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The design of gasturbine enginesis a complex and time consuming engineering task involving numerous iterative
processesAmong all the devicescomposingthe engine,the combustion chamber bene ts from recentprogressin High Per-
formance Computing for Computational Fluid Dynamics (CFD) which is intensively used. Although CFD offers substential
improvementsin exibility and costswhen compared to experimental approachesthe number of CFD computationsstill re-
mainslarge and engineeringintensive. A strategyto alleviate the CFD specialistinvolvment in reachingan optimal solution is
desiredto fully capitalize onthe method. One solution aims at automatizing the optimization performed with CFD.

From the optimization point of view, the expensve stepis the CFD run necessaryto evaluate the objective function value
for a setof control parameters. The promising method developedin this work consistsin performing optimization with
classicaltechniquesbasedon an inexpensive metamodeling of the objective function. The idea is to reducethe number of
CFD computations while proposinga rigor ous framework to corverge robustly to an optimal design. An adaptive Gaussian
Processmodel! is usedto approximate the tness. The modelis continuously updated by increasingthe referencedatabaseas
the searcch progresseslmplementation issuessuchasef ciency, numerical stability of the model, techniquesto acceleratethe
optimization processgexploration / exploitation con ict and the different levels of parallelism involved in CFD optimization
are addressed. Practicallity of the optimization tool is here inherited from the powerful coupling device PALM. 2 PALM
allows independentdevelopmentsof the differ ent units composingthe application offering a high level of exibility in terms of
evolution and enhancement.

lllustration of the approachwhen applied to a simple enginecooling systemis presented:Validations stepsand compar-
isonsof the proposedsurrogateapproachwith the very well known optimization method Simplex® are shown.

Intr oduction

Dueto drasticnormson pollution, aeronauticaénginemanufcturerseedto proposenew technologicakolutionsfor
the next generatiorof aero-enginalevices. Indeed,ambitiousNOXx reductiontargetsof 80% aresetfor . These
strict objectivesyield mary researctprojectsaiming at the de nitions andstudiesof innovative comhustionsystems.
Amongall theinitiativesfrom the Europeanesearcitommunity the projectiINTELLECT D.M. number-P6-502961
(INTEgratedLeanLow EmissionComhusTor DesignMethodology)investigatesien designrulesandmethodologies
for the de nition and validationof low emissioncomhustors. The speci city of the retainedtechnologyfor NOx
reductionis that the comhustionchamberswill morelikely operatewith an excessof air; the primary reasonbeing
to reducesigni cantly the ame temperaturendthereofthe NOx production.With this approachup to of the
totalair o w throughthe chambeiis premixedwith the fuel beforeenteringthereactionzone.As a consequencdhe
designof thepre-diffuserandcoolingsystemsecomecrucialasthey arekey elementgo provide goodair distribution
throughouthe chambelandto avoid large valuesof thetemperaturg@eaks.Anothercharacteristiof this technology
is the narraving of the operatingrangeof the new burners. Indeed,comhustioninstabilitiesariserapidly even with
smalldeviationsfrom theinitially de ned operatingpoint.

This work, initiated by Turbomeca(SAFRAN Group),focuseson the rst issueand analyzeshe suitability of op-
timization techniquedor the designof an areo-enginecooling system. The mainideais to assessnd constructan
automaticoptimizerbasedon a CFD solver so asto obtaindesignsolutionssatisfyinggiven chamberoutlettemper
aturepro les. Nowadays,optimizationtakes a very large placein the scienti c communityand real world offers
numerousexampleswhereone can use optimization. However, optimizationmethodperformancesiependon the
type of problemto betreated.The couplingof an optimizerwith a CFD solver imposesohviousrestrictionssuchas
computerpower, time andmemory.. Among existing methodsthe mostperformantoptimizationprocessesarethe
gradient-basetechniquesThey arenonethelesaotaccessiblavith standardCFD codesandadjointsolversareoften
mandatoryto obtaingood evaluationsof the gradients.More recentmethods suchasevolutionaryalgorithms,also
known asgeneticalgorithms? arevery oftenusedin CFD optimization.They give goodresultsandcoincidewith the
philosophyof CFD, thatis they allow severalcomputation®f differentsdesignpointsat the sametime. The number
of objective function computation§CFD runs)remainslarge with this approacrandthe overall response-timef the
processs large. An original approactto avoid suchproblemsandadoptedn this work, consistdan usingalow order
model, or surrogatemodel? to substitutethe CFD runs. Standardoptimizationalgorithmsare then appliedon this
model. The overall processequiredesscomputingtime.
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The paperis organizedasfollow: First, we presenthe surrogatemodelusedto approximatethe objective function.
Then, a generalpresentatiorof the couplerPALM is done. Detailsand speci cationsof the target geometryto be
optimizedarethengiven. Finally, numericalresultsarepresentedor two a decisionvariabletestcase.

Optimization, SurrogateModels and GaussianProcesses

Therearemary waysto implementsurrogatenodelsto acceleratehe corvergenceof an optimizationpreceduréy

reducingthe numberof time consumingCFD computations Someauthorsusethemin alocalwayto nd thevalue

of the approximatedunction basedon a restrictednumberof samplepoints. Others,asin this article, usesurrogate
modelsasa globalapproximatiorof the tness for the entiredomainof optimizationparametersTheresultedglobal

surfacegivesa tendeng of the comportemenbf the tness versuseachvariables. Othervariationsin the existing

methodsappearsn the alternateuseof the true tness valuesor the approximationgyiven via the surrogatemodel.
For example ,whenevolutionnaryprogrammings concernedauthorsassigrvaluesto a partof ageneratiorbasedn

CFD computationsvhile the otherpartinherittheir valuefrom thelow ordermodel. On the otherhandall valuescan
alternatvely be obtainedrom the samemodelthatis CFD andsurrogate.

SurrogateModels

A wide variety of surrogatemodelsare usedin the literatureto approximatetness functionsin the context of opti-

mization. The mostprominentamongall approachearepolynomialmodels® arti cial neuralnetworks, radialbasis
functionnetworks$® andGaussiarprocess’.

Polynomialmodels,alsoreferredas responsesurfaces,are easyto useandimplement. They provide goodresults
in the caseof unimodalproblemsbut tendto oscillatetoo muchwhen tting high order multimodal polynomials.
Arti cial Neural Networks consistof a large numberof highly interconnectegrocessingunits, eachaggrejating
informationfrom alargenumberof connectegheers Givena certainnumberof units,it canapproximateary function.
The main drawback of this techniqueis the dif culty of nding an appropriatenetwork topology and size. The
output of the Radial Basis FunctionNetwork is a weightedsum of radial basisfunction characterizedy a radial
basisKernel. Typical choicesfor the Kernelincludelinear splines,cubic splines, multiquadrics thinplatesplineand
Gaussiarfunctions. The major dif culty is to setthe differentparametersf the Kernelfunctionwhich have a large
impacton the approximations Gaussiarprocessespecifya probabilisticmodelover a givensetof datapoints. It is

constructedsuchthatthelikelihoodof the functionvaluegiventhe decisionvariablevaluesis maximizedfor all the
data.Like Arti cial NeuralNetworks, Gaussiarprocessesanapproximateary function. Onecommondravbackto

all of thesemethodss the associatedomputationatost.

GaussianProcesdModel

Amongthepresente@mpiricalmodels GaussiamprocessefGPs)appeato bethemostpromisingfor tnessfunction
approximationlndeed.a GP combineghefollowing decisve properties:

theimplentationof GPsis independenof the numberof decisionvariables,
GPscanapproximaterbitraryfunctionsincludingmultimodality anddiscontinuities,

GP containsmeaningfulhyperparameteithatcanbe obtainedheoreticallywith anoptimizationprocedure,
GPyieldsanuncertaintymeasuref the predictedvalue(in theform of a standardieviation).

To exposethe theoricalframevork of GPs,we follow the notationsof MacKay! The analysismakes useof some
noisydataset consistingof pairsof L-dimensionainput vectorsandscalaroutputs . Basedon this
set,the aim of the procesds to nd a prediction atanew point . Denotingthe setof input vectors
by andthe setof correspondindunction valuesby the vector , the GP
supposesa probabilisticmodelfor a givendataset. Thatis, thevectorof known functionvalues  isregardedasone
sampleof amultivariateGaussiamlistributionwith joint probabilitydensity . Addition of anew point
to thedatasetinfersthattheresultingvectorof functionvalues is alsoa sampleof the Gaussiarjoint probability
density . Consequentlythe dimensionof the probability densityandthe
processtself dependnly onthe numberof datapointsandnot onthe decisionspacel..
Using the rule of conditionalprobabilities , the probability densityfor the function value
at a new point , giventhe  known datapoints and their associatedunction values , canbe
expressedn termof a univariateGaussiartistribution,

1)
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ThemultivariateGaussiarensityappearingn thedenominatoof Eq. 1 is assumedo follow,

— - @
where denotesthe covariancematrix of the Gaussiandistribution with zero meanfor the samplepoints and
is anappropriatenormalizationconstantBy extention,the datapointssatis es,
— - ®3)
where is againan appropriatenormalizationconstantandthe new covariancematrix thatcanbewritten
as,
4
In Eq.4, isavectorcontainingthecovariancedetweerthenew point andthe known pointswhile stands
for thevarianceof the new point.
Substitutingeq. 2 and3 in theright-handsideof Eq. 1 yields,
— - (5)
Eq5 is aunivariateGaussiardensityfor with meanandvariancegivenby,
(6)
(7
Thecovariancematrices  and arede nedin orderto bypasghe stepof expressingpriors on the modelling
function and by combiningtheminto a covariancefunction . Their are mary waysto impose with the only
constrainthatit mustgeneratea non-neyative de nite covariancematrix for ary setof points . In the contet of

this study, the stationarycovariancefunction proposedy MacKay* is implementedandreadsfor atwo datapoint set
and

- (8)

where representshe  componenbf theL-dimensionakvectors and , and arethe hyper

parametersf the covariancefunction.  corresponds$o alengthscalecharacterisinghe direction . A largelength
scalemeanghatthe ouputvalue is expectedto be essentiallya constanfunction of thatinput (smoothingef-

fect). The hyperparametescalethe correlation.  allows the whole functionto be offsetaway from zeroby an

unknown constantFinally, representawhite input-independamoiseappliedonly onto thediagonaltermsof the

covariancematrix. The covariancematrix  , the covariancevector andthevariance of Eq.4 canbeexpressed
in termsof the covariancefunctionas:

9)
(10)
(11)
Thehyperparametersanalwayseitherbe setby the useror retrievedfrom the data.As the valuesof the hyperparam-
etershave alargein uence ontheresultof the GP, we opt for an optimalapproximationsuchthatthelog-likelihood

of the givenfunctionvalues  undermultivariate Gaussiarwith zeromeanand covariance is
maximal. Thislog-likelihoodcanbe expresseds:

(12)

Evenif it is straightforvardto nd the derivatives — MacKay' shavsthat is often multimodal. For this reason,
we usean evolutionaryalgorithmproposedy Michalewicz!® to nd the optimalhyperparameters.

To concludeon thatpart,we cannotethatmostof CPUtime requestedby the Gaussiamimethodis dueto theinversion
of the covariancematrix in Egs.6, 7 and12. To reducethe potentialimpactof this disadwantagenumericaltricks

asLU decompositiortanbe used.
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Surrogatebasedoptimization algorithm

INITIALIZATION OF THE OPTIMIZATION ON THE IMPROVEMENT OF THE
INITIALIZATION OF THE
SURROGATE DATABASE SURROGATE DATABASE
SURROGATE MODEL
- LHS to determine a set of training - LHS to determine a set of starting pointf - CFD runs for operating points
decision variables - Learning of the hyperparameters from - Apply LBFGS for each starting point corresponding to point far enougth
- CFD run for each operating point the database - Identification of all local minimum from the ones in the database

of the database founded

DO WHILE: - number of CFD runs
- iteration max

Fig. 1 Flowchart of the surrogateassistedoptimization algorithm

The algorithmto be usedis detailedon Fig. 1. Prior to the optimizationloop, onerequiresthe useof the DesignOf
ExperimentgDOE) approactio initialize thesurrogatelatabase . To extractasmuchinformationaspossiblerom a
limited setof computerexperimentsthe chosermethodfor spacelling is basedn the Latin HypercubeSampling*
(LHS). LHS allows to generatea satisictorydishution of pointsin agivensearchdomain.
Theoptimizationloopthencontinuegor a pre-de niednumberof iterationor whenthe maximumallowed CFD com-
putationsis done.Optimizationof the surrogatenodelis obtainedfrom a”Low memoryBroydenFletcherGoldfard
ShanndBounded”(LBFGS-B)which correspondso the quasi-Nevton algorithmproposedy Byrd etal.'® Oneiter-
ation of the surrogate-basehethodperformsseveral LBFGS-B runswith differentstartingpointsspreadeaver the
decisordomain.Hence thegradientsf the tness functionneededy theLBFGSareexactly computeddy derivation
of Eq.6 and7:

— — (13)

—_— — (14)

Using a gradient-base@ptimizationalgorithm coupledwith a surrogateapproachyields good exploitation of the
disponibledatawhich is essentiafor fastcornverge. The multi-startaspeciof the gradientoptimizerenforcedby the
useof a meritefunctioninsteadof the tness functionallows a greatexplorationof the decisiondomain. The notion
of explorationis neededn the caseof multimodalfunctionin orderto nd a global extremum. Merite functionis a
weightedsumof tness functionandestimationof thedensity of pointsata givenplace: , .
Gaussiamprocessegive naturallyanotionof thedensitythroughthevarianceof theestimation ~ whichis highwhere

theprediction is probablynotaccurate Sotheoptimizationis performedon

PALM: The Coupling Device (http://www .cerfacs.fr/ palm)

The PALM 2 projectaimsatimplementinga generatool to easilyintegratehigh performanceomputingapplications
in a e xible andevolutiveway:. It is originally designedor oceanographidataassimilatioralgorithms but its domain
of applicationextendsto every kind of scienti ¢ application. In the framework of PALM, applicationsare split into
elementarycomponentshat canexchangedata. Its main featuresare: The dynamiclaunchingof the coupledcom-
ponentsthe full independencef the componentsrom the applicationalgorithm, the parallel dataexchangeswith
redistribution andthe separatiorof the physicsfrom the algebraicmanipulationgperformedby the PALM algebra
toolbox).

To generatea PALM applicationthe rst necessargteprequiresheexisting codes(call units)to be compatiblewith
PALM. Modi cations arerapidly achieredby insertingin the sourcecodessomePALM instructionssuchasGetand
Put which will allow to exchangedatafrom onecodeto another An interfaceor ID cardof the codedescribingthe
exchangeddatahave to be written. Onceall the component®f the applicationare available,PreRALM, the PALM
graphicalpreprocessois usedto developthe structureof the algorithm: Orderthe launchof the component®ither
concurrentlyor successiely, in loopsor conditionally

PALM is ableto handlemary parallel codesas well as several instancesof the samecode. This particularity is
very usefullin the contet of optimizationwith CFD codes. Indeed,mostof the codeswe useare parallel,andthe
possibilityto make mary computationst the sametime will compresshe whole clock time neededo completethe
setof simulationsprescribedoy an optimizationapplication. Finally, PALM automaticallymanageghe processor
distribution for anapplicationbetweerthe differentunitsandbasedon a userde ned priority fashion.
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Developedtool

An overview of the optimizationtool is presentedn Fig. 2. Eachrectangulabox with thick lines(call branchdn the
PALM languagekanrunindependentlyndifferentprocessorsThey coincidewith the rst level of parallelismtaken
into accounty PALM. The secondevel correspond$o the capacityof handlingparallelcodesasalreadyunderlined
in the descriptionof PALM. MPI communicationsiecessarjor the exchangeof databetweerprocessefi.e. meshes
and elds) aredepictedby arrons. The surrogateassisteaptimizationalgorithmis brie y detailedonthe o wchartof
Fig. 1. Onecannotethatthe optimizationunit is ableto decidewhetherthetruefunctionneeddo beevaluatedrought
the CFD codeor if the approximationis satisactory An interfacemanagesndlauncheghe CFD computationsn
a “multi-run” way: It aimsat automaticallydistribute the tasksdependingon the available ressourcesin the next
section,this algorithmis comparedo the Simplex optimizationapproach.Note thatthe e xibility of PALM allows
quick modi cations in the application,asthe use of anotheroptimizationalgorithmor CFD code. In the caseof
the Simplex PALM applicationthe Simplex branchexchange®ptimizationparameterandobjective functionvalues
directly with the CFD branch.

Dealing exclusively with the CFD computationsthe optimizationparametersre rst transformeddy the so-called
“Pre-processinglnit; It handleshe meshasfar asdesignoptimizationis concernedaswell asthe boundarycondi-
tionswhencontrollingthe operatingpoint. The automaticmeshcontrolwhendirectly parameterizetly optimization
parameterss a centralproblem.Two methodsareconcevable:

Givenaninitial shapeandmesh the nev meshis adaptedo the shapede ned by the designparameterdy de-
forming the previousgrid. Severaltechniquesxit andonecancite Laplacian,spring'! andexplicit? methods.
Theseapproachesave the advantageof conservingthe total numberof nodesand meshconnectvity garran-
tying homogeneoud Pl communication®etweerunits duringthe optimizationprocessMeshdeformationis
however limited to smallgeometricathange®therwisdeadingto negative cellsandpoor quality meshes.

Thesecondnethodconsistsn implementingafully automatianeshgeneratoin theloop. Themaindif culties
concernthe parameterizationf the shapeandthe prohibitive computationatime issuedby the generatiorof a
new mesh.

In the context of this study bothmethodsareusedto construct  mesheslin particulatr theimplementedapproaches
arelpol andDelaundqthe  -shapeaswell asthe  -domainmeshersievelopedby Miiller.2 It is importantto note
thatmoving nodesandremeshingechnique®ften needsmoothingstepsto enhanceell quality. Smoothersuchas
Laplacian-basedndangleor aspectatio optimization-basedreavailablein thetool.

Finally, at the end of the CFD computations,o w solutionsare post-treatedn orderto evaluatethe optimization
variablesnecessaryor objective function calculations.At the moment,only single objective function problemsare
possiblebut extensionto multi-objective calculationscanbe doneby summingthe correspondingtness.

Optimization Parameters
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Fig. 2 Overview of the optimization tool
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Numerical results
Presentationof the test case

Thestudiedcon gurationconsistsn a2D channel )in whichhotgaseso w ( ) while two
dilution injectorsaim at coolingthe hot streambeforeit exits the pipe, Fig. 3. This con guration hasthe particularity
of beingrepresentatie of a coolingprocesgoundin thedilution region of acomhustionchamberThe attemptof the
presentedomputationss to nd the optimal locationsof the cooling injectorsto reacha given outputtemperature
pro le. Fromthetestcase,it is expectedthatfor large valuesof the positionsof the dilution injectors,respectiely
noted and , thecoolingwill belessefcient dueto poormixing of the hot gaswith the cold one. Likewise
for the upperandlower injector positionsshouldleadto assymetriexit temperatureoro le if thein o ws
arethesame.
COOLING T,, Q, Lo Dy a

cu cu cu

HOT
! ) Target
GAS | Parallel CFD Run Computed exit !
! S s s s === =3 | temperature profile temperature profilé
T, Q |
| |
Ta Q@ Lo Du ag ]
: N t of
: Ew set o Optimization Compute objective
----------------------------------------------- running - )
parameters algorithm function
Fixed Parameters Optimization Parameters
T, =1500 K Hot gas temperature Ly in[0.02;0.15]m  Lower cooling injector position from hot gas inlet
Q= 0.212 Kgls Hot gas mass flow rate Le, iN[0.02;0.15] m  Upper cooling injector position from hot gas inlet
Teu=Tg =300 K Cooling temperature
D,,= Dy =0.005 m Cooling injection diameter
a.,=ay =0rad Cooling injection angle

Q.,=Q, =0.588 Kg/s Cooling mass flow rate

Fig. 3 Optimization con guration

Theobjective functionis obtainedby comparingheexit temperaturg@ro le computedy the CFD codeandthetarget
throughthefollowing expression:

—_ (15)

where is thediameterof thechannel, isthetargettemperaturand is the computedexit temperatureThe
expressiorof theobjective functionis arootmeansquarebetweertargetandcomputedemperaturgro les. It is non-
dimensionalizedby thetargettemperaturéo yield relativeimportanceo the standardRMS (notethatthetemperature
goesfrom approximatvely 300K to 1500K in the channel).Testsprove this objective functionto yield betterresults
thanstandardRMS in termsof solutionquality and corvergencerapidity (on this particularcon guration). Further
assessmertf otherobjective functionis neededor a betterunderstandingf its impacton the solution. The target
temperaturgro le comesfrom a CFD computationwith and which standsfor the
globalminimumof thesearchldomain.

Sincethe shapedeformationsare importantin the context of this study remeshingtechniquesare adopted. The
generatednesheshave a meanof nodesand cells. CFD computationsare obtainedfrom N3S-Natur a
Reynolds AverageNavier Stokes(RANS) solver developedby INCKA Simulog. EachCFD calculationtakesabout
15 minuteson 5 processorsf the DEC ALPHA.

Optimization with the Simplexmethod

The Simplex algorithmbelongsto the direct seachmethodswhich are local optimizers. Simplex is easyto useand
to implementbut suffers from pre-maturecorvergencedisease The versionproposedy NelderandMead is used
alongwith severalinitialisationsin the searchdomainspaceFig. 6. Resultsaresummarizedn table 1 while Fig. 4

shaws the evolution of the exit temperaturgro le duringtheruns and . Onewill notethatthe Simplex does
not corvergeto the sameoptimumvalueevenfor closelylocalizedinitialisations.Runs  and seemto yield the
samepoint which turnsout to be the global optimum ( , ). Figures.4 con rms that
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| RunID | Initialisation | Optimum | Numberof CFD evaluations| Symbolin Fig. 6 |

1 37
2 38
3 35
4 33
5 40
6 36
7 42
8 34

Tablel Simplexresults

and solutionst thetargetpro le quitewell. Runs and howeverresultin corvergenedsolutionswhich arelocal
optimabut wherethe obtainedemperaturgro le doesnot matchthetarget.

As a conclusionon the Simplex optimization,it is obseredthatthis methodrequiresalot of CFD runsto corverge
to alocal optimum. It is very sensitve to the level of noisepresenin CFD computationsvhich areusedto evaluate
the tness function. This noiseincreasegpre-maturecornvergenceof the algorithmasillustratedby run  wherethe
optimumis notfar from thetargetbut doesnot seento reachit.

Optimization with surrogateassistedalgorithm

Theinitialization stepof the surrogatebasedoptimizationprocesss designedsoasto perform  objective function
evaluationsusingthe CFD code. Then, the improvementof the modelis donethougth iterationsof the method
(Fig. 1) requiringatotalof  additionalCFD computationsAfter thisre nementphaseof thesurrogatethe LBFGS-
B algorithmdoesnot nd ary otherlocal minimumfor the surrogatenodel.

Figure5 illustratestheimpactof improving themodelby comparing , and afterinitialisationand
after iterationsof thealgorithm. We rst notethatmary pointsarecomputedon the boundof the variables.This
is dueto thefactthatthe modeloftengivespoor predictionsat theselocationsbecauseheir is aninsuf cient number
of samplepointsoutsidethe boundsof the searchdomain.Figure5 (b) clearlyillustratesthe greatimprovementof the
modelthroughthe importantreductionof the within the searchdomain. As expected the proceduras ableto
nd two minima:

alocaloneat ,
theglobaloneat ,

Finally, onewill notethe existencein the surfaceof alargevalley coincidingwith the attractionbassinof the global
minimum. Thisvalley is orientedalongthestraightline whichcorrespondso the setof parameters
leadingthe samedegreeof dissymetryin exit temperaturero le asde ned by thetargettemperaturgro le but with
differentmeanexit temperaturesAn importantaspecof the surrogateapproactis underlinedhere: The obsenation
of the obtainedmapleadsto a reducednumberof decisionparameterdy applying properconstraintsor by linking
themwith theobjectie.

To concludeon the surrogateoptimization, this methodgives accurateresultswith few CFD evaluations. It also
provides a map of local extremaalong with a clear vizualsationof the degree of correlationof the optimization
variablesonthe tness function.

Comparison betweenSimplex and surrogatemethod

Figure6 shovsthebehaiour of the Simplex optimizationgpreviously presente@ndfrontedwith the surfaceobtained
from the surrogatebasedoptimization(after =~ CFD computations).The chaoticbehaiour of the Simplex corver-
gencehistory linkedto the drasticvalley is clearlyillustrated. Indeed this type of con guration
oftenleadsto cornvergencediseaseof the Simplex method. More speci cally, the pathfollowed by Run tendsto
enforcethe existenceof thelocal minimumfoundby the surrogateapproactaswell asthestationnarypointevidenced
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Fig. 4 Simplexresults: Evolution of the exit temperaturepro le during run 5,6,7 and 8.

by Run . Thesetwo Simplex runsunderlinethe importanceof the initialisationsfor this approactsincetwo very
nearbyinitial guessesnaynotyield the sameresult.

Table 2 presentestimatedCPU timesaswell asthe whole clock time for a Simplex optimization(averageof the
runs) and a surrogatebasedsearch. CPU times take into accountall the involved devicesincluding the PALM
driver processokvhich maintainsthe MPl communicationdetweerunits, the optimizationbranchandthe so-called
“interpretationbranch”in the caseof the surrogateapproach.For this speci c study two CFD brancheavere used
in parallel. Sinceonly two optimization parametersare neededfor the problem consideredthe total numberof
CFD computationdor corvergenceis not very important. Consequentlythe surrogateevaluationsobtainedwith the

gaussiamprocesdasa nggligible impacton thetotal cost.

Method CPUtime Numberof processorg Clocktime
Simplex | 3885minutes 7 555minutes
Surrogate| 5360minutes 13 412minutes

Table2 CPUtimes

Nonethelessthe metamodehssistedoptimizationprocedureprovesto give more accurateresultsthanthe Simplex
approactwith fewerevaluationf tnessvalueghroughtheexpensve CFD codeasglobaloptimizationis concerned.
Moreover, andcontraryto Simplex optimization,the generattendeny of the tness againsioptimizationparameters
canbedirectly obsenedontheresultsandglobaloptimais garantiedf existingin the pre-de nedsearctdomain.

Conclusionsand perspectves

In thispaperwe have presente@globaloptimizationmethodfor expensve tnessfunctionbasednanapproximation
issuedfrom a Gaussiarprocess.This modelis constructedvith an adaptve databasevhich is improved during the
optimizationprocess.The proposedalgorithmallows a reducednumberof objective function evaluationsreducing
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Fig.5 Left, surrogateat the initialisation (20 CFD computations ) - Right, enrichementof the surrogateafter 15iterations
(35CFD computations ). (a) (b) (c)

the total CPU time usually necessaryvith corventionalapproachesComparisorbetweerthis methodandthe very
popularSimplex algorithmleadsto encouragingesultsandvalidatesthe choicesfor furtherdevelopments.
Althoughthe presentedool is effective, furtherimprovementsare possible.First, the way of couplingthe surrogate
modelwith the optimizationprocedurecanbe madebetter Indeed the enrichmenprocesof the databasdasto be
clari ed whennew pointsarefoundin the neighborhoof the known dataor whenno new pointis located.Second,
it is usefull to pursuethe studieson the optimizationalgorithmsand their interactionwith surrogatemodellingto
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0.02 0.04 0.06 0.08 0.1 0.12 0.14
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Fig. 6 Comparison betweenSimplexand surrogatemethod - Big circles: Starting points for the Simplex methods- Dotted
line: valley - White star: Global optimum

increasethe accurag of optimum prediction. Finally, an importantpart of the researclconcernghe possibility to
undertale the optimizationprocesswith complex geometry This latteraspecimposedo control ~ shapesand
the correspondingneshusingmoving meshtechnicsor re-meshingstrategies.
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