5. The PDF withouKzz,micfits
a gamma distribution (iRigure4.5 bottom) and this gamma distribution is used to
generate the } values in a random field. The gamma distribution is fitted using
maximum likelihood estimation (MLE). The gamma distribution fits the PDF gf K
reasonablyexcept for the range of lowpls (0~5 p 1 & ) which is acceptable

because the j effect is more prominent at higher values.
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Basic statistical properties such as mean and standard deviatiocaleedated for the

whole area analyzed (~ 2)rand are provided ifiable4.1.

Table4.1 Mean and standard deviation of calculateg fom image aalysis

FabricArea (nf) 1.936
Kpin Mean (n?) 9 10°
Kpin Standard deviation (f 9 10°

Spatial correlation of [, is another critical statistical property which is obtained using
a semivariogram function. Servariogram [ (h)) is a measure of the spatial

correlation between twandom values at a function of distankg (

P
c0 Q

rQ ond8 unQa 0 (4.4)

In the semivariogram given in Equatiof.4, zis the coordinate of the random variable,
0 "Qis the total number of pairs cimdom variables at a lag distariQa) ) "@¢ is

Kpin value at thexlocation, and) 1 "@ "Q is Kpin value aty  "Qlocation A semi
variogram of(10%) Kpin is obtained and plotted Figure4.6. An exponential function

is fitted to the experimentally obtained serariogram as shown iRigure4.6. The
exponential serAvariogramfunction is giverby Equation 4.5The exponential
covariance fuation is presented iRigure4.6. Here h isselected to bBmm which is

the width of a tow of the selectgthin woven fabric.
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JJNO) A@DGD
0% @ (4.6)

In Equations 4.5 and 4.6, is the maximum variance of the spatial process of
the sample data (si)lin which the semi variance reaches 950%the maximum
variance, and h is the spatial distance between two data gidietsemivariogram
exponential function and the corresponding covariance function are presefRigare
4.6 b. The exponential fit ifFigure4.6 (b) has a value gf of 0.73 (sill) and a value of
3 (15mm) 95% of sill (maximum variance) value is reached at the distance of h of 3
(15mm) and 99% is reached at 5 (25mm). Seaniance varies a little over the distance
lag of 5(25mm) to 15 (65mm). This means that Kalues are spatially correlated
within a distance of up to 15(65mm). As the tow shifts or curves, the size of nearby
pinholes (Kin value) are affected and this influence is found to be within the distance

range (15 tows or 65mm).

4.2.4 Kopin cluster analysis:Mor anés |

As can be seen fRigure4.4, the total random field consists of two parte
pinhole area andpinhole area. The location oho pinhole areasnust be identified so
that Kzz,miccan be assigned to these ar@dm® geneaited Kin is then assigned to the
remaining area in a random field. The spatial correlation between thesenareas (
pinholeandpinhole areay which is the degree of clustering, is investigated using

Mo r almn gl e x . | Mdex varredf®ml (negatvely correlated) to 1 (positively
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correlated) depending on the spatial correlation of the random valtresdiomain

Mo r alms@escribed in Equatiof7.

B B o B » o 4.7)

Wherew is the binary weight matrixp is Kpin at location i,w is Kpin at location |,

andafis the global mean of #%, n is a total number of j.

The effect of size of sample on Morands |
if the value of Morands | is atThteshapeefd by s
sampleisquareThe cal cul ated Mor andsisshowwint h varyi
Figure 4.7 This shows thaM o r alnn@exrapidlyincreases up to a specimen width of
50mmand | owly increases up t o sduBatesion0.30fbrhe v al 1
specimen withs exceeding 100 mm. This indicates that the optimum fabric sample size

for random field generation should be 100 mm x 100 mm over vitheddo r an é s |

index is independent of the size of samplee unit size for generating a random field

used is therefre 105 mm x 105 mm, which is also over the maximum distance required

for the spatial correlation betweepik(max 65mm)Figure 4.8presents two examples

of samples, each with an index of 0.30 and a size of 105 mm by 105 mm.
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Figure4.8 Two examplega,b)of a wunit size of matri x with
represents pinhole areasd black area pgesents no pinhole areas

In Figure4.8, black areasnp pinhole aregshaveKz; mi¢8.2 10“m?) assigned,
and white areap(nhole areayhave Kin assigned. Finally, it remains to generaga K
to be assigned’he generation of } values is documented in detail in the following
section.

't s wort h e mp heastermzinedugit seeyoh IOFmmtx A0BHmM t
is the size of fabric of interest which needs to be sampled for random field generation.
The unitfabric size of 105mm by 105mm (~.0F)xis over two orders of magnitude
smaller than the sample size of 2msed in therevious chaptein which statistical
analysis was not carried out and random field for numerical simulation was obtained by
sampling lager size of fabric. The statistical study of spatial correlation of random

values introduced here determines the necessary sample size to generate random fields,
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which greatly reduces the effort and time to collect data from unnecessarily large sizes

of samples.

4.2.5 Transformation between gamma and normal random variables

As mentioned abovehé PDF of Kin fits a gamma distribution rather than a
normal distributionUsually, andom numbers can leasilycreatedwith thenormal
distribution functionHowever,in this caseit is difficult to obtain the random numbers
because they agamma random numbeasn d i t 6 s dKfioult to gendrate b e
gamma numberdirectly. So,if possible, normal random numbers are generated instead
and the numbers can be tramgfied to gamma numbeis. this study, characteristics of
the fit gamma distribution function such as covariance function is transformed to one of
normal distribution. The transformedvariance function igsed as an important input
to a Gaussian randommgrator such as KL expans[8B]. The Gaussian random
generator creates normal random numbers. The obtained normal random numbers are
then transformed to gamma random numbers. The transformation between gamma and
normal random numlpg is conducted witthe methogresented in the work by Liou et
al. [95].

The very first step of this process, transformation of gamma covariance function
to normal one, is carried out using the Equati®8-4.9. In Equatior4.8, x is a gamma
random variable (X~G (i) andfx(x) is the gamma random variable dengitys a

shape parameter, ands a scale parameter.

Mw —®» Q hh nHEtR o H 4.9
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For the (18) Kpin fitted gamma distribution, is 1.08 and_is 1.16.
The covariance function of two normal variablesandws (” is related to the
covariance function of two gammvariablesx: andxz as shown in Equatiof.9. Using

the Equatior.9, the covariance function of normal variables is obtained.

O i o hw ——— 0 07 o’ (04 (4.9)
N
| |
6 p, p, O©p ,,p, OCGp , p,, WP
11p11
" wp , ,%p ., ,®% w®p , ,® wp , ,88
W 8
6 pyp ., . P ., ,
’O(p88

The conversion ofovarianceunctions works wellvhen| h .
| we [Q are calculated to be 1.08.coefficient of skewnes$ () is less than 3. Using

Equation 4.10;, is calculated to be 1.9.

- R (4.10)
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Next,the covariance of normal numbers is used to generate normal random
numbers\y) in the KL expansion process. Then the numba&ysfe tranformed back

to gamma random numberg point by point using Equatiofi1l

O R
=P @ @ (4.11)

e
e

These generated gamma random numpeisin) through the transformation are
assigned to thpinhole areagwhite areasn Figure4.8 i n a random fi el d

index of 0.3.

4.2.6 Randomnumber generation:

4.2.6.1 KarhuneniLoéve(KL) expansion
KL expansion represents anfinite stochastic process which is a type of Fourier
expansion as presented in Equation 4Kl2expansion geeratesnormal random

numbers

O dh— UV W _, —Qw (4.12)

In Equation 4.12y is a normal random function, is a mean valug, is a Gaussian
random number, is eigenvalue, anQw is orthonormal eigenfunctioof a covariance
function(kernel,” ). Theeigenvalues and eigenfunctions are obtained by solving the

integral equatiomver the domaimpresented in Equation 4.13.
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"o W Qw " (4.13)

Where” @ o isthe covariance function.
Its infinite series can be properly truncated with a right value by studying the decay of

eigenvaluesThe truncation step is well described in the next step.

4.2.6.2 Application of KL expansion
The transformed covariance function of normal random numbers was used in th
normal random generator, KL expansion, to generate gaussian normal random variables

(W(x,>) in Equatiord.14

O dh— 0O . —Q0 414

In Equationd4.13 _ and™Q w are the eigenvalues and eigenfunctions of the covariance
function,, — is a normal random variable with meaf0 and variance of 1) w is

the mean of normal random variables which is 0,@msl the finite number of terms

which is 33 determined by studying the estimated decay of eigenvalues. The sum of 33

eigenvalues reaches 92% of sum of total eigensalue
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4.2.7 Numerical simulation

To study the effect dfpin valuesandthroughthickness permeabilitpn flow,
LIMS is used the details of which are provided in Appendix A and. [VB¢ woven
fabric with pinholes was modeled into 3D mesh with 1D elememi®senhg the
pinhole values for the simulation. The mesh is showrgure 3.5 Four layers of fully
nested fabrics (0.12 m by 0.53 m) and pinholes are simulated using 3D elements
(representing the woven fabric) and 1D elements (representing the pinholes). The
thickness of each layer of fabric is 0.7 mm under vacuum (fully nested). One layer of
DM (0.11 m by 0.48 m) with thickness of 1 mm is simulated using 2D elements. The
permeability tensor of the woven fabric was obtained experimentally using the
methodolog presented ichapter 2 anfB30]. The bulk permeability is presented in
Table4.2.

Table4.2 Permeability of the plain woven fabric

O 4 b O & 0 & b d 0 G
88 pm |91 pm 1.36 9.89 1.58 1.00
p T p Tt p Tt p T

The Koin, generated using the methodology described earlier, was assigned to the 1D
elements. Three values of DM permeability@of p& v p T & B

pmt & PAT®A pm & )were used to studyetreffect ofkKpwm on void formation.
Other experimental conditions such as fabric volume fraction, pressure, and viscosity

are presented ihable4.3.
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Table4.3 Experimental conditiondr numerical simulation study

Fabric volume fraction 0.45
Pressure (Pa) 1 pm
Viscosity (Pa.s) 0.1

Monte Carlo simulations were conducted éachtype of DM. The number of iterations
for each DM type is determined using a method presenf®®jnThe equation to
calculate the necessary iteration number is presented in Eqdadtton

p maty

* Tor (4.19

In Equation 4.150 is a confidence coefficienty is samplestandard variatiorQis a
percentage error of the mean, aiid the mean. For 95% confidence level and 5%
error, & is 1.96,"Y andaf are presented ihable4.4, andOis 5. Using this, the number
of runsn s calculated to be 134 féom of 1.45 p 1 , 232 forKpmof 85 p M

and 543 runs fokpm of 4 p 1 . Mean of void fraction as a function of run number is
presented irFigure 4.9 It shows that 440 runs are sufficient for the casemaf &f 4

p T because the value of mean of void fracteymptotes by40 runs.
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Figure4.9 Mean of void fractions as arfiction of run number in Mont€arlo
simulations((a) DM 4e09n? (b) 8e09n7 (c) 1.45e€08 nT)

The random K field is generated for each simulation run. The void fraction was
calculated as the area of the void divided by the mold &reasimulation radt (void
fraction) from this study was compared to the void fraction found in the experimental
work and the simulation work with an experimentally determingglfi€ld presented

inthe previous chapter

4.3 Results and discussion

4.3.1 Kypin random field
The propeties of (1&)K,in random field generated using the methodology
described earlier are presented able4.4. The parameters of the probability density

function of the gamma distribution,A T A fits the values of the observigi» fields
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within 5% error. The parameter of sewairiogram,, , also matches the experimentally

observed value within 5%.

Table4.4 Parameters of generated density function and thes@maigram model
[From observed (BK,inf i el d,

U=3=0MmB, =1. 16, G

| = ”
Simulation 1.04~1.14 1.08~1.19 0.70~0.76
Experiment 1.08 1.16 0.73
Error 8P &P &P

4.3.2 Numerical simulation

The normalized histogram of void fractions obtained from the simulatios

for each type of DM is presentedkigure 4.10
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Figure4.10 Histogram of void percentages in the bottom layer calculated from both
experimental (a), simulation with experimentally obtaingd #elds (b), simulation
with generated K fields (c). Different colors represent differentiKmagnitude.

o

In Figure4.10, the experimental result is given in (a), simulation result using
experimentally determinedJi fields ispresented in (b), and the simulation result using
generated K fields is presented in (c). The results with generated random field

gualitatively match the other two results. It shows the trend of void fraction increasing
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with higher Kom. The void perceiges for all three case studies are presentédhle
4.5. This confirms that it is possible to generate the behavior of flow in a fibrous porous
media through statistical analysis of the fabric pinholes by characterizing a small
sample of the fabric.

Table4.5 Void percentage obtained from (a) experimental ang) @mulation runs.

((b) Simulation 1 : simulation with experimentally determingg,Kc)Simulation 2:
simulation withgenerated K field)

Kbwm (a)Experimental study (b)Simulation 1
(m?) Void (%) Void (%)
Range| Mean | Standard| Rang | Mean | Standard
(%) (%) | deviation| e (%) | (%) | deviation
1.45
1.00~8 1.14~
45 3.15 1.63 5 32 2.12 0.72
p T
8.5 |0.19~5 0.63~
0TI 21 1.59 0.77 474 1.40 0.67
4 0.0005 0.2~4
o | ~3.33 1.09 1.00 11 0.80 0.71
Kbm (c)Simulation 2
(m?) Void (%)
Range| Mean | Standard
(%) (%) deviation
1.45
1.06~4
26 1.90 0.56
pTI
85 1031=3 1 39| 054
p1 12
4 0.12~3
o 33 0.79 0.47
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4.4 Conclusion

In this study, the methodology to generate gamma random field is presented.
The Koin random field with a gamma distribution was successfully created based on the
statisti@l analysis using the methodology. The spatial correlation betwekaleand
nopinholear eas was st udind=d T Tha cvanagce Mctioa of gasima
random numbers was converted to the covariance function of normal random numbers.
The conveted normal covariance function was then used for KL expansion to generate
Gaussian normal random numbers. The normal numbers were converted to gamma
random numbers. The property of density function and a-gartigram of generated
Kpin field matched wellvith experimentally obtained g& samples. The results of
numerical simulations also show reasonable match with the experimental results and
simulation results using experimentally obtainegh Kelds. Through the statistical
study, the propertiesofraadnness such as cor r ¢ihdaxtaieon | eng
well understood and generation of the random field is possiklag this methodology,
a proper size of fabric sample (105mm x 105mm) which needs to be studied was found
and hundreds of random fild were generated for numerical simulation, which
eliminated the need to sample a large size of fabric to obtainakidom field. This
methodology to generate random fields is useful to characterize variability with a small
sample of the fabric and deteine its effect on manufacturing by predicting flow
behavior and void formation in the presence of heterogeneity in a VARTM process. It
should prove useful for numerical simulations of a manufacturiogess of large
composite parts.

The Kpin random fiel can be created once a woven fabridéntifiedwith the
statistical propertie6 and MI). A new methodology to identify these properties

efficiently is presented and explained in detaiihe following chapter
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Chapter 5

Manifold embedding of heterogeneitym permeability of a woven fabric for
optimization of the VARTM process

5.1 Introduction

There are several reported causes fosthehastio/ariation in the permeability
values of a fabric. Variation in the fabric architecture, handling of layers as they are
placed over a tool surface, placement of the layers that nest to form the preform, and the
manufacturing process all play a 1fd,69]. Chapter 3 and 4 has demonstrateat
there is an inherent randomness in through the thickness permeability of any woven
fabric which can locally causargevariations in resin flow in through the thickness
direction resulting in void formation. The inherent variation in through the thickness
permeability arises from the varying size of mssale spaces (pinholes) between
woven tavs. An example of an image of a woven fabric is presentEdyure5.1(a).
The raw picture of a woven fabric is givenHigure5.1(a) and a filtered image using a

proper threshold by MATLAB is presentedFigure5.1(b).
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Figure5.1 Image ofE-glass fabrid60mm by 60mm) &), binary imaggb), and pinhole
matrix(c). Black indicates no pinhole area and white signifies presenoeholg

The pinholes of varying sizes act as easy pathways for resin from the DM to race

through the thickness direction to reach the bottom layer of the stacked layers of fabrics.

This results in uneven flow and possible merging of the flow fronts tig@r which

forms the voids. The varying sizes and locations of the pinholes are statistically
characterized with two statistical properties : a distribution function fit to the histogram
of calculated permeability of pinholes {K and spatial correlain of pinhole are§S7].

The method to calculatedwk| , andMl is well described irsection4.2. The

distribution function best fit to the histogram is found to be gamma distribution and one
of its parameter, the shape fadtgthas been explored to investigate its effects on the
overdl Kpin. The example of the gamma distribution fitting the histogram of pinhole
permeability of the fabric presentedrigure5.1 is displayed irFigure5.2 (a)97]. The
gamma distribution shifts to tHgares2i ght

(b).
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() (b)

a=1081=1.16

Normalized histogram

Ko (m) K;im (m?)

Figure5.2 Histogram of pinhole permeability of a plain woven fabric in Figuend its
best fit gamma distribution function (a)

Physically this means that as U increases
consequently Kn values also increase. The spatial correlation between piareds

and no pinhole areas is visually showrigure5.1 (c) as a matrix composed of black

(no pinhole) and white (pinhole) areas. Mo
correlatiorf94]. For this study, Ml is used to study the spatial relationship between

pinhole areas and no pinhole areas. The examples of varying Ml are preséfitgaan

5.3. The value bMI varies from 0 (no spatial correlation) to 0.5 (statistically

significantly positively correlated). The range for these two important parameters of

Kpin field to describe the fabric variability (of 1 to 4 and MI of 0 to 0.5hould cover

most of thewoven fabrics. The mean radiusagfinholeas| increases from 1 to 4

increases from 0.7mm to.1.7mm. One will rarely encounter a woven fabric with pinhole

size between two tows to be larger than 1.7 mm. For MI, one is hardly likely to

encounter a wovefabric of Ml over 0.5 as can be seerFigure5.3. The samplavith
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MI of 0.5 as shown in (c) and (dj Figure5.3 shows thepinholesarrangedn highly
ordered manner which fghly unlikely with rancom variability of pinholes in terms of

positions.

(a) (b)

) o
ERRCO00OCE0ORO000COaE | HO000 UOomOOO0CCmon
0 o o o o | [ ][] | [ 1] [T Tl
|Soocoomooom o o o ][ L1 ] i
[ [ [ ][] (mmmmm | ey ) | [mw] | ] [w] Jewies] e [ ][] o]
EOOOO000COMO0OR00000Cc | (e Omoooooogoag
EOROCO000CODOmMmOI Ooo | mUo00 mim_lm] m/m| | [mm
Oo0OmO000O00s0000OmE0O0 | e Lo i ] | (W
OoOmmeCOOROO0000RO000OEO D) CImC] ] oo
oo oo o o [ o | o] [ [ ILICICIC] DO jm/m(m (m]_|
SnoCOmOORO000m0000 =0 T
O0Omo00O0Om L_JDu_F{_F‘ DOO0ORO000O000000mEO0
I O O [ [ [ /. | [ o

O00000ORCOO0O0RCOROOEC | e | o [
OJOEEDOOR0CRO0000C00E0C | s | o o o o
OooooooooecoomRcooe0oc | Eoo0oomRORCR00000000con|
COOCOERCCROOROCOOROOR | PJO0 [] OOmOO0o00Cmoon
O0UUeCUOCOo00OesooOmc | 0000000000000 o0
] [ (] [ (] | ooog IJEDJOO00OmEEC0
OOO00n [ jmim BEOOOO0O00EERCO0000000
I T [ T[]l | | (" TRRN] [R R RRE R
COCCO00OmOCODOCCOmDOCE COJCOmOOCOICOICOmO0c
DoodooOOomOooooC oD eC OO COR0O0C O C O OmO0C
COCCO0DOeO00O0OOaEOCE| jsCesCOsORC R R0 _CREECC
15 | || ™
COoCOoOOmOooO0C MO0 s e RO e,
1w 0 oo o) 0
[ CCCImC JOmDOCw] |ecCOT OO0 Mo
18 o oo oo e
CoO0COoOOmOocO0cOmeOCs| eC O COMO0C O 1COJCOmMO0s
1050 o o || O 1
1 5 | oo o o | oo (T [ ([ 0 { ([ [ [ [ 1 [ (| [ [ 1]
] e | i
5 5 | e | |
{ OJooom CMCOC ] (e O O ) O e,
COoCCOCOOmOooooCOmooCs| eCOC OR0D0C O 1C O JCOmMOns
CO0OOoOOmOo0O0cOmMooCs| 01 O)mO0)C ) C o )C.Cmor,
[ o oo o | (o o o o
15 S 5 | | o | 0 e oo
COCCOcoOomoooOooORoOCm| eCoOCOm00C0ICOCOmOnc
CoOCoOoOOmODoOoCONROCE]| (eCO2CORO0COICOCOmO0C

Figure53Sampl es of 21x21 mesh size and varying
0.5 (c and d representing two different realizations)Black inescab pinhole area and
white means pinhole area.

Numerical simulations were carried out to study the effects of M| aonl the
flow pattern of resin and resulting void percentalggble5.1 shows the effect of these
two paramedrs of fabric on the void percentage formed in a VARTM process. Liquid
Injection Molding Simulation (LIMS) was utilized to run numerical simulations that
describe Darcyodés flow of resin into an ani

can be introdced in through the thickness directidime implementation of pinhole
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permeability is well described chapter 4The pinhole location and size were selected

by the value of and MI. Note that although and Ml value may be same, the

distribution of pinholes and their correlation matrix can embody different patterns. The

DM permeability can also be changed but was set to 10# m?. Mean percentage of

voids by running 158imulations for a given and MI was found to increase with

increasing and MI. This is a predictable result because higher valueregults in

higher permeability of pinholes and higher value of Ml leads to more highly clustered

pinhole spaces (pitwe correlation between pinhole areas).

Table5.1Voi d percentage obtained from numerica
(MI)
| =1 | =1 | =1 | =2 =4
MI=0 MI= 0.3 MI= 0.5 MI=0.3 MI= 0.3
Range (%)| 0.7~2.6 0.9~-3.8 0.9~4.6 1.3~4.2 1.3~4.3
Mean (%) 1.35 1.90 2.05 2.30 2.54
Standard 0.37 0.65 0.75 0.47 0.50
deviation
(%)

Characterizing the fabric with these two parameters in real time can allow one to

forecast the possible void percentage in a VARIrocess for a given value of DM

permeability. Machine learning methods are effective in achieving this goal of

identifying a fabric with these two parameters quickly.

5.1.1 Machine learning

Machire learning isa field of Artificial Intelligence (Al) to traircomputer system to

learn from data automatically to make future decisions without being explicitly
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programmedMachine learningan be divided into dategoriessupervised learning,
unsupervised learningemtsupervised learningnd reinforced learning.

First, supervised learning is where hunt@acheitrains an algorithm or system with
labeled input data witthe output. The input value is labeled with information and fed
to the system for training. After training step, the system can classify oe aefim
incoming data based on the trainiigamples oBupervised learning examplase
decision tree, neural network, and regression nj@8i€101].

Unsupervised learninigvolves incoming data without lalseln this case, human
teacher is not sure how or what to Idokin the data. Pattern recognition clustering

is used to find a meaningful trend or helpful information from the data. Examples
include dimensionality reduction method (Principal Component Analysis, Locally
Linear Embedding etc),-knean clustering and association rule learfii6g 104].
Semisupervised learning is to train the system watheled and unlabeled data. This
method is very useful when all the input data are not labeled. Obtaining labalisthe
data isatime consuming task. The kéyr this method is how to combine the unlabeled
and labeled input data for the learning process. Examples can be fqu@8]in
Reinforced learning type of machine learning process which leéinesnteraction of
actionswith an environment whicprovidesrewards ashown schematically Figure
5.4. The agent (the system) is firsttified ofthe state in which decision (action) needs
to be made. The agt makes the &on in the environment then receives a feedback of
risk or reward. Thegent (system or algorithm) triés maximize the reward or
minimize the risk by learning the interactioReinforcenent learning examples

includes Q@ learning and temporal differer{d®6,107] More familiarapplication
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examples would be board games such as chess or gdrisel§ cars and robotic

hands.

/ Agent

state Feedback Action
(reward.risk)

Enviroment

Figure5.4 Diagram of reinforced learning process

Linear and no#inear dimensionality reduction methods are typesnstipervised
learningprocesses which visualize and characterize a group of high dimensional input
data through a reductcoof dimensionalityDimensionality reduction aims to plot the
original data of high dimension in lower dimensional space so that the visual inspection
or data analysis are more viable to usktachine learning methods such as Principal
Component AnalysiPCA), ti Distributed Stochastic Neighboring Embedding

(t_ SNE), and Locally Linear Embedding (LLE) are widely used to treat image, voice,
and other types of samples with a high dimenf&,102,104,108115]. PCAis a

linear dimensionality reduction method which consists of principal components. The
principal canponents are eigenvectors of covariance matrix of inpuflds&gpMore

detailed explanation of the method is given belothemethodology sectioRPCA has
been used prevalently for its simplicity and efficiency. Kim et al repdhiedseof

PCA for face recognitigd 16]. X-ray pictures of breast has been subject to PCA for

feature extraction/atysi498].
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LLE methodembedghe original data in bower dimensional space usingvaight
matrix obtained in the original spdt&0]. The weight matrix is obtained by

minimizing the functional given ifequation 5.1

"06 @ ...
(5.1)

Where...is a vector of the coordinate of ith point,is a vector of the coordinate of jth
point, is a weight matrix, M is the number of pointsh original spacendk is

the number for knearest neighbors.

The data of heterogeneotiermal conductivityield has been processed using LLE to
interpolate the temperature fifld0,115] Teng et al reported a study to recognize
Chinese hand gestures using LI[LE7].

t SNE is a type of SNE which is ndinear dimensionality uction methodt SNE

unlike PCA or LLE deals with stochastic probability method which could be useful to
preserve important information from original space in a lower dimensional space. It
maps the original data to a lower dimensional space by minimizeapst function of
probability distribution of neighboring data over input data. The detailed explanation is
given in methodology sectiob.Q.2.9. The application of t SNE can be found in
[98,109,111]

These techniques visualize and characterize a large number of samples with a high
dimension in either two or three dimensional space (map). In this study, the map refers
to a 2D or 3D representation of high dimensional input data obtainedjthmanifold

learning techniques. The map is a usefutalation tool as it helps one to identify
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which cluster the new sample will belong to in the map and this way the new sample
can be classified accordingly.

The objectiveof this studyis to identifytwo important parameters (Ml) from a
high dimensional input using dimensionality reduction methods (PCA and t t8NE)

predict the void contents in a composite part by running numerical simulations.

5.2 Methodology
Two charts of the entire procedure whmovides the void fraction range from

an image of the fabric in real time is presenteligure5.5.

(a) Training step
450 training 450 training _
samples FFT samples PCA t SNE 3? presen;atmn
(Binary/pinhole (3(1e\\ (11 (Dimensionality” " ora and Ml

reduced to 30 characterization

matrix) matrix)

(b) Testing step

Covert to Binary FFT Convert to 3D representation
image matrix frequency matrix characterized with Find
(205 x 205) (205 x 205) a corresponding
Take fabric void fraction with

images specific DM
Covert to Convert to 3D representation permeability
pinhole matrix frequency matrix characterized with
(21 x 21) (21 x 21) - M

Figure5.5 Flow charts showing the process to obtain void fraction fronmage of the
fabric. Training step (a) and testing step (b)

The procedure consists of a training step and a testing step. For this study, a total of 450
samples for 9 cases (3 MlIs of 0, 0.3, and
training data set. The detailed procedure to create the training samplds is we

documented ilChapter 41In the training step, 450 images and matrices are first

processed to generate frequency filtered version of input data by Fast Fourier
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transformation (FFT). The frequency matrices are further preddssPCA first to

identify the important frequenciesdignore the others. Then, the more advanced

t SNE machine algorithm is applied to create 3D maps in which the input samples are
separ at ed b a®metheamaps i theee dimemdions show clear separation
for these parameters, a binary image néa sample of fabric is subjected to the

machine learning methods in the testing step which will place it in a cluster of the
created 3D map thus identifying itsand MI value. Once these two parameters are
known, the numerical simulations were perfodnewi t h t hese val ues
different DM permeability values. The corresponding range of void fractions can then
be forecasted from the numerical simulations of the VARTM process from using just

the binary image of the fabric sample.

5.2.1 Image processg

There are two types of image samples for the process. This binary image of size
205 x 205 (dimensionality of 44100) pixelskigure5.1 (b) is one type of input data
which is obtained by filtering the original image with éested threshold. The binary
image contains the information of both the size and the location of the pinholes. The
second input data is a pinhole matrix of size of 21x21 (dimensionality of 441) produced
from the binary image as shownHkigure5.1 (c). Each cell of the matrix has
information contained in 5mmx5mm square of the binary image. The distance of 5mm
is the average distance between pinholes (tows) which lie horizontally or vertically.
MATLAB is employed totransformthe images intdhebinary matrix. The accuracy of
the process of importing images is well documentedhapte#.2.3 The matrix

elements are composed of 1 (no pinhole) and 0 (pinhole).
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5.2.2 FFT and machine learning methods

5.2.2.1 Fast Fourier Transformation (FFT)

In order to reduce the dimensionality and the noise within the domain, the
images and matrix of a woven fabric are transformed by FFT to output in a frequency
domain using MATLAB[118]. FFT is a method to carry out Discrete Fourier
Transformation (DFT) quickly and efficiently. DFT is a method that converts an input
data in a spatial domain to output data with sine and cosine components in frequency
domain. The eleents in the binary image and pinhole matrix (X) are transformed to
corresponding frequency. by FFT. The output of FFT, is a matrix with each point
displaying a particular frequency which is then addressed by the machine learning

algorithm PCA followed by t_SNE.

5.2.2.2 Principal Component Analysis (PCA) and ti Distributed Stochastic
Neighbour Embedding (t_SNE)

PCA and t_SNE both are used to reduce the dimensionality of the processed
matrix and images by FFT in this studly.PCA, the data in a principal sispace is
obtained using eigenvectors (principal components) of the covariance makrex of t
input datg108,119] t SNE is a variation of SNE which is a nonlinear dimensionality
reduction technique by minimizing a cost function of probability distributions of
neighboring points over the input daltais easier to implement andelds much better

visualization in a low dimensional space than standard [RNE120]
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The procedure begins by subtractthgmean from the processed frequency matrix,

to obtainthematrix, D1. Covariance matriB( of D1 is calalated and eigenvalues and
eigenvectors of the covariance mat® @re obtainedlhek largest eigenvectors are
then multiplied to the frequency matrix)(to obtain a matrix of reduced
dimensionality(.1) in PCA spadd 16,121] In this studyk was selected &0 which
means the initial dimensionality (44100 or 441) are reduced to 30 first eigen vectors
using PCA mthod. The PCA treated matrixX) is then processed by t SNE to obtain
a final matrix (y) of reduced dimension 3. First, the probabilitigg)(areconverted

from euclidean distance between data points.fin.p h.p FE h.p  fornand

y(w Fd FE o ) for ) andare presented (EquatioBsl-5.2)[111].

‘ Aob .p .p Tc,
" B Qoncp .p ALK, (5.1

Agb o

52
B Agbmy & ®.2

Where, the variance of the Gaussian is centetath point,.p These pairwise
similarities (probabilities))}) should be the same if the new map (y) models the
similarities of input matrix.(p) correctly. The cost function (C) in Equatior3 below
measures the difference between two probasland it should be minimized to obtain

the final matrix(y).

(5.3)
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The cost function, C, aims to minimize a single Kullbaekbler divergence betwean
andr). The early employment of@A in the process helps to define the main manifold
from a linear dimensionality reduction perspectivevas found that FFT and PCA

filters were necessary before employing t SNE. MATLAB is employed to carry out the

machine learning process implementation

5.2.3 Numerical simulation (LIMS)

Numerical flow simulation with the generated random field wheye K
(permeability of a pinholejaluesare assignetb throughthe thickness permeability
allowsus to study the effect of heterogeneity on the flolMS was sed to carry out
the simulations. Details of which are provided in AppendiX A woven fabric with
pinholesin Figure5.1 was modeled inta 3D mesh with 1D elements representing the

pinhole values for the simulation. The mesishown irFigure5.6.

0.08 ~ Ilmm

*—

I.lmm

Figure5.6 Woven fabric layer modeled as 3D elemeamsdpinholes as 1[2lements in
the flow simulation
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Four layers of fully nested fabrics (0.12 m by OndBand pinholes are simulated using

3D elements (representing the woven fabric) and 1D elements (representing the
pinholes). The thickness of each layer of fabric is 0.7 mm under vacuum (fully nested).
One layer of DM (0.11 m by 0.48 m) with thicknessLahm is simulated using 2D
elements. The permeability tensor of the woven fabric was obtained experimentally
using the methodology presenteccimapter 2 an{B0]. Thevalues of théulk

permeabilitycomponentgarepresented iffable5.2.

Table5.2 Experimentally determined permealilitalues of the components of the 3D
permeability tensor of the plain woven fabric

0 a 0 a 0 a 0 a U a 0 a
1.36 9.89 1.58 1.00
pm pm pm pm

88 prm 91 pm

The Koin field was generated using the methodology document€tapterd.2andwas
assigned to the 1D elemeni$iree values of DM permeability @t of p& v

pTt & @ pm & PAT®A p 1 & )were used to study the effectiofum on

void formation. Other experimentabieditions such as fabric volume fraction, pressure,

and viscosity aréstedin Table5.3.

Table5.3 Experimental condition for numerical simulation study

Fabric volume fraction 0.45
Inlet Pressure (Pa) 1 pm
ResinViscosity (Pa.s) 0.1

The simulations were run to find the final void contdiite void fraction was

calculated as the area of the witivided by the mold aredhese numerical results
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along with the result from th@achine learning method are used to provide the range of

void content for any new image of the fabric.

5.3 Results

5.3.1 Results of the manifold embedding method

The results of manifold embedding of 45
2, and 4) and Ml (0, 0,3nd 0,5) are obtained and presentefigure5.7 andFigure
5.8.
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value varying in range (0.5~4) (b). Here RP means reduced parameter
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Moran’s 1 0.5 - a=1MI=03
a=1,MI=0.5
Y @=2,MI=0
¢ a=2MI=0.3
© a=2MI=0.5
60 ¥ a=4,MI=0
40 - ¥ a=4MI=0.3
¢ a=4MI=0.5
20
)
~h
-20 -
-40
-60 -
-30
(b)
a=1,MI=0
a=1,M1=0.3
a=1,MI=0.5
¥ a=2,MI=0
60 F a=2,MI=0.3
© a=2,MI=0.3
40 | ¥ a=4,MI=0
¥ a=4,MI=0.3
20 — ¥ ﬂ=4,5ﬂ=0.5
0 @=1MI=0.15
®  4=1MI=0.4

-20 —

-40 — \ " Ca /— 100
60 Moran’s I 0~0.15 /L 0 4

-30 20 10 0 10 20 30 0 &
RP4
Figure5.8 Manifold embedding of input matriof 21 x 21 size in 3D space. Ml

separation of value of 0, 0.3, and 0.5 (a) and MI separation of value varying in range
(0~0.5) (b). Here RP means reduced parameter
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A 3D map of clearly separated clusters based aas obtained using binary images of

resolution 205 x 205 pixels in the training step as can be sddgune5.7. As briefly

mentioned in Introduction sectign,affects the size of pinholes. The higher the value of

| , it signifies on an average a larger size plehGonsidering this, the result makes

sense that images rather than matrices are proper training samples for the

characterization of input data within a reduced 3D space because the images show

the size of pinholes. On the other hand, the secondfyipput data, matrices of 21 x

21 elements, only contains the information of the location of pinholes in a unit size of

fabric (105mm by 105mm) and of spatial correlation between pinholes and no pinhole

areas. Therefore, matrices rather than images asenlio be the training samples for
characterization of data based on MI values and the results are presEigecem8.
Additional samples of intermediate U of 0.
training pool along with samples of Ml of 0.15 and Gure5.7(a) andFigure5.8(a)

show the result from manifolde ar ni ng process with 9 sampl e
1, 2, and 4)Figure5.7 (b) andFigure5.8 (b) show the results with all samples
including the i nt er mssbtitaltfosampleswitheayingf U and
MlI, and Ml is set to 0.3 for samples with varyingThese 3D maps can now be used to

identify U and MI for a fabric of interest

5.3.2 Experimental results

The plain woven fabric presentedrigure5.1 was used as an input sample to
identify its U and M|l value using the meth
original image of size of 105mm x 105 mm, binary image (205 x 205 pixels), and

pinhole matrix (21 x 21 gels) are displayed Fgure5.9.
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Figure5.9 Plain woven fabric of size of 105mm x 105mm. the width of tow is 5mm.
original image (a) binary image (b) pinhole matrix (c). Blaakcates no pinhole area

The image and matrix data weyecessed by FFT first before subjecting it to the
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manifold embedding method. The position of the new sample in a 3D space is shown to

bel

ong to the <clust
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inFigure5.10. With this characterization of the fabric, one can forecast the expected
void percentage range from the previously compiled library of numerical simulation

results for various U and MI val ues. For U

arepresented iTable5.4 andFigure5.11.
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Figure5.10ldent i f i cat i o na aadMl p)ofehe new vaven fabric
sample in the clustered m#old map built wth 450 training samples (s&é&gure5.7
andFigure5.8) Here RP means reduced parameter
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Figure5.11 Histogram of void percentages cdhtied from the simulations with
generated pinhole fields. Different colors represent different DM permeability
magnitudes.

Table5.4 Void percentage obtained from numerical simulations performed with
generatd pi nhol e positions and sizes

> Simulationresults
Kow(m’) Void (%
Mean Standard
[

Range (%) ") | deviation

145 pm 1.06~4.26 | 1.90 0.56

85 pm 0.31~-3.72| 1.39 0.54

4 pm 0.12~3.33| 0.79 0.47

The numerical restd show that the void fraction increases with higher DM

permeability30,97]and it couldresult inup to 4.26%voidsfor this type of fabric with
U of 1 and MI of 0.3.
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5.4 Summary and conclusions

Manifold embedding method is successfully used to characterize the architecture

of a fabric of interest with Dbfdgdtanin@gnt var

samples of varying U and MI wthodCAamced f or
t SNE, to build a 3D map showing distinctly separate clusters of input data separated
based on the two variables (U and MI). To
method was carried out on an image of a new sample of avptsien fabricwith tow

width of 5 mm to identify the cluster of
clusters created from the training sampl e
of 0.5~1.5 and 1.5~4, respectively for the fabric. The range of void frdotidhis

fabric was forecasted for the three DM cases to vary between 0.1 to 4%. This quick and
efficient approach to characterize a fabric with two variables allows for forecasting the
likelihood of void formation and its extend in the VARTM process @sd provides

textile manufacturers information on the effects of variability in their equipment on the

manufacturing of the fabrics so steps could be taken to reduce this variability.
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Chapter 6

Prediction of void formation during impregnation of fiber preforms using data
mining, decision tree approach

6.1 Introduction

The permeability field can vary locally which leads to an undesirable result such
as void formation during the impregnation step of SCRIMP (VARTM with Distribution
Media (DM)) process. The variation ihe in-plane permeability has been studied to
show its effect on resin filling time and the filling patt&2]. The local variation in
through the thickness direction of a fabric due to rees® holes (pinholes) has been
also studied to show that the local randomness in permeability affects resin flow and
results in dry spot (void) formatidB88,122] InChapter 3the importance of
understanding the randomly varying property of pinholes is reported and suppitinted
experimental and numerical studies. Also, the effect of pinholes is observed to be more
prominent due to the presence of the DM. The effect of other process or material
parameters have not been studied in the presence of pinholes. An open qukstion is
the size, location and distribution of pinholes interact with process or material
properties including permeability of DM,d, to affect the void formation in the
SCRIMP composite manufacturing process. For examplg vikas found to enhance
the effet of pinholes by directing flow in through the thickness direction. There are
other important properties to consider other than Buch as irplane permeability of

preform and vent pressure that could affect the void formation. The goal of this chapter
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is to investigate how the void formation is effected by the varying material and process
variables listed below

1 Fabric architecture variation in terms of pinholes which is characterized by
two independent parametefsg nd Mor anods | (MlI')), which

2. Permeability of Distribution Media,df,

3. In-plane Permeability of the fabric

4. Vent Pressure
by carrying out a numerical parametric study. These data can be used to build a
comprehensive librgrof numerical simulation results of possible scenarios. This
information can be classified and analyzed using a decision tree which allows for the
visual inspection of the effect of the above parameters and efficient classification of
datd99,101,123,124]A decision tree trained with the library ofmarical simulation
results can be used tategorizersoid information efficientlyfor various combination of
the selected parameters

In this study, we first examine and justify important experimental parameters
which directly affect void formation in tf@CRIMP process. The verification is done
by carefully studying numerical simulation results run with varying values of the
identified parameters. Monte Carlo numerical simulations are carried out with the
verified parameters varying in values. Regressietision tree model is applied to
classify the numerical results (data), which allows ones to forecast void formation

behavior in the future.
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6.2 Methodology

Process and material parameters which affect void formation are identified
numerically using 3D flovsimulations. Once the parameters to study are verified,
Monte Carlo numerical simulations of resin impregnation into the mold are carried out.
A decision tree is trained with the numerical results. To build a decision tree, key
attributes and target (dema tree outcome) should be defined. In this study, the
material and process parameters are called key attributes and the target is rejection

percentage obtained by calculating both the void fractiorttesize of the voids.

6.2.1 Numerical simulation

Liquid Injection Molding Simulation (LIMS)s used tadvance the flow front
in an anisotropic porous media represented by the fibrous reinforcement. Plain woven
fabric is used as the fibrous reinforcement sample. The fibrous reinforcement is
modeled as a 3D mesbM as a 2D mesh, and pinholes as a 1D mesh. The 3D mesh
represents the fabric layers which @r&2mwide and0.53mlong with thickness of
0.7mm under vacuum (fully nested). 2D mesh represents the DM which is 0.11m wide
and 0.48m long with thickness omin. The 1D elements along the thickness direction
of the fabric represent the pinholes. The permeability tensor of the fabric is
experimentally determined using the methodologghapter 2and presented ihable

6.1.
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Figure6.1 (a) Mesh used for flow simulation (b) 3D mesh (blue) with 1D element
(yellow)

Table6.1 Permeability of the plain woven fabric
VI VIt v a 0 & v & 0 «a
8.86x10" | 9.10 x10"* | 1.36 x10* | 9.89 x10'® | 1.58 x10* | 1.00 x10"

The pinhole field is generated for each simulation run with the method described in
chapter 4Other eperimental conditions such as viscosity, volume fraction, and inlet

pressure are presentedTiable6.2.
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Table6.2 Experimental condition for numerical simulation study

Fabric voluméfraction 0.45
Inlet pressure (Pa) 1 10°
Viscosity(Pa.s) 0.1

6.2.2 Key attributes (parameters)

6.2.2.1 Pinhole property (» and MI)

The fabric architecture has pinholes between the fiber tows as they cross each
other. These pinholes will vary in size and location as it is a function of the fabric
manufacturing process. Thus the heterogeneous through the thickness peymeabilit
induced by pinholes of a woven fabric can be characterized with two key variables,
gamma distribution variable] and Mo r as de8csibed in ohaytery 4 and 5
The permeability of the pinholes,iK is calculated from the size of the pinholed a
one can characterize a histogram from their varying valuessa shape factor of the
gamma distribution which best fits thegikhistogram. The overall § value increases
with higher . This means that the influence of the pinhole on the resinifiGtronger
as this shape factor increases as mese flowsthrough the pinholes. Three values of
| (1, 2, and 4) are used for this study. The range (@4) should cover most of the
woven fabricsAs| increases from 1 to 4 increastt®e meanadius of pinhole
increase$ rom 0.7 mm to .1.7 mm. One will rarel"
pinhole size between t wbhegammesdisttibationsef | ar ger
varying| values_of 1.16 are presented igure6.2.The value of_is obtained
experimentally by characterizing the pinhole sizes from a plain woven fapric. (

pwE Q pH @vas experimentally characterized using Equation 4.8)
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Figure6.2 Gamma dstributions with varying alpha from 1 to 4

MI is a measure of spatial correlation between pinholes. This value varies from
1 to 1 depending on how positively or negatively data (pinholes) are correlated. No
spatial correlation (completely random) me&#isof 0. This spatial correlation of
pinholes is one of the crucial parameters affecting the resin flow, and hence the void
formation. Ml, for this study, varies from O to Odtotal of three values of 0, 0.3, and
0.5were selected to cover the possitaiage For Ml, one is hardly likely to encounter a
woven fabric of Ml over 0.%vhere large regiaof pinholes are correlated as can be
seen inFigure6.3(c). In the 21x21 size mesh in Figure 6.3, black squares represent
pinholesand white areas where the tows are touching each other and there are no

pinholes. From left to right, the value of Ml increases which is visually presented as

completely random relation to positively correlated pinholes (black areas).
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pinhole location distributions can be generated é&mhevalue of Ml, allowing one to
conduct Monto Carlo simulations for each parameter. Here only three distributions for

Figure6.3Sa mp | e s

each MI are shown
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6.2.2.2 Kpwm (DM Permeability)

Kpwm is an important factor that affects the main direction of resin flow in a
SCRIMP process. R tends to flow more in the-plane direction with lower Ku,
on the other hand, the flow is directed more through the thickness direction with higher
Kpwm. This more flow in through the thickness direction has more propensity to form
voids (air entrapm®) because permeability values in the thickness direction are highly
heterogeneous.df values selected for the parametric study ar@4t ,8 p 1 and
1.45 p m m? These values d{pm were measured from the distribution media that
were available. Also, they do cover a good range of DM values used in a SCRIMP
process. The development of resin flow with DM of varying/ks depictedn Figure
6.4. A total of 4 layers of woven fibrous preforms are used and the images show the
bottom layer. Resin flows in the direction of the arrow showFiguire6.4. Red dotted
line is the flow frontalong the top layer in contact with the DM. Figure 6.4 shows
increasing value of DM from left to right. The flow along the bottom layer shows more
disturbed outline of flow fronts and enclosed spaces indicating that there will be voids
formed because asl¢ value increases it results in more agmform flow front. The
lead length between flow fronts along bottom and top layer also increases as DM
permeability value increases. It clearly shows the influencer@fdf flow front and
void formation behaviothat higher the value ofdf, higher is the possibility for void

formation due to the irregularity in the flow fronts.
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Figure6.4 Experimental image of the bottom layer when the flow front reached 30 cm

from the inlet gateluring resin flonin aSCRIMPprocess. Red dotted line represents

the position of flowalong the top layewith (a) No DM (b) Kom = 409 n? (c) Kom =
8.5e09 n? (d) Kpm = 1.45€08 n¥

6.2.2.3 Ratio of Inplane to through the thickness permeabiliy (Kxx(Kyy)/K zz)

The effect of the ratio of Hplane permeability (Kxx and Kyy) to through the
thickness permeability (Kzz) on the void formation is &splored Theratio can affect
theresin flow and void formatigrbecausevhen thisratio increasemore flow takes
place in the inn-plane directionThisis very important becauslee permeability field
in thein-plane direction does not have the heterogeneitiie extenin through the
thickness direction. Typicallyhe ratio of inplane to throughe thickness directiois
around 2 order of magnitudel(00) for a woven glass fabric. For this studgrying

higher ratios are adopted to investigatedffectof increasing ratio on the void
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formation The ratio of Kxx/Kzz varies from 100 (typical) 590 (100,300, and 500).

For simplicity, it is assumed that the fabric is isotropic (Kxx=Kyy).

6.2.2.4 Vent pressure
Il n VARTM process, a full wvacuum is an i
possible to have a partial positive pressure at the vent for vaeassns such as
mechanical difficulty regardless of the period of the fibrous materials under vacuum.
Although the vent pressure does not alter the flow pattern of resin or redirect it in
certain direction, it does affect the final size of voids. Highet pegssure means lower
pressure difference driving the resin flow which results in overall slower flow and
bigger size of trapped air (voids). In this study, the vent pressure is varied from 2% of

injection pressure (£Pa) to 8% of injection pressure @2%,5%, and 8%).

6.2.3 Target

The target for the decision tree is the rejection percentage varying from 0~
100%. A total of 150 numerical simulations are carried out for each combination of the
mentioned 5 parameters. The number of total numerical simuldétioaach case (150)
is determined by studying the mean of void fraction with increasing run numbers. It was
found that 150 is large enough for the mean value to reach a plateau. The detailed
explanation is presented ¢éhapterd.2.7. Void fraction and size of voids from each
simulation out of 150 cases is examined to see if is the part should be rejected. In this
study, a part is rejectedtiievoid fraction is over 3.5% or if the diameter of the void is

higher than 1.5cm. Theejection percentage is obtained by dividing a number of
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rejected cases by the total number of cases (150)édlaetion of theize of thdargest

void in the composite and tipercentage ofoid fractionwill dependon the application

and what knock daen factor one can tolerate in that application. For example, for
aerospace parts the largest void fraction that can be tolerated is 2% whereas in non
structural automotive parts or wind blades this fraction could be as high as 5%. For the
sake of this stugdwe decided on 3.5%. A single void that is very large in size even if

the overall void fraction may be low is the weakest link in the composite failure and that
has been selected here as 1.5 cm which is about a few thicknesses of the composite.
Again thisnumber could be reduced or increased based on the application. Our goal
here is to demonstrate the methodology with some plausible values for the void fraction

and void size.

6.2.3.1 Void fraction

Void regionsfound from the simulation runs are numerically chtaezed by
calculating its void fraction. The void fraction is obtained by dividing the total area of
voids found on the bottom layer by the entire arethefabric because most of void

regionsare found to be formed the bottom layer in this VARTM prcess.

6.2.3.2 Size of voids

Size of voids is also important information in addition to total void fraction in a
part. It is because a part could have a low total void fraction with a few large voids
which are more detrimental to the mechanical strength of aasitagart than having

large number o$mall size of voids which add up adigher void fraction. That is, total
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void fraction alone is not sufficient information about voids. The locations of voids in
the bottom layer are obtained from the numericalusation and the example of void
distribution in a form of binary image is presentedrigure6.5 (a) and (b) which

shows the scatter plot of the binary image with voids (blue circles). Once the image and
plots are obtained, theext step is to group adjacent voids (blue circles) to determine

the size of voids. Cluster analysis is, carried out using a dendrogram which shows the
distance between pointgoids withincertain threshold distance @ach other (in this
case0.7cm) aregrouped togetheas one voidThe distance of 0.7cm is diagonal

distance of 0.5cm which is the distance between two adjacent pinholes.
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Figure6.5 (a) Binary image of voids formed (white spots) in a bottayer (b) Scatter
plot of the binary matrix with voids (blue circles)

6.2.4 Decision tree

Decision tree is a data classification tool to place data itatdgories
depending on how the data is defined at each node. A decision tree consists of root (top)
node,split node, and leaf (terminal) node as can be seEmgure6.6 which are

organized with a test function at each r{d@4,125]
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Root node
Test function

Split node
Test function

Leaf node

Figure6.6 The structure of a decision tree

The test function contains a binary question of if the incoming data is bigger or smaller
than a value of an attribute. The test functions at each node are selected in a way to
optimize the decision tree. How test functions are determined is explained with the help
of eleven example cases to illustrate the decision tree optimization process. This step
shows how to determine which attribute to use for a test function. The exangaes us

for this are presented fable6.3. First, the standard deviation (S0) of all of target

values (rejection percentage) are calculated to be 18.2. Next, the standard deviation of
the targets with each attribute (S(T,X)) is ob&l as shown in Equation 6.1. S(T,X) is
standard deviation of target values for a specific attribute (X). The exaongdéculate

S(T,X) is presented ifiable6.4 and Equation 6.2.
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Table6.3 Target values from eleven examples combining various key attributes

Koo(Kyy) Pr\e/sesnLtlre/ Target
Example » Ml Kom(m2) X/XKZZW Injection (Rejection
Pressure  Percentage)
E1 1 0 p& pm 100 0.05 0.94
E2 1 03 p& pmn 100 0.05 12
E3 105 pg& pmn 100 0.05 14
E4 2 03 pg&8 pm 100 0.05 26
ES 4 03 pg&8 pT 100 0.05 48
E6 1 03 ud pm 100 0.05 2
E7 1 03 181 p 100 0.05 0
E8 1 03 pg& pm 300 0.05 5
E9 1 03 pg& pm 500 0.05 3
EI0 1 03 p&8 pm 100 0.02 5
E11 1 03 p& pmn 100 0.08 49
Y YA 0 QY®

(6.1)

Wherec is each value of the attribute, X is an attribute, P(c) is a probability for the X

attribute to have a value c, and S(c) is standard deviation of the targetsspébt e

the attribute X with a value c. An example to calculate S(T,X) when X is the attribute

is presented ifable6.4. The count refers to the number of cases with that value of the

attribute from the total of 11 cases meted in Table 6.3



Table6.4 Example to calculat8tandard deviation agjection percentaggarget)and
count with the attribute (Xyvhich is Ufor this case

Attribute (X) Value (c) Stanti?éceltd(%\/(lgt)lon of Count
1 15.3 9
| 2 0 1
4 0 1
11
Y'Y 5ovhd —pw —n Pn PP
. p FP PP PP (6.2)

The attribute to form the test function at the split nodes is determined by choosing the
most homogeneous one that giteshighest difference between $ibe standard

deviation of all target valueshd S(T,X).SOfor the 11 cases presented in Table 6.3 was
calculated to be 18.2. Next the standard deviation for the 11 cases calculated for each
attribute using equation 6.1 wergfallows S(T} ) is 12.5, S(T,Ml) is 16.1, S(TKpwm)

is 15.4, S(TKxx(Ky)/Kzz) is 15.9, and S(T, vent pressure) is 12.4. Jdmd pressure is
furtherestaway from the total standard deviation and hescéosen to form the first

test function in the decision tree.

6.3 Results

6.3.1 Numerical simulation

A total of 243 case studies (3 3MI  3Kpm 3Kuw/Kz 3vent pressure3)
which means a total of (243 x 150 (for each set of parameters)) 36450 simulations were
carried out. Void fraction and rejection percentage for ehtireahree values of the

key attributes are calculated. The base vehesen fothe attributes is 1,for Ml is
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0.3, for Kom is 1.4e08 n, for Ku/K; ratio is 100, and for vent pressuraidt v

P Tpa.

6.3.1.1 Pinhole property (» and MI)

The effect of pahole property on void fraction is presented able6.5. As|
and Ml increase, the void fraction also increases| Ralue from 1 to 4, void fraction
gradually increases from 1.35 to 2.54. Mean void fraction increases fB&nal2.05
when Ml is increased from 0 to 0.5. ASand Ml increase, the rejection rate increases
from 0.94 to 48 percenthe trend of void fraction and rejection percentage is more
apparent with the parameter| othan MI. This means that the sizepifholes is more
influential parameter on void formation than how the pinholes are spatially correlated.
The increase in void fraction with increasin@nd MI agree with the expectation that
the increase in size of pinholes du¢ tand in spatial corfation introduces higher

randomness in through the thickness direction.

Table6.5 Range, mean, and standard deviation of void fraction and rejection percentage
=1 [ I=1 =1 [ =2 | =4

MI= 0 MI= 0.3 MI= 0.5 MI=0.3 MI= 0.3
Range (%) | 0.7~2.6| 0.9~3.8 | 0.9~46 | 1.3~4.2 | 1.3~4.3

Mean (%) | 1.35 | 1.90 2.05 2.30 254
Standard

deviation (%) | 037 | 065 0.75 0.47 0.50
Rejection

percentagé%) 0.94 12 14 26 48




6.3.1.2 Kpm

Kpwm also plays an important part in resin flow whiican lead to void formation
as can be seen Table6.6. For the range of p 1 top& p 1 M?of Kpw, mean
void fraction increases from 0.79 to 1.9. Rejection percentage also increases from 0 to
12 as kw increases. Thisesult agrees with the prediction that more fiswlirected in
through the thickness direction with highésw which results in higher void fraction

and rejection percentage.

Table6.6 Void fraction and rejegpercentage with varyingds

Mean Standard Rejection
Kom(m?) Range (%) (%) deviation percejntage (%)
145 pm 1.06~4.26 1.90 0.56 12
85 pm 0.31~3.72 1.39 0.54 2
4 pm 0.12~3.33| 0.79 0.47 0

6.3.1.3 Ku(Kyy)/Kz

Void fraction decreases with higher ratio 0§# 2. This trend is presented in
Table6.7. As the ratio increasesoim 100 to 500, the detected void percentage
decreases from 1.86 to 1.30. Rejection percentage decreases from 12 to 3% with
increasing ratio. There is a big difference in void fraction between the ratio of 100 and
300. There is a negligent difference betwéee ratio of 300 and 500. As the ratio
increases, more resin is directed in thelsne direction where there is no randomness
or variability in permeability. This results in more uniform flow and less void

formation.

13C



Table6.7 Void percentage and rejection percentage with varyigdhy)/K .

Mean Standard Rejection
Koo Kyy)/K () Range (%) (%) deviation percejntage (%)
100 0.82~4.37| 1.86 0.67 12
300 0.37~3.41| 1.36 0.68 5
500 0.14~3.81| 1.30 0.93 3

6.3.1.4 Vent pressure

Mean of void fraction and rejection percentage both increase as the vent
pressure was increased frgqm p mpa toy p 1 Void fraction increases from 1.34 to
2.33 and rejection percentage increases from 5 to 49. As predicted aboveyéingher
pressure results in higher size of v@#&hd void fraction which lead to higher rejection

percentage because pressure in entrapped air is higher and so the volume is larger.

Table6.8 Void fraction andejection percentage with varying vent pressure

Mean Standard Rejection
vent Pressure (Pa) Range (%) (%) deviation Percejntage (%
C pT 0.35~3.57| 1.34 0.66 5
VU PT 0.82~4.37 | 1.86 0.67 12
Y pTr 1.19~1.01| 2.33 0.55 49

6.3.2 Decision tree

Decision tre is built with resulhg data from the numerical simulations. An example of
decision tree trained with the 11 exampleSable6.9 is presented ifrigure6.7 and
Figure6.8. In Figure6.8, R(%) means rejection percentage. The 11 examplEable
6.3are the combination of each attribute study (Chapted). Thethree values
investigated in this study with ttagtributel areshown withcase€2,E4, and Ef

Table 6.3The threeMl values investigated apresented witltase€1-E3. The three

131



Kpm values are presented with case&®f E6, and Eth Table 6.3 Three values of
Kxw/Kzz are examined ikE2, E8, and E9. Vérpressurehanges are representedts

E10, and E11.

Table6.9 11 examplegases using 5 identified attributeged to build a decision tres
a function of two targets: mean void fraction and rejectiencgntage
Vent Target

Tar
Example » Ml Kpm(m2) K’(/Xéljzyy) Irr:jzsc?ilé)rr?/ (\I\;Igifén (Re?egc]:?iton
Pressure fraction) percentage)
El 1 0 p&8 p 100 0.05 1.35 0.94
E2 1 03 p&8 pT 100 0.05 1.86 12
E3 1 05 p&8 pm 100 0.05 2.05 14
E4 2 03 p&8 pm 100 0.05 2.30 26
E5 4 03 p&8 prm 100 0.05 2.54 48
E6 1 03 g pm 100 0.05 1.39 2
E7 1 03 181 pm 100 0.05 0.79 0
E8 1 03 p&8 pm 300 0.05 1.36 5
E9 1 03 p&8 pm 500 0.05 1.26 3
E10 1 03 p&8 p 100 0.02 1.34 5
E11 1 03 p& pT 100 0.08 2.33 49

Here the mean void fraction is the average of void fraction from 150 simulations
conducted for the selected five attributes where as rejection percentage is the percent of
rejected parts from 150 simulations based onitteea the void (in our case greater

than 1.5 cm in diameter) and/or the void percent for that simulation being greater than a
threshold void fraction which in our case was selected to be 2\Bfng the
consideredhttributes| seems to be most effectias the rejection percentage reaches
almost half (48%) with highest value|ofof 4. Vent pressure is alsam effective

attribute a$ the rejection percentage reaches close to half (49%))hethighest vent
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pressureThis clearly indicates that it important to ensure that the pinhole
characterization of fabrics have a lower value of alpha and during the process an

effective vacuum is maintained to reduce rejection rate and void content.
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@E==13
Samples : 11

True
VentP <= a<=3
0.065 * 10°pa Samples : 2

Samples : 9

Kpui=bn 107 V,=233 V=23 V,=2.54
Samples : 8 Sample : E11 Sample : E4 Sample : E5

V,=0.79 MI <=0.4
Sample : E7 Samples : 7

Kxx/ Kzz <=200 V,=0.79
Samples : 6 Sample : E7

VentP <=
0.035 * 105pa

Samples : 4

Kxx/ Kzz <=400
Samples : 2

V,=136

V,=134

MI <=0.15
Samples : 3

£ =126

Sample : E10 Sample : E8 Sample : E9

V,=135 S
Sample : E1 Samples : 2

V=139 V:=1.86
f
Sample : E6 Sample : E2

Figure6.7 Decision tredo visualize the classification of the resudfghevoid fraction
from 11 examples irable6.9. Circular block presents split nodes with a test function
and rectangular block shows final node
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VentP <=
0.065 * 105pa

amples : 11
True False
a<=1.5 R(%) =49
Samples : 10 Sample : E11

MI <=04
Samples : 8

a<=3
Samples : 2

R(%) =14 ICHEYE BICHREE
Sample : E3 Sample : E4 Sample : E5

MI <=0.15
Samples : 5

R(%)=0 § R(%)=2 [ R(%)=0.94 Kxx/ Kzz <= 200
Sample : E7 Sample : E6 Sample : E1 Samples : 4

Kpy<=1x107°8
Samples : 7

Kppy<=6 x 107%°
Samples ; 2

<=
. ;;eg‘tpl o5 Kxx/ Kzz <= 400
) * pa Samples : 2
Samples ; 2
R(%) =5 R(%) =12 R(%) =5 R(%) =3
Sample : E10 Sample : E2 Sample : E8 Sample : E9

Figure6.8 Decision tredo visually classify the resultsased on the target mdjection
percentagérom the 11 examples imrable6.9. Circular block presents split nodes with a
test function and angular block shows final node

Once the decision tree is obtained in the training step as can be segure®.7 and
Figure6.8, a prediction of void fraction (varying from 0.79~2.54) and rejection
percentage (0~49) can be made with any combination of attributes in the range. Visual
inspection of the tree also helps one to study the effect of each attribute. The visual

inspection allows one to understand the effect of each parameter clearly dtygl quic
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For example, it can be seenFigure6.7 that the part will have highest void fraction

range (2.33 to 2.54) if is larger than 3. Fronfigure6.8, it can be seen that the the

highest rejection rate (48 to 49) is possible in the process|if that characterizes the

fabric is larger than 3 and if in the process the vent pressumghisrithan 6.5 percent of

the injection pressure (the vacuum pump not being able to maintain adequate vacuum).
This quick and efficient analysis of the process and material parameters in terms of void
formation with the trained decision tree will provide timnanufacturing engineer a good

guide for identifying parameters if high rejection rate is encountered in the process.

6.4 Summary

Key attributes which affect the void formation and the rejection rate (targets) in
a VARTM process have been identified throaghlonte Carlo simulation study with
150 simulations for each combination of the five attributes explored. The range of key
attributes considered here are representative of material and process parameters used in
such composite manufacturing processesak shown that the increase in the value of
parameter such as Kxx/Kzz which enhances the flow in tidaime direction result in
lower void fraction and rejection percentage. On the other hand, increasing value in
parameters such a$i ,Ml and| lead to higher void fraction and rejection percentage
as more resin flows in through the thickness direcfidm process variable of vent
pressure was also shown to affect the void formation adversely so higher the vent
pressure, larger will be the wbfraction and rejection percentage clearly showing the
importance of ensuring that higher vacuum level is maintained at the vent. The

parametric study shows that with the range of values studiguhich is related to the
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pinhole sizes in the fabric) drthe vent pressulenaintenance of good vacuumre
most influential parameters.

Decision tree igreatedwith the target data (void fraction and rejection
percentage) obtained from numerical simulation study. Using the decision tree is proven
to be notonly efficient and easy to retrieve the target information but also necessary for
visual study and clear understanding of the effect of each parameter on the target.

The parametric study and the application of the decision tree are an example of
an efficient methodology to access the valuable information of void formation behavior
with varying parameters in a VARTM process. This study allows one to design the
process and ensure that the materials such as the fabrics used are well characterized and
fall between the limits as forecasted by the decision tree in order to minimize the void

and rejedbn percentage.



Chapter 7

CONCLUSIONS, CONTRIBUTIONS AND FUTURE WORK

7.1 Conclusiors

Deterministic simulations of composite manufacturing processes provide
guidelines for processesign. However, almost all composite manufacturing processes
are marred with variability due to material and process variability and nowhere this is
more true than igertain class odf CM processs such as SCRIMP and Compression
RTM. In suchLCM processs, the presence glinholes varying in size in a preforrdue
to the variability in textile manufacturing introdwedecal variability in through the
thickness permeabilitywhich is known to be cause of void formatidience the goal is
to understandhe rde of suchvariability which will guide one towarda robust process
designto prevent voids duringhe manufacturingprocesslespite thesanplanned
perturbations in permeability. This work has shown that such variations can be
addressed by developimgethodologiedo characterize and model theplanned
variability in the fabric and process using validaBl numerical simulatiosmas a
surrogate for the actual manufacturing pro¢essedict the void formatioand
expected rejection rate

First of all, be study of effect of through the thickness skew tekng,Ky2 on
the resin flow was carried out, which was followed by a development of methodology
to measure these skew terms with other four permeability comporemt&yy,Kzz,

and Kxy from a singleexperiment. This novel methodology has been verified
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experimentally and numerically. This wozkn characterizéhe skew terms of a fabric,
especially 3D fabricandstudyingthe effect of its variability on flow.

Next, the local variation@inholes)in the through the thickness permeability
(Kz2 are studied and modelethe permeability of pinholes are experimentally
obtained to be useas inputin 3D numerical simulatian The numerical simulations are
validatedwith experimental workThe mesescale pnholes are found to cause void
formation by locally affecting the resin flowhe effects grovétrongerasDM
permeability increases because more resin is directed in through the thickness direction.
This methodology of modeling and studying pinholes imarcal simulatios will help
detect material and process conditionprvent void formationHere it was shown
that lower DM permeability will reduce the void formation in the presence of pinholes
in the fabric

The pinhole random fielathich was measedwasstudiedstatistically and a
methodology was developed to create the randomvigldtwo parametersstead of
obtaining it experimentally. Gamma distribution which fits the histogram of measured
Kpin and MI of spatial correlation were found tdide the pinhole random field. The
random field was then created with gamma distribution parameters (scale factor of
and shape factor of) and MI. The created random field kin was then used as an
input torun Monte Carlo numerical simulations whigvere compared to experimental
results. Numerical results showed a good agreement with experimental rebidis
validates thenethodology t@enerateéherandom field This study presents a novel
methodology to create the pinhole random figith two parameters and Mlwhich

helps avoiding the timeonsuming task of experimentally acquiriign values for a



fabric through hundreds of sampl&$e value of and MI can be obtained just from
one sample of the fabric

Next, anovelmethodology to identify thetatistical properties of and M
which arenecessaryo create the pinhol&ndomfields was developedlhis method
allowsoneto identify these two key parameters from a picture of a fabric sample. The
dimensionality reduction methods called PCA and tESWre used tprocesghe
pictures of a fabric to achieve this goal. The high dimensions (pixels) of a picture were
reduced to 3D space for the visual inspection and characterizatitwe. reduced 3D
space, a totadf 450 samples varyingalues of and MI were plotted to show
formation ofdistinctgrouping orclustersfor similar value of and Mlvalues.To
validate this methamlogy, atest sample of plain woven fabriavasidentified with|
of 1 and Mlof 0.3by locating the clustethis sample Hengs to.This studypresentsa
novelmethodology to allow one to identify the important parameters of a fabaicgd
MI, on-line efficiently. The two parameters can then be used as an ingem¢oate the
random fields foMonte Carlo simulations to edict the void sizes and distributions
accounting for the variability.

Finally, a parametric study was numerically carried out to studythewinhole
properties|( and MI) interact with other properties (DM permeability, vent pressure,
andin-plane permability of preform)o affect void formation in the process. It was
numerically found that increasing-ptane permeability and MI decrease void
formation. On the other hand, increasing , DM permeability, and vent pressure
increasd void formationand rgection rate This indicates that the variables which
enhance resin flow im-plane direction mitigatéhe pinholes effeciThis study

provides amaterial choice androcessvindow to reduce void formation and rejection
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rate Decision tree method is retonended to classify and sort the data fthm

numericalparametricstudy for easy and efficient access to the data.

7.2 Contribution s

The unique contributions of this dissertation work are listed below.
1. A novel methodology to measure all six componentseomeability tensor was
developed and verified numerically and experimentally. Since the bulk permeability
tensor is characterized from a single experiment, it saves time and effort to measure the
permeability. This method is particularly useful for 3Dria characterization with
significant skewing of fhiw due to the 3D stitching or waag which could influence
the void formation and distribution.
2. A methodology to characterize stochastically varying permeability into the numerical
simulation allowsone to quantify the effect of local variability (pinhole) on the
robustnessf the manufacturing process in terms of void sizes and void distribution
This studyalsohighlights the role of distribution media permeabilitychraracterizing
the robustnessfdhe process. Higher distribution media permeability may reduce fill
time but is more likely to cause higher percentage of voids.
3. A methodology to create th&,in random fields by identifying two parameters from a
fabric sample was developed. Thishaillow oneto save time to obtain th&,n random
fields which araused innumericalsimulations and access the variability on the void
distribution formation by conducting many realizations of this variatibhis
methodology is particularly useftd model a large area &in field for large

composites such as wind blade.
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4. A novel methodology to identifyovenfabric with the importanstatistical
parameterg (, MI) was developed with a machine learning method called PCA and
t SNE. With this metha, a woven fabric can be easily identifiedlore with these two
parameters from a digital image of a sample of the fabric. Once these parameters are
identified, theKpin random fields can be created to be used as anfmpMionte Carlo
numerical simulaons and design the process in the presence of the variatility
through the thickness permeability

5. Lastly, the effect of pinholes along with other process or material properties is
studiedthrough comprehensive parametric stwdhich can guide oneotchoosea
reasonable range of valuesnohterial properties such as DM permeability eplane
permeability of prefornand process variables such as vacuum pressaneid voic

in composite parts

7.3 Future work

Stochastically varying property in throlighe thickness direction of a fabric can
affect resin flow not onlyn RTM and VARTM (SCRIMP) but also compressiBiM
(CRTM). In the compression molding, resin is injecitethe gap between the preform
and the mold waland thens pressurized into thereform by moving the top mold to
close the gapsshownin Figure 7.1 The process consists of preform layup, partial
mold closure, resin injection into the gap, closing the gap (impregnation of resin into the
fibrous material), anduring and finallydenolding. Although CRTM does not use DM
as in SCRIMP which was studied in the dissertatioa,mhajor direction of resin flowm
CRTMiisin through the thickness directiavhere there arkcal variatiors in
permeabiliy induced bythepinholes. Thisneansheflow process is likely to be

affectedby the random variatioprevalentin thatdirection.The effect of pinholes can
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be studiechumerically and experimentallyith combination of process parameters such

astheinitial mold gap compression pressuaadgap closure speed €tt26,127]

1.Preform preparation

2. Preform lay-up 3. Partial mold closure

S
N

MOLD MOLD

4. Resin injection into gap 5. Gap closing : Resin impregnation
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6.Cure and De-molding
Figure7.1 Schematic of CRTM process

Second future work cdoe aboutlevelopinghe optimized design @M
alignmens so that he flow of resinn the presence of pinholes can be adequately
guided andedirected to minimize the void formation using special alignment ofifbM
a SCRIMP (VARTM)processThe idea is to create a no DM zone between pieces of
DM along the length of fabrim a SCRIMP processs illustrated irfFigure7.2. Dark
blue represents 4 layers of fibrous prefand light blue indicates DMnjectiongate is
placed at the tofeft. When resin is introduced through the injection gabéjs are
most likely to be formed by irregular arrigadf resin from the tofDM) to the bottom
layer of fabri¢ which forms more than two flow fronteerging resultingn entrapping
the air and creating a voi@hisphenomenas exacerbatedsthelead length between
top and bottom flow front increases. The No DM zone should allow bottom flow to
catch up with the top flowhich results immreduced lead lengidind reduce amount of

voidsdue to such realibrationas can be seen Figure7.3.
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‘f . [ | Distribution Media

Injection gate
/ 5 I Fabric preform

Figure7.2 Schematic of a SCRIMP setting with the proposed DM alignment to
minimize the void formatiorDark blue represents fibrous preform and light blue
indicates DM.

Figure7.3 Development of flow fr
process with (a) DM design shownkigure6.1 and with (b) DM design ifrigure7.2.
Color indicates the resin arrival time. The colorbar is givéh filling time in seconds

on the side. Resin flows from the bottom to the top.

The development of the flow fromt the bottom layer when new DM design is used

shows an uniform and gradual flow without any welded flow fronts where voids are

likely to form. The filling time increases with less area of DM ygethis case about 2
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order or magnitude bigger. An optimiz DM design which prevent voids and ensures
low filling time should bdoundas in the study b$aset a[78].
Next suggested future work is to enhance the predictabilityeafoid formation
informationby comparing the decision tree to other mdtsuch as regression analysis
or neural networkgl01]. Each prediction methods can be assessed and the most
appropriate one can be selected for the final usage recommendation.

Next suggested future work te study how the parameters usedtundy shown
in Chapter @re relatedFor example, among the parameters presentEthapter 6
some are deeply inteelated betweepinhole property|( , MIl) and Kz Intuitively, it
is obvious that the increasel irshould result in increase in overal,K However ,
not clear to what extent ¢ what degreeK ;; is affected. The influence of Ml on;K
value is more complex. Miffects the K locally than globally by increasing or
decreasinglocalkper meabi | i t y. whatéxgentthe Ml mfluenoes c |
K2z Betterunderstanding of the parameters will allow more accurate modeling and
proper nordimensionalizationvhich isanimportant step to compare the effect of each
parametersThis study can be numerically and analytically carried out. And then the
results from each method can be compared to verify the model.

Last suggested work is tovestigatethe effect omumber of layers othevoid
formationin the SCRIMP or CRTM type of procedscan behypothesizedhatas
more layers of fabrics are used, fhieholerandom field will becomenore
homogenizednd would result in lower void formatiomhe0  values with varying
number of layers are calculated using EquaBigrand plotted irFigure7.4. Thickness
(h) is kept constant at the value of 0.28mm. Whe valueswhich indicate the

magnitude of influene of 0 decreases to reach plateau betwe&agers.
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Numerical simulations were also carried out with varying number of 1§9efsand 8
layers)to quantifyits effect on the void formation. Thalues of parametefer the
numericalsimulationarelisted inchapter4.2.7 The sam@&  random field is assigned
to all layers of fabrics.Tensimulationswere excecutetbr each case (2,4, and 8 layers).
Theaverage value ofoid fractionfor each caseverefound to bet.74%for 2 layers,
6.3%for 4 layers, and9.55%for 8 layer.First thing to notice is that the degree of void
formation is affected by the number of layers of fabrics. Although analytical solution
calculated using averaged and homogenized permeability Valupshows decrease in
the Kpin,effvalue the numecal simulation results show the opposite trend of
increasingheeffect of pinhole random fields (increasing void fractidrt)e trend can
beseenin Figure7.5.This could be explained that the numerical simukatiaptures the
effect of locally varying Kpin random fielhich seems to still play an important role
although one would expect this effect will diminish with increasing number of layers
As the number of layers increase, the void fraction increases$ lgyers because more
random fields are added.This trend could change as more layers of fabrics are added
resuling in more homogenized pinhole random fieldtotal of thirty additional

numerical simulations were carried out with differént random fields assigned to

each layer dfhese simulations were equally distributed between three cases in which
the total thickness was the same but for the first case, the composite consisted of two
layers, for the second case the composite was made up ¢dyets and for the third
case the number of layers was increased to €igletaverage void fractidinom ten
simulation for each case waslculated to b8.009 for 2 layers, 0.0237 for 4 layers,

and 0.0244 for &ayers. The effect aherandom fieldon void formations lesswith

different random fields assigneddach layer than witthe same random fields

14¢



assignedo all the layersThis needs to be explored furthAiso the influence of
number of layersieeds to be studiegkperimentally to evahte the validity of the
hypothesis.

In summary, this work has initiated an approach in which preform variability
can be characterized and its effect on void formation quantified. How such variability
interacts with other material and process parameteesdiao been explored and the
ground work for using flow simulations with stochastic material and process parameters
to guide the materiand process design to improve the yield from the manufacturing

process has been laid.
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Appendix A

INTRODUCTION OF LIQUID INJECTION MOLDING SIMULATION (LIMS)

Liquid Injection Molding Simulatin (LIMS) developed by University of
Delawareis a 3D flow simulatiorsoftwareusing control volume and finite element
method128,129] LIMS simulates the mold filling process of RTM, the movement of
Newtonian fluid (resin) through porous med
(Equation1.1)Dar cyd6s | aw and mass conservation me
pressure fieldis can be seen in Equation A.1

nO0 0 T
(A1)

The boundary condition used to solve the equation is that pressure is always 0 at the
flow front and that fluid cannot flow through the mold wall. Inlet and vent can be set
with eitherpressure or flow rate conditio®nce pressure fieild is known, the velocity
filed can be foundMaterial property such as permeability or viscosity should be
provided.The calculation is done on quaseady state term.

3D(fabric), 2D(DM) and 1D (pinhojemesh can be used to simulate the fluid flow in
the simulationAny various shape of meshs are acceptable for numerical simulation.

For more information, these journglg,128]or website littps://sites.udel.edu/lims/

are recommended to read.
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