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Abstract

Composite materials have gained increagitigntion in the pasteveral years
due to their superiomechanicalproperties and improved strength-to-weight
ratio over traditionamaterials. Resitransfermolding (RTM) is anattractive
composite processing method due to its potential for providamgistently
superior parts at a lower casian othemanufacturing techniques. The RTM
processinvolves a large number of variabldsat arestrongly related to the
system performancéor example moldiling time, and RTMproductquality.
The need for understanding thepact of RTMproductand procesdesign
variables on part quality and process performance is crlibiglpaperdescribe
an integrated productand procesdesign (IPPD) approach for RTM
product/processlesign in which genetic algorithng&A), in conjunctionwith
the cascade correlation neuratwork architecture (CCA-NN), aretilized.
The approach is illustrated through an example.

1 Introduction

The technical knowledgeehind advancedomposite materials and composite
materials processing alone wilbt lead tothe successful development of a
competitive RTMproductexhibiting high quality at dower cost. ANational
Research Counci(NRC) publication indicated thathe manufacturing of
advanced engineered materials is a research priority and recomimaintisn
early focus on integration of materials and processing requirements rpast be
of any manufacturing schenig991]". Optimum design oRTM product and
processdesign variableswill result in high quality parts andenhance the
efficiency and robustness of the RTM process [7]. Thiguin, will lead to
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longerpartlife, predictable andeliable performance, lowelife cycle costs and
improved product yield.

The objective of this research is to incorporate an integpatetlict and
processdesign optimization approach the resin transfemolding process in
order todetermine therucial productand procesdesign parameters and their
settings. By using such approach, the effect afpecific desigrnparameter
settings onpart quality andprocess performance can be predicted without
actual manufacture of thgart. Throughthis integrated desigapproach, the
resin transfemolding process will be optimized and tlyeality of the molded
parts will be maintained. Thethrust of the research is the integration of
modeling and simulation technologibsit make integrate@roductand process
design a viable concept.

In the integrated producand procesdesign optimizationstage, the
following variablesare investigated: mold preheat temperature, mold outlet
pressure,driving pressure - outlet pressuminus inlet pressure, andiber
content. Through a series of experiments, the effects of vaeables on the
void content and interlaminar shear strength are determirmeden tooptimize
the RTM process. In addition, the effects of the above mentvarébles on
mold filling time are investigated. Throudtaining ofthe cascade correlation
algorithm, the effect of mold temperatuositlet pressurejriving pressure and
fiber content on void conteninterlaminar sheastrength and moléllling time
are predicted and the genetic algorithm, based on neetalork data,
optimizesthe resin transfemolding process. Therefore, the GA-CCystem
successfully carries out integrated product and process design optimization.

2 Literature Review

Much of the RTM research has focused on the hmgdeof the process,
evolving from one-dimensional molitling models to three-dimensional models
thatencompass the mofdiing, heat transfer and cure stages. Although these
models have assistedtime understanding of the RTM process, thenlig a
limited amount of informatiorthat can be obtained from such simulations.
Experimental work in recent years has focused on permeability issues, but again,
these findings donot yield conclusive answers on some tife current
processing problems in resin transfer moldifigerefore jncreasingattention is
being placed on studying the interaction of design and processing parameters, as
well as their effect on the overall performance of the system.

Han, et al [5] studied theeffect of gatedesign on fibemat deformation.
Experimental results indicateldatt theeffect of fibermat deformation imited
to a smallregion near thénjection gate. It was concluded thatodifying the
gatedesign will reducghe maximumpressure, thereby reducing thiger mat
deformation. Thenfluencethat process parametexhibit on void formation in
resin transfermolding has beerstudied by Lundstrom and Gebdf]. A
significant conclusion fronthe study was that thaid content wasstrongly
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reduced by arapplied vacuum and, furthermore, can be alncostpletely
eliminated.

An algorithm for the optimization of the resin fraction at the completion of a
fiber reinforcedcomposites manufacturing process was developetvistep
press processing@]. Optimal parameters werdefined to behe initial pressure
value andthe time moment wherthe pressure changes to a second value. In
another study, Rudd et 4l0] addressed process modeling aledign issues
for resin transfer moldingProcessmodels and resultsvere presented for
reinforcement drape, compaction anglane permeability anthe implications
for mold desigrwere discussed. Hayward and Hafédiscussed the effect of
variations in processariables onthe quality of RTM moldings. Significant
improvements were found e mechanicaproperties and porositievels of
moldings made with vacuum assistance.

Although the processing of RTM parts isttbe understood and more
accurately characterized, thermains agreat need for work in the area of
design optimization inthe RTM procesdyeginning with identifying the
relationship amonghe significant variablesand their combined effect on the
resulting compositpart. It isnecessaryhat an integrated produabd process
design approach be taken if the achievements of a rdbsigh, and the desired
part properties and performance are to be realized.

3 Methodology
3.1 Resin Transfer Molding Process

In theresin transfemolding processfiber preforms or mats are placed into the
mold. The mold is closed and evacuated aftach timethe resinmixing and
injection system igonnected to the mold. Thesystem is preheated amdhen

the resin viscosity is sufficientljowered, thenlet gate to the mold is opened
and the resin is forced into thier preforms or mats under pressure. Often, the
temperature of theesin and moldare differentleading to a nonisothermal
process. Atthis point, heat transfenccurs from the moldvalls and fiber
preform to thefluid. Oncethe mold is filled, pressure ignaintained andheat
continuously supplied taure theresin matrix. As dinal stage, the mold is
removed and the finished part retrieved.

3.2 Cascade Correlation Algorithm

Cascade correlation is a supervised learning architeethieh meanshat a set

of outputs isprovided for eactset ofinputs during learning. Therare two
primary features of the cascade correlation algorithm. One is the cascade
architecture, wheré&idden unitsare added to the network one atinae, as
necessary. Once thesielden unitsare createdhey donot change. The second
feature is the nature of tHearning algorithmthat addshidden unitswhich
maximizesthe magnitude of the correlation betweenhidelen unit'soutput

and the residual error signal at the output layer [3].
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CCA performs gradient descenttire space of network topology asll as
weights.Initially, the network structure contains hioldennodes. Each input is
connected to eachutput, with an adjustable weight corresponding to each
connection. Abias input is also present, permanest#y to +1. The network
attempts toestablish a relationship betwetne input-output patterns. Once a
hidden unit isadded to the network, its input weights are frozen. Repeating the
same learningprocedure, but now with aadditional unit,the network again
attempts to learn. If therror istoo large after training reaches an asymptote,
meaning no significant additional learningcurs, a seconddditional hidden
unit is added to th@etwork using the procedure described above,infsut
weights are frozen and learning continues. Hidden units are added until the error
drops to a desired level.

3.3 Genetic Algorithms

Genetic algorithms have drawnuch attention insolving a widerange of
optimization problems with their ease of understanding and implemerjition
GAs are search procedures based onntkeehanics ofmatural genetics and
natural selection. In addition, GAs aliéerent from traditional search methods
in the following ways: 1) theywork with a coding of thedesign variables as
opposed to theariables themselves -- continuity parameter space ot a
requirement; 2) they search from a population of poimis,a singleoint --
parallel processing of pointsduces the chance of trapping intlo@al optima;
3) they useprobabilistic transition rulesjot deterministic transition rules --
leads to high quality solutions; 4) they requirdy the objective functiomalues
-- minimal requirements broaden GA's application.

There are threebasic components necessary fothe successful
implementation of a genetic algorithimitially, there must be a code scheme
thatallows for a bit string representation mfssible solutions tthe problem.
Next, asuitable function must be devis#dtht allows for a ranking ofitness
assessment @y solution. Thefinal, and perhaps most important components,
are the transformation functioieat mimic the biological evolutionprocess
when applied to a population of chromosomal representations of solutions to
the problem. Once a population of solutions is generated, the genetic search can
proceed to produce new solutions withigher level of fitnesthanmembers of
the current population. The search steps are repeatsddogssive generations
of the populationuntil no further improvement ithe fitness is attainable. The
member in thisgeneration with the highesével of fitness isthe optimal
solution.

3.4 Mathematical Model for Design Optimization
3.4.1 Notations

This sectiondefinesthe notations used in the prodacid procesdesign
optimization model:
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vc = void content, % by volume r ¥ void content, % by volume

P4 = driving pressure, psi Py, = upper limit onPy, psi
Pq = lower limit onPy, psi P, = outlet pressure, psi
Py, = upper limit onF,, psi Py, = lower limit onF,, psi
F = fiber content, % by volume T = mold temperature, °F
T = lower limiton T, °F T = upper limiton T, °F

S = shear strength of part, Nfm  §; = min. allowableS; , N/m2
t = mold filling time, min

3.4.2 Constraints

In the RTM design optimization problenthree categories of constraints are
imposed: process constraintguality constraints andpart characteristic
constraints.

Process constraints
* Driving pressure
R, <P<R (1)

An upperlimit on the driving pressure is necessary sincehé pressure is
too high, displacement othe aligned fibers willoccur; this phenomenon is
known as"fiber wash" and has a detrimental impacttbe strength of the
finishedpart. A lowerlimit must be satisfied dhe resinmaynot completelyfill
the part before curing initiates.

* Outlet pressure
P,<P<PR (2)

An upperlimit on the outlet pressure is important. If the outlet pressure is
higher than the inlet pressure, as derived from the driving pressure, thailresin
flow backwards in tahe mold, introducing air into thmart. However, if the
outlet pressure o0 low, it will increase thariving pressure to a point where
excessive fiber wash or air entrapment may occur.

* Mold temperature
T <T<T, (3)

A second constraint sets the lower and upfmits for themold
temperature. There is an optimal rangetha temperature athich the resin
has sufficient flow duringhe moldfilling stage, yet prematunesin cure is
inhibited.

Quality constraints
* Void percentage
V.SV (4)
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The above constraints ensure that thmlity of the part is adequate in
regard to thesize and frequency of voids. Voiding affette strength of the
part due to areas anfsufficient resin impregnation ithe fiber matrix. In the
long term, thdife of the part is reducesince void regionare moresusceptible
to fatigue failure.

Part characteristic constraints
* Part strength

S, =S, (5)

r

3.4.3 General Model

The task is taptimizethe three objective functions, mditing time (), void

content (¥) and part strength ($), subject to the constraints alfiving

pressure, outlet pressure and mold temperature. ddstggn optimization
problem is formulated mathematically as follows:

Mint, vo; Max $4
Subject to:

R,sP<sR ;R sP<R; T sTsT; %sV; §23,

The solution of the above equationdl ywrovide an optimaproduct and
processdesign that results inefficient and robusmanufacturing, andhat
produces parts ofonsistently high qualityThus, an integrated product and
processdesign approach is used fenhancingthe resin transfermolding
process.

3.4.4 Solution Procedure

The cascade correlation algorithm is integrated tinéo genetic algorithm, as
shown pictorially in Figure 1Beginning with aset ofexperiments, thguality
and performance measures are obtained by otweoohethods: the actuagsin
transfermolding process or aimulation model othe processiVhen using the
simulation modelhowever, it is imperativéhat it is validated by the actual
process to ensure that thenulation providesccurate results. Th@mulation
model is limited inits output; e.g., it does nopredict void content or
mechanicaproperties. Therefore, it will be necessary to use experimentation to
obtain information not possible through simulation of the molding process.
Once the results are obtained, the next steptisization usinghe GA-
CCA system. Design variablesi[xxo, X3, X4] are used to generate tietial
population members. The cascade correlation algorithm pravidedjective
function valuedor each population member based on experience provided by
previous training othe networkUsing this fitness informatiorthe genetic
algorithm will selectthe membersthat will continue into the next generation.
Once again, the nemembersare evaluated by thefitness;the process repeats
for the maximum number of generations or until a suitable solution is found.
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3.5Experimental Procedure

In the resin transfemolding experimentaprocedure, thdollowing variables
were investigated: mold preheat temperature, mold outlet pressunag
pressure (inlet pressurainus outlet pressure) anfiber content.Through a
series of experiments, the effects of theaeables onthe void content and
strength were determined arder tooptimizethe RTM process. In addition,
the effects of the above mentionedriables on moldfilling time were
investigated.

Due to its efficiency, the experimental design procedure utilized in this study
was a central composite design; in such a desigmdkienumnumber oflevels
for each factor are investigated wittiraited number oexperiments. The total
number of experimentsonducted was nineteen. Table 1 describessettings
for each factor in the complete set of experiments.

— RTM Process | —

Experimental Design

Validation

S N —
- Response
'\. variables

/a—\
Computer Simulation ;
Critical
product/process
variables
To g J
Proces % _l_ @
Control design < g ~ |<— Objective
) functions
GA CCA

GA-CCA System
Figure 1: Integrated product and process design optimization scheme.

4 Experimental Setup

A rectangular mold oflimensions13.97 x 15.27 x 0.98 cm was usedthis
study. The reinforcement was a unidirectidimdrglass material, Knyte® 155,

with the fibers aligned perpendicular tbhe direction ofesin flow. Theresin
injection inlet was located at the center of one end of the moldeswtidgtook

place at the opposite end of the mold atdbd#et. Sincethe fiberglass layers

did not completelycover the area of the mold, a sealant was used to hold the
layersintact and to prevent an "edge effect" from occurring. The resin system,
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Tactix 123(Dow) with JeffamineD400 (Texaco) curing agent, was selected
due to its common use and wide range of applications in commercial products.
In this study, nineteen sets of experimemt®re conducted. The
performance of these processes varies. The average void contentfasinge
0% to 7.6%; strengths range from @88 to979Ibs; fill times range from 40

seconds to 1930 seconds.

5 Design Optimization

Before the design optimization stage, training of the neetalork takeplace.
Using the four inputvariables (cure temperature, outlet pressud#jving
pressure andiber volume),the cascade correlatiafgorithm is trained to
predict thevalues ofthe outputvariables (void contentstrength andmold
filing time). Experiment 10 had an unusualigh mold filling time and
experiment 14 was short shot, i.e., the moltid not completelyfill with resin;
therefore, these are not included as mold filling time data.

After training the cascade correlation algorithm, the geradgjorithm is
utilized for determining optimal desigior theresin transfemolding process.
The optimalvariable settings of cure temperature, outlet pressuiresing
pressure antiber volumeare shown iMables 1-3 fominimizing void content,
maximizing composite strength andinimizing mold filling time, respectively.
Ten runs were performed for each objective function. It should be noted that for
void content, a quality rating issed to determingartquality. A 5 percentoid
contentwithin the composite part wa®nsidered unacceptabémy plaquethat
contained 5 percentoiding or higher was assigned a value "&f, or
unacceptable. Parts with 4 percent voiding or less were given a rating of "0".

Table 1. Optimal designs for minimizing void content

Cure temp, C| Outlet pressureDriving pressure| Fibervolume,
Run # psi psi # layers
1 59.50 -11.05 18.75 23
2 67.10 -12.00 16.85 25
3 56.65 -11.05 21.60 22
4 52.85 -10.10 27.30 24
5 50.95 -11.05 29.20 21
6 50.00 -12.00 14.00 22
7 51.90 -12.00 25.40 23
8 51.90 -11.05 26.35 25
9 53.80 -10.10 14.00 25
10 60.45 -10.10 19.70 21
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Table 2. Optimal designs for maximizing strength

Cure temp, | Outlet pressure} Driving pressure| Fiber volume,
Run # C psi psi # layers
1 123.93 -4.00 21.99 21
2 118.93 -5.00 17.00 25
3 90.96 -9.00 27.99 21
4 60.99 -11.00 21.97 21
5 105.94 -11.00 24.99 23
6 88.92 -5.00 16.00 22
7 97.95 -5.00 31.98 21
8 51.00 0.00 27.99 24
9 58.99 -3.00 23.99 23
10 124.93 -10.00 23.99 25

Table 3. Optimal designs for minimizing mold filling time

Cure temp, | Outlet pressure, Driving pressure| Fiber volume,
Run # _C psi psi # layers
1 126.00 -11.00 34.00 24
2 114.00 -8.00 32.00 22
3 125.00 -2.00 31.00 23
4 124.00 -2.00 34.00 21
5 100.00 -10.00 32.00 21
6 129.00 -11.00 28.00 23
7 129.00 -8.00 26.00 22
8 107.00 -9.00 33.00 25
9 123.00 -6.00 32.00 22
10 124.00 -3.00 28.00 25

Although the geneti@algorithm providesvarying solutionsfor optimizing
each objective function minimizing void content,maximizing strength and
minimizing mold filing time - the objective functiomaluesare the same. In
Table 1,the minimumvoid content found by the geneafgorithm is O percent
voiding. An overallpart strength of 824bs isprovided for the solutions in
Table 2.Finally, the moldfilling time solutions in Table 8orrespond to &me
of approximately 80 seconds.



@% Transactions on Information and Communications Technologies vol 16, © 1996 WIT Press, www.witpress.com, ISSN 1743-3517

Table 4. Optimal designs for multiple objective functions

Run Cure Outlet Driving Fiber vol., Void Strength, | Fill time,
# | temp, C| press, psi press, psi| # layers | content Ibs sec
1 52 -8 32 23 0.228 738.867| 269.05
2 53 -12 33 22 0.243 728.348 152.38
3 50 -5 28 22 0.275 751.628 307.14
4 61 -8 29 21 0.343 750.453 114.29
5 65 -12 33 23 0.249 743.037  152.38
6 51 -3 28 24 0.212 765.100 533.33
7 62 -12 32 25 0.160 753.579 411.90
8 69 -9 34 21 0.384 737.137] 221.43
9 62 -12 30 23 0.230 752.447  261.90
10 58 -4 32 24 0.241 753.485 309.52

After determiningthe individual solutions for minimizing void content,
maximizing strength andminimizing mold filling time, the genetialgorithm is
utilized for optimizingthe resin transfemolding process withmultiple objective
functions. The results are shownTiable 4. As expected, theage tradeoffs
when decidingthe settings for cure temperature, outlet pressiineng
pressure and fiber volume.

6 Conclusions

Although the RTM process has become betteterstood in recent years, there
is still a great deal of knowledge to be attained in tHisld of material
processing. One area in particutaat needs attention ithat of integrated
product/process design. Imany instances, thgroductand procesdesign
variablesare selectedrbitrarily and modified asieeded duringprototype
development, whichesults in wastetime andresources. Fothis reason, it is
important to develop a systematrocedure fordesign optimization. In
addition, to ensure thguality of the producturing the production stage, an
accurate method of process control is necessary. The genetic algorithm-cascade
correlation algorithnprocedure developed this research was employed for
systematigroduct/process design. In additiomrohustdesign was determined
so that parguality is maintained ithe presence of fluctuations in the process
variables.
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