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Abstract |Comp osite panel structure optimization is commonly decomposed into panel optimization sub-
problems. Previous work applied a guide based design approach to the problem for a structure where the local loads
were assumedto be xed for each panel throughout the design process. This paper examines the application of guide
based design to a more realistic represertation of the structure where the local loads for each panel are determined
through a global level analysis that is coupled with the stacking sequencefor every design panel. A small problem is
selected for which an exhaustive seardh of the subproblem design space veri es the optimalit y of the solution found
through the global/lo cal iteration processintroduced in this work. The ecien t discovery of solutions to these
guide based design subproblems creates an opportunit y to incorp orate the solutions into a global level optimization
process. A parallel genetic algorithm is proposed to control global optimization in which evaluating the tness of
each member of the population requires the solution of a guide based design subproblem where parallelism is solely
within tness evaluations. Results are preserted for a wingb ox design problem and compared with known solutions
for the same problem to demonstrate weight reductions in a problem thought to already be near optimally solved.

1: Intro duction

The designof b er-reinforced composite laminates is a discrete optimization processinvolving
the speci cation of material type and orientation of ply layersin the stacking sequence.For large
structures, sud asthe designof a wing or fuselage,the design processis partitioned into panel
level optimizations for which local improvemerts can be madein reducing global structure weight
without compromisingstrength and buckling constraints at the local level. An exampleillustrating
the primary reasonfor this partitioning isthat the local loadingsfor the panelscanvary widely from
the root to the tip of a wing and any laminate designthick enoughto satisfy loading constraints at
the root of the wing will be much heavier than required at the wing tip. By designingthe structure
asmultiple panels,ead optimized asa minimal weight designsatisfying local loading requiremerts,
large gains can be made in the global reduction of weight from that of a single stacking sequence
designcovering the ertire structure.

The initial approad to this problem involved the speci cation of a xed load for ead panel
in the structure [1], [2], [3], [4]. Isolated local panel optimization results in stacking sequence
orientations that vary widely betweenadjacert panels, which would causeseriousmanufacturing
di culties, generating the needfor a globally blended solution. By xing the local loads on eat
panel, the complexity of the global problem is greatly reduced, but the issue of blending the
optimized local (panel) designsinto a completestructure designthat is manufacturable is far from
trivial. Earlier work on this blending problem included a genetic algorithm (GA) method using
the edit distance metric to allow a set of independerily ewlving panel populations to ewolve to
a blended global solution using referencemigration [1], the use of sublaminate de nitions and
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designvariable zonesby Soremekunet al. [2], and the addition of cortinuity constraints proposed
by Liu and Haftka [5]. The edit distance method utilizes a multiple-deme parallel GA approac
that obtains blended designsthrough ewlutionary pressuresfrom neighboring populations. It is a
nonstandard parallel decompsition that works asyndironously in real time to emulate semi-isolated
populations with random migration to produce blended global designsfrom a pool of globally
unconstrained local stacking sequencedesign possibilities. Evolutionary pressuresare controlled

through a user de ned scaling factor that modi es the sewrity of penaltiesimposedfor blending
mismatches. These penalties, however, were found to hinder corvergenceto a global optimum by
creating local optima in the seart spacethat are artifacts of the algorithm itself [1]. The approac
usedin [2] is a two step procedure that relies on rst optimizing the individual panels followed
by identifying common thicknesszonesacrossmultiple panelsthat are rede ned and reoptimized
using blended stacking sequencesBecauseof the heuristic nature of the approac, however, it is
possiblethat suboptimal designsare generated,although blended designsare obtained with little

weight penalty comparedto unblended minimum weight structural design.

A more recert approad to this problem is a guide baseddesign methodology [6]. In guide
baseddesign, the seard spaceof the problem is implicitly reduced by forcing the generation of
global (de ning the ertire structure) individuals that are always completely blended acrosspanel
boundaries. The particular focus of the presert work is in extending the guide based design
methodology to a more realistic represetation of the problem wherethe local loadingsfor individ-
ual panelscan only be determined through a global level analysisthat is coupled with the exact
stacking sequencefor ead panel in the structure. This extension createsa challenging subprob-
lem to determine the tness of a guide design given the additional coupling of panel designs. A
global/lo cal iterativ e processis presenied here that quickly corvergesto a near optimal solution
and with a small amount of sub-graph expansionthe optimal solution for a given guide can be
found. The solution to this subproblemappearsto be su cien tly fast that it can be incorporated
into a GA for global optimization of the structure where eadh member of the population is an
instance of the subproblem for which a tness value can be determined.

Section 2 provides somebadkground on genetic algorithms. Section 3 examinesthe blending
problem for composite laminate structures and reviewsthe guide baseddesignmethodology [6] for
the xed local loading scenario. Section 4 describes a global/lo cal approad to the subproblem
created by observingthat a multi-panel wing structure is statically indeterminate. Changing the
stacking sequenceof one panel can changeits sti ness properties, which a ect the internal load
distribution, possibly changing the in-plane load of every other panel in the structure. Section5
supports the accuracy of the global/lo cal approad through comparisonto smaller problems with
known optima discovered through exhaustive seard. A parallel genetic algorithm is proposedto
incorporate the global/lo cal subproblem evaluation in a global optimization processand demon-
strates the e ectiv enessof the method by nding seweral designsbetter than the best previously
discoveredin the literature. Section 6 preserns a short lessondearned section about the approac
and the high computational cost assaiated with it.

2: Genetic Algorithms

A genetic algorithm (GA) is a nondeterministic directed seart algorithm using ideas based
on natural selectionto guide the exploration of the seart spacetoward a global optimum. Com-
mon elemerts that occur in most genetic algorithms are those of population initialization, parent
selection, crosswer, mutation, and the selection of successie generations. Each elemen of the
algorithm has many variations, modi ed to suit the needsof the problem at hand, including but
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Figure 1. Outwardly/in wardly blended distinction example.

not limited to attempts to mimic natural geneticsin every phase. The original work on genetic
algorithms is attributed to Holland [7]in 1975, with application work following soon after in static
function optimization by DeJdong [8]. Goldberg [9] popularized the idea with his book in 1989,
and is cited extensiwely in the literature de ning geneticalgorithms as seard proceduresbasedon
the medanics of natural selectionand natural genetics. Back [10]is an excellert recert reference.
Much of the work today using genetic algorithms can still t this de nition, though the concepts
of natural selectionand geneticsare expandedto encompasssomeunnatural elemens beyond the
pristine translations from biology. In practice, genetic operators are tailored to speci c problems
in ways that have no analogin nature [3][11]12].

3: The Blending Problem

The blending problem here is de ned as a laminate stacking sequenceoptimization on mul-
tiple interconnectedpanelswith given local loading constraints. Each laminate is assumedto be
balanced, symmetric, and constructed with a nite number of possible xed orientations for eac
ply. The goalis to minimize the weight of the structure, determining the material type and orien-
tation of ea ply layer of every panel suc that the loading constraints are satis ed locally and the
panelsform a blended global design. A blending measurefor this work is de ned in Section 3.2,
but in general can be any measureof the manufacturabilit y of a global design. Maintaining the
contin uity of material type and orientation acrosspanel designboundaries,in part or in whole, is
the primary concernin determining the blendednessf a global design. Ply orientation mismatches
acrosspanel designboundaries can causemanufacturing coststo rise in addition to the structural
integrity issuesassaiated with cortinuity breaksin the material.

3.1: Laminate Encoding

Each laminate must be encaled for usein the geneticalgorithm. Following the coding scheme
used by McMahon [13], integer values from zero to sewen represen the orientation of ead ply.
The positive integers map to orientation anglesO, 15, 30, 45, 60, 75, and 90 degreesfrom one
to sewen, respectively, with the zero encaling represerting an empty ply. Successie occurrences
of a genemap to the orientation with alternating plus and minus signs, starting from the certer
of the (symmetric) laminate. For example,the rst occurrenceof a 2 encaling mapsto 15 , the
second2 mapsto 15, and soon. This is the meaning of balanced. Symmetric meansthat the
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stacking sequencds symmetric with respect to the mid-plane of the laminate, and therefore only
half of the orientations actually needto be encaled. For example, the stacking sequencedesign
[ 60900 456003]s, wheres refersto the certer of symmetry, is encaledas(5;7; 1; 4; 4;5; 1; 1; 1).
Similarly, the material type for ead ply is represened by an integer, but herethe material typeis
restricted to a single value meaning the material type for eac ply is the same.

3.2: Guide Based Design

A simplied de nition of blending is used in this work. Two adjacert panel designsare
outwardly (inwardly) blendedif one designis obtained by deleting a cortiguous seriesof outermost
(innermost) plies from the other. A global designis perfectly outwardly (inwardly) blendedif and
only if blending holds for every pair of adjacert panelsstarting from the innermost layer near the
mid-plane (starting from the outermost layer and moving inward toward the mid-plane).

Using the simpli ed de nition of blending, a perfectly outwardly (inwardly) blended global
designcan be generatedby designingead local panel as an initial (nal) sequencegay, :::, ax is
an initial sequen®, anda, k+1,:::, &, isa nal sequencepfthe sequenceny, :::, a, :::, a,) of a
single larger guide design. Figure 1 displays the distinction betweenoutward and inward blending
rules. A GA can be createdto operate on and generatea population of individuals that guide the
global design processso that only globally blended designsare in the problem domain. During
the analysisphaseof the GA a guide design (a singleindividual from the population) is evaluated
to determine the optimal initial sequencefor ead local panel satisfying loading constraints and
minimizing weight. This is accomplishedby stripping ply layersfrom the guide design,starting from
the outermost (for outward blending) layers, onelayer at a time and analyzing the resulting designs
according to the constraints for ead local panel. (More e cient variations of this are possible,
e.g., starting with the initial sequenceength equal to that of the last optimal designanalyzed
for this panel, and then adding/subtracting layers from this length.) The guide designsin the
population acquire tness valuesthrough the combination of optimal local designsgenerated by
the guide itself sothat ead guide designhas a single best seriesof initial sequencegorrespnding
to ead panel that can be usedto construct a usable tness function value. An optimal initial
sequenceis discovered for ead local panel and the tness of the global design becomesthe sum
of the individual tness values for every optimized local panel. This modied analysis method
providesthe meansto assign tness valuesto guide designsthemselhesand allowsa GA to operate
on populations of guide designsto drive a global optimization processto an optimal blendeddesign.
An illustrativ e ctitious example of guide baseddesignis presened in Figure 2.

4: Guide Design Subproblem

Guide baseddesignis important becauset reducesthe global seart spaceby examining only
those designsthat are completely blended. The reasonthat it works well in the above context is
that it is computationally cheap to discover the optimal design correspnding to any particular
guide design. Sincethe loadson all panelsare xed, a onedimensional optimization performedon
ead panelindependertly from the other panelsis su cien t to discover the lightest possibledesign
that satis es the loading constraints. For xed loading, this designis unique and can be easily
assigneda tness by the controlling GA. Guide baseddesigncan be summarizedas a methodology
to construct blended designsfrom a given thick laminate, wrapping this processinto a global
optimization GA to seard for the best possible guide design laminate in the spaceof possible
designs.

The problem with the above method is that loadsare not xed locally. A xed load at the tip
of the wing will distribute that load to ead panelaccordingto the sti ness and strength properties
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Figure 2. Guide based optimization example. The gure illustrates how iso-
lated optimization creates designs that are locally optimal but are not eas-
ily manufacturable due to the ply orientation mismatc hes at through-the-

thic kness layers of the laminate. A side view of three sample panels, listing
ply orien tation encodings for each layer, is presented for both local optimiza-

tion and a possible guide based design. Isolated local optimization generally
pro duces light weight designs as less ply layers are required for Panels 2 and
3. The guide based design is optimized and constructed from the 6-ply thic k
guide design given on the left. The optimal initial sequence for the given guide
pro duces a global design that is completely (out wardly) blended and there-
fore man ufacturable. By operating on populations of guide designs a GA can
discover an optimal blended global design minimizing weight and maximizing

constrain t satisfaction margins.

of eadh panelin the ertire structure. For agivenguide laminate, the tness value (to be maximized)
for the guideis de ned as
(W)(P + 1);

where W is the total weight of the structure and P is the total penalty applied to the structure for
being unbalanced. As stated in Section 3.1, the encaling for ead laminate is a string of integers
where successie occurrencesof a genemap to the corresponding orientation with alternating plus
and minus signs. A balanced stacking sequencecontains an even number of ead individual gene
such that every occurrenceof a positive orientation anglehasa complimentary negative orientation
somewherein the laminate. The value of P is the sum of the number of genesoccurring an odd
number of times in the stacking sequencdor a panel summedacrossall panelsin the structure. If,
however, any of the panelsin the structure fail under their local loading requiremerts an additional
multiplicativ e penalty is applied to the tness calculation making failed designshighly undesirable.
The precise tness value for a guide designis de ned asthe minimum weight designsud that all
local panel loading requiremerts are satis ed and in caseswhere multiple con gurations exist at
the minimum weight for a given guide, a designminimizing the value of P from amongthe equal
con gurations is selectedto represen the tness. Note that this de nition of tness for a guide
may not represen the best possible tness value attainable from a given guide sinceit favorsweight
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before considering tness value. This choicewas madewith the intention of steeringthe GA seart
toward designsusing fewer layers even if they are not yet balanced.

The determination of the tness of a guide is itself a complex optimization problem where
the discovery of the optimal solution, as described above, may not be computationally feasible.
The following sectionsdescribe methods usedin this work to approximate the tness value of an
arbitrary guide.

4.1: Global/lLo cal Iteration

The rst proposed modi cation of the guide based design algorithm is to iterate between
an exact global analysis and local level panel optimizations for speci ¢ loading conditions until
corvergence| a glotal/local iteration. The ewaluation of a single guide begins with the global
analysis of a completely thick design: ead panelin the structure is assumedto useevery possible
layer from the givenguide. A completely thick designcan be represertied asa pair with a particular
guide encaling and a string of zeroescorresponding to the number of ply layersremaoved from ead
panelin the structure:

[GuideE ncoding]s; [0; O; :::; O]:

Every con guration of valuesfor ply layersremaoved, given in the secondstring above, represeits
a possible panel design con guration for the ertire structure with corresponding local loadings
on ead panel. Sincethe determination of these local loads requires an expensiwe global nite
elemen analysis, it is desirableto do as few global analysesas possible. The global analysis of
the completely thick designyields local loading information for ead panel in the structure used
asinput to the local level analysesto determine the failure status of ead panel. Though the local
loads given from the global analysisare only valid assumingthe stacking sequencegor ead panel
in the structure remain unchanged, these loads can allow for a local level linear optimization to
guessa new designpoint to examinewith a global analysis.

The local level optimizations take a single panel with the given loads returned from the most
recen global optimization and determine the minimum length initial subsequencdrom the guide
that can satisfy the givenloading requiremerts. This operation can be performedindependerily on
ead paneland the local optimization resultsin atuple of nonnegative integerscorresponding to the
number of ply layersremaved from the guide for ead panelto form the minimum weight structure
possibleunder the givenloads. For a givenguide, this tuple fully describesan instancein the design
spaceof all possible global designsderivable from the guide. This tuple becomesthe best guess
at which the next global analysis should be performed. The global analysisis required becauseby
removing ply layers from the panelsthe sti ness properties change and the load distribution for
the entire structure can change. The global analysis will yield new loading parameters for eadh
panel in the structure and new linear local seardes can be performed to determine the lightest
possiblestructure basedon the newloads. The processiterates betweena global level analysisand
the local level panel optimization under the following rules:

1) After a global analysis, the local loadings on all panelsare exact until a changeis madein
the stacking sequenceof a panel. If, under the given loads, a panel fails at the local level, then
that panel must be madethicker and it is markedwith a Booleanvariable dissalloving the removal
of ply layers during future iterations. Continue iterating between the global level analysis and
independert local optimizations.



2) If, after the global analysis, local optimization returns a tuple that satis es local loading
constraints for ead panel and doesnot try to reducethe thicknessof any remaining panels un-
markedfrom Rule 1then corvergenceis declaredand the iteration terminates. Otherwise, cortin ue
iterating betweenthe global level analysisand independert local optimizations.

The above nite process,summarizedin Figure 3, producesa unique designfor ead guide
obtainable in a very quick iterativ e process(generally lessthan v eiterations). There is no reason
to believe that this designis optimal, giventhe criteria for determining the tness of a guide above,
but assume(at least for now) that the unique designfound through this global/lo cal seard is the
sourceof a directed acyclic subgraph cortaining the optimal solution (optimal designderived from
the given guide). Each guide designcan be encaled as a string. A correspnding designfor the
structure is encaded as an array of integersrepreseiting the number of layers removed from the
guide for eadh panel in the structure. This createsan acyclic directed graph structure (with a
sourcenode) of all possibledesigns(encadings) derivable from a given guide by manipulating the
corresponding array of panel descriptors. The sourcefor a four panel structure would be the fully
thick designdesignatedby the list (0,0,0,0), where no ply layers are removed from the guide for
any panel. The position of a number in the list corresponds to the design of a specic panel.
The children of a specic node in the digraph correspond to all possible designsobtainable by
removing a single ply layer from ead panel in turn. For this example, the four children of the
sourcenode are the designs(1,0,0,0) (0,1,0,0) (0,0,1,0) and (0,0,0,1). An exhaustive seard of the
directed acyclic subgraph using the node correspnding to the unique design obtained through
the global/lo cal iterativ e approad as the source,stopping at nodesthat correspond to infeasible
designs,will discover the optimal solution under the following two assumptions:

1) the unique designdiscoveredthrough this global/lo caliteration approacd correspndsto the
sourcenode of a directed acyclic subgraph cortaining the (node describingthe) optimal solution;

2) a directed path exists from the sourcenode to any node describing a feasibledesign(under
loading calculated by a global analysis) containing only nodesalso describing feasible designs.

While no proof of 1) and 2) is known, no courterexample to thesetwo assumptionshas been
found yet. Lacking theory concerningl) and 2), this work is focusedon nding the node (describ-
ing the optimal solution) in the directed subgraph using the cornverged design from global/lo cal
iteration asthe sourcenode. Sincethere is no proof of the above assumptions,the solution discov-
eredthrough this processmay not represen the exact tness of the guide asgivenby the de nition
in Section4, but canstill be usedasan approximation to the tness and consequetly in an outer
optimization loop.

4.2: Middle Tier Addition

For problemswith few panels,the combination of the global/lo cal iteration (top tier) and an
exhaustive seard of the directed subgraph (bottom tier) resulting from the corvergeddesignwas
computationally feasible. However, for larger structures it was quickly realized that the directed
subgraphcould contain hundreds of thousandsof nodesfor someguide con gurations and the need
for a middle tier seart method was highlighted. The basicidea of the global/lo cal iteration is to
get a designthat is closeenoughto the optimal solution that the latter canbe found in areasonable
number of analysesof the exhaustive digraph seard. The problemis that the global/lo caliteration,
sinceit tries to optimize all panelsin parallel at the local level, can corverge at a node too far
from the node corresponding to the tness value of the guide. Consider, for example,a casewhere
a structure with four panelsis at the node

[12; 13;14; 14]
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Figure 3. Top tier o w chart.

in a particular global/lo cal seard iteration. When the node is analyzed with the global analysis,
loads are determined for ead panel correspnding to that particular node. It is possible that
for those particular loads ead panel, through local level analysis, decidesthat it can remove an
additional layer without failing. The new node for examination then becomes

[13; 14; 15; 15}

When this node is evaluated with the global analysis, loads are again determined for ead panel
corresponding to this new con guration. If, for example, all four panelsnow fail at the local level,
then the next node to be consideredwould again be [12, 13, 14, 14], except this time all panels
are marked with a failure ag and can not have further ply layersremoved. If the optimal design
happensto be [13, 14, 14, 15], three levels below the source node, then the directed subgraph
searty would have to go three levels deepto nd the tness value of the guide. For a problem
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with only four panelsthis is not really an issue, but, for the eighteen panel problem compared
later here, the samesituation could causethe sourcenode to be up to 17 levels above the optimal
node correspnding to the tness of the particular guide in question. This would create a directed
subgraphthat would be far too large to exhaustively seard.

The rst middle tier modi cation isto createa computational budget for ead guide evaluation.
Any subdigraph seart that takes more computational time than the allotted amount will need
to be dealt with in a dierent way. This issueis combatted in three di erent ways, with the rst
being a middle tier greedyalgorithm intended to force the sourcenode further down in the guide
graph structure. Instead of starting the exhaustive subdigraph seard immediately, the source
node is evaluated with its given loads and the constraint margins for all panels are sorted into
a list. The greedy approad then tries to remaove a ply layer from the panel with the greatest
constraint margin. The resulting designis analyzed globally to create new local loading values
and then examinedfor failure. If the designis valid then the new designhasits local constraint
margins sorted and the processstarts again, but if it fails in someway, then the panel with the
next highest constraint margin hasa ply layer removed and that designis examined. This process
continuesuntil an iteration where the ertire sorted list of panels has a single ply layer removed
and all of them fail in someway. This designcorrespndsto the rock bottom of a greedyapproac
since no more layers can be removed from the design. An exhaustive seard starting from this
node would be pointless, but in orderto nd the most balanced node possiblethe computational
budget allows for an exhaustive seard of about four levelsdeep. This is accomplishedby recording
the last four movesof the greedy algorithm and badktracking up the digraph to that node, or to
the node corresponding to the designresulting from the top tier algorithm, whichewer is closerto
the nal greedy middle tier node. This node becomesthe sourcenode for the exhaustive seard
(bottom tier algorithm). Figure 4 summarizesthe middle tier algorithm just described.

The greedy middle tier modi cation is su cient for making most guide designsfall within
the computational budget, but someoutliers still producelarge subdigraphs. Two additional rules
wereintroducedto save computational time. If a guide design,after global/lo cal iteration and the
middle tier greedy seard, still falls 10 levels or more above the best designfound so far then it
is highly unlikely that this guide is going to produce a solution that is even competitiv e for the
seard. Thesedesignsare not even passedto the subdigraph seart routine but rather return a
tness value corresponding to that given by the greedy approach and no more compute time is
wasted. The secondrule usedis just a computational time kill switch placedin the subdigraph
seard routine. If a list of nodesto examineat a particular level of the subdigraph grows beyond
a xed length, 3600for the eighteen panel examplegiven later or about an hour of compute time,
then the seard is aborted. The best tness value discoveredat that point in the seard is reported
as the tness for the guide, and this guide is also reported in the output le as being relatively
closeto the best known solution but producing a subdigraph that wastoo large to seard in the
context of the larger optimization run. Most guide designscan be fully evaluated in lessthan two
minutes (for the problems consideredhere) so cutting seartieso that take more than an hour
seemsreasonable.

5: Results
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5.1: Toy Problem

For the initial work, a simple wing structure model is used. The wing model is an unswept,
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untapered, rectangular wing box with dimensions354.33cm

88.2in

10

224.03cm

38.1cm (139.5in

15in) (Figure 5) [14]. The sparsand the ribs divide the top and bottom skin of the wing
box into four panelsof equal size. The top and bottom skin panelsare modeled using membrane
elemens. Only the top skin panelsare being optimized, all other sectionsare xed to the design
([ 45%45])). The upper panel arrangemert is shown in Figure 6. The root of the wing is xed and
load is applied at the free end. Global nite elemen analysisis performed using the commercial
nite elemen padkage GENESIS, deweloped by Vanderplaats Researt & Developmen, Inc. The
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Figure 6. Panel layout for top and bottom skin panels.

upward lift force acting on the wing tip is modeled by three concenrated loads of magnitudes
3801.57nt (at the leading edgewing tip), 1878.79nt, and 1878.79nt (854.67 Ibf, 422.391bf, and
422.391bf).

Two guide designswere selectedand xed for the top four panelsin the wing and examined
extensively. All possiblestructures derivable from the guides consisting of 160,000design points
ead (nodesin the digraph) were explored to determine which node should represen the tness
of the guide. In both casesthe global/lo cal method and subdigraph seard described in Section 4
discovered the optimal solution for eat subproblemin fewer than 27 global analyses.

A parallel GA, using the local/global method to ewvaluate guide designs,is constructed where
the determination of tness for a member of the population is assignedto a worker node during
the analysis phaseof ead generationwhile the GA itself is cortrolled by a single master process.
A static load distribution schemeis usedin which ead worker node receives an equal number of
population membersto analyzeead generation. This is the samework distribution schemeusedin
the initial guide baseddesignwork by Adams et al. [6], but in this casethe amount of computation
required to determinethe tness of a singlemember of the population is not static. The variabilit y
in analysistimes betweenindividuals createssomeload imbalancesthat will heedto be corrected
dynamically.
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All testing for this problem was performed on a 200 node (400 processor) 1.4 GHz dual
Opteron cluster using an MPIl (messagepassinginterface) basedFortran 90 code. Howewer, the
small problem size and the fact that the determination of tness of an individual is viewed as
an atomic operation prevernted the use of more than 51 processorsat a time. The averagerun
time for a GA using a population size of 50 running for 200 generationswas about 12 hours (612
node hours). Initial results are promising. As a point of comparison, the same problem above
was examined using the algorithm by Serestaet al. [14] For a run of 200 generations of the
GA, Seresta'salgorithm discoveredin 50 generationsa solution that it could not improve after an
additional 150 generations. The guide for this designis given asthe encaling

G744 T 444T7 1,144,117, 4,15 4)
using the nal ten layers of the guide for Panel 1, 11 layers for Panel 2, six layers for Panel 3,
and eight layers for Panel 4, yielding a combined mass of 12.371kg (27.274 1bs). The greedy
global/lo cal with bounded implicit erumeration (GGLBIE) algorithm preseried here discovered

a di erent solution of equal massin one to four generationsof the GA and a lighter designwas
discovered after 100 iterations. This lighter designis given as the guide encaling

(7,417,447, 7,417,441,1,1,41,41,7),

usingthe nal ten layersof the guide for Panel 1, 11 layersfor Panel 2, six layersfor Panel 3, and
sewen layersfor Panel 4, yielding a combined massof 12.018kg (26.494 bs).

5.2: Load balancing mechanism

Sincethe time to analyze a single guide can take betweentwo minutes and multiple days, a
load balancing schemehad to be introduced. Part of the load balancing schemeis re ected in the
computational budget allocated to ead analysis. Any analysisthat expandsto more than 3600
nodesto analyze during the subdigraph seard is reported, with the nodesbeyond the rst 3600
being discarded. The initial distribution schemewasto use 400 processorsand a population size
of 400. Each processorwas given a single guide to analyze ead iteration, but for most iterations
this resulted in a single processorcomputing for about an hour and the other processorgemaining
idle, asthey nished the work very quickly. The e ciency su ered in the determination of tness
yielding about 0.2 guidesper secondon average. Using the same400 processorsand a population
sizeof 400, a cut o point was introduced for all designsthat were ten or more levels above the
best known design after the middle tier greedyalgorithm. The cut o point is just a medanism
for recognizingseardesthat most likely will not be competitiv e with the best known solution for
the problem sofar and evenif they wereto be competitiv e, their subdigraph seardheswould be too
large to realize their potential. This processwas accomplishedby passingthe information about
the best known designfound sofar along with ead unit of work and was updated throughout the
optimization run even within a single generation. This increasedthe average number of guides
analyzedto 0.8 guidesper second. The major load balancing changethough wasin an increased
population sizeand a modi ed work distribution scdhemefor the master-slavealgorithm. In previous
work [6] the master processwould distribute work in equal sized chunks when the population size
was larger than the number of worker processorsavailable. This schemewasmodi ed sothat ead
worker processorwould requesta single guide to evaluate at a time and request new work when
it nished the work it was given. At the sametime the population size was increasedby a factor
of 50 to 20,000individuals per generation. Using this basic load balancing scheme and a higher
population allowed for the guidesfalling into the category of outliers to be analyzedfor the ertire
duration of a generation while other workers could processmany more routine guide evaluations
sequetially . This method allowed the averagenumber of guidesanalyzed per secondto react 9.5
and was su cien t for the following runs.

12



380157.216

187879.072

1 4 7 10 13 16
2 5 8 11 14 17
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Figure 8. Panel layout for top (left) and bottom (righ t) skin panels for the 18
panel problem.

5.3: Comparison with other published work

A previous section displayed a successstory for a toy problem, but a larger test problem is
required to comparethe GGLBIE algorithm with other methods published in the literature. This
section describes the results and di culties in dealing with an eighteen panel problem originally
studied by Liu and Haftka [5] and again by Serestaet al. [14] It should be stated up front
that this method requiressigni cantly more computational power than the above mentioned pub-
lished works, but is a more e ectiv e seart mechanism. The trade o for improved designquality
in exchange for additional computational time can be weighed by the deweloper to ewaluate the
cost/bene t ratio for this method.

All testing for this larger problem was performed at Virginia Polytechnic Institute and State
University on System X, a 1100 node (2200 processor)2.3 GHz PowerPC cluster using an MPI
based Fortran 90 code. A simple wing structure model is again used. The wing model is an
unswept, untapered, rectangular wing box with dimensions354.33cm  224.03cm  38.1cm
(139.5in  88.2in  15in) (Figure 7). The sparsand the ribs divide the top and bottom skin
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Table 1. Stacking sequence of top panels.

3 90 1 90 90 0O 090 9 0 90 90 O 90 90 0O 90 0 90 90
O 0O O 4545 0 09 O 0 99 O O O 9 0 90 0 90

2 O 09 90 0 9 90 0 90 90 0O 90 0O 90 90
O 0O O 4545 0 09 O 0 9 O O O 9 0 9 0 90

1 90 0 90 90 O 90 90 O 90 O 90 90
O 0O O 4545 0 09 O 0O 99 O O O 9 0 9 0 90

6 0 90 0 90 90
O 0O O 4545 0 09 O 0 9 O O O 9 0 90 0 90

5 90

O 0O O 4545 0 09 O 0 99 O O O 9 0 9 0 90
! 4545 0 09 O O 90 O O O 9 0O 90 0 90
° 0 90 0 O O 9 0 9 0 90
° 0 90 0 90 0 90
=

4545 45 90 45 4545 4545 4545 45
45 4545 4545 45900 45 0 90 450 O 0 90 0 0 45 O

of the wing box into nine panelsof equal size. The top and bottom skin panelsare modeled using

membrane elemerts. The root of the wing is xed and load is applied at the free end. The upward

lift force acting on the wing tip is modeled by four concerrated loads of magnitudes 380157.216
nt, 187879.072nt, 187879.072nt, and 90005.28nt (85467 Ibf, 422391bf, 422391bf, and 20235Ibf)

(Figure 7). The inwardly blended designreported in Table 1 and 2 was found after 94 iterations

of the GA using a population size of 20000and consumedabout 140,000node hours of compute

time on 400 processors.The tablesillustrate that all panelssharethe ply layers or and should

be read suc that the entry

4 3
2 1

correspondsto the stacking sequencgl! 23! 4] asdescribedin Section3.1. The best known
solution for this problem was reported by Seresta[14] and had a massof 255.91kg (564.17 Ib).
The solution discovered by the GGLBIE algorithm had a massof 252.7%g (557.161b) using the
inwardly blendedapproad, which the careful readerwill determineis called outer blending in [14].
For reference, Table 3 givesthe number of ply layers usedfor ead panel and the corresponding
mass.

6: Conclusions

The rst obsenation about genetic algorithms for blended composite laminate structure de-
sign is that somerestriction of the designspace(e.g., a guide basedGA considersonly perfectly
globally blended designs)seemsnecessarnto make signi cant progresstowards optimalit y. Simply
becauseof the number of di erent fairly good blended designsthat exist, many di erent heuristic
approadies ([1], [2], [3], [4], [5], [6]) are ableto nd fairly good designswith moderate compu-
tational costs. None of these approades, howewer, as the results here show, found a solution
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Table 2. Stacking sequence of bottom panels.

16 45459090 0 0 9009090 0 9090 0 9090
13 9090 0 0 9009090 0 9090 0 9090
14 9090 0 9090 0 9090
17 9090 0 9090 0 9090
10 0 9090 0 9090
11 9090 0 9090
18 90
12
15
0
0900 O 0O 090909090090 0 9090 0O 9090 90 90

Table 3. Panel thic kness and mass.

Panel No. | Ply Layers| Masskg (Ib)
1 126 22.27(49.09)
2 122 21.56(47.53)
3 140 24.74(54.55)
4 96 16.96(37.40)
5 104 18.38(40.52)
6 112 19.80(43.64)
7 64 11.31(24.94)
8 76 13.43(29.61)
9 84 14.85(32.73)
10 126 9.54(21.04)
11 52 9.19(20.26)
12 42 7.42(16.36)
13 70 12.37(27.27)

14 58 10.25(22.60)
15 42 7.42(16.36)
16 76 13.43(29.61)
17 58 10.25(22.60)
18 44 7.77(17.14)

within 1% of optimal. The secondobsenation is that, consistent with the prevailing wisdom in the
ewlutionary computation community, considerablee ort to improve, re ne, or \tune" individuals
within a generation is cost e ectiv e. Here the three-tier deterministic algorithm, mixing greedy
and implicit enumeration componerts, can be construed as a form of local improvemert applied
simultaneously to all the blended designsassaiated with a guide.

The reality of this work is that this type of combinatorial optimization problem is very di cult
to solve e cien tly. There may be waysto nd a decent solution in a relatively short amount of
time using other methods simply becausethere are a lot of relatively good designsin the design
space,but to increasethe quality of a solution toward the optimal for this type of problem requires
a much larger expenditure of computing resources. This is typical of combinatorial optimization
problems, and is true alsofor the traveling salesmanproblem, for example.
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