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The design of gas turbine enginesis a complex and time consuming engineering task involving numerous iterative
processes.Among all the devicescomposingthe engine,the combustion chamber bene�ts fr om 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 approaches,the number of CFD computationsstill re-
mains largeand engineeringintensive. A strategy to alleviate the CFD specialistinvolvment in reachingan optimal solution is
desired to fully capitalizeon the method. Onesolution aims at automatizing the optimization performed with CFD.

From the optimization point of view, the expensive stepis the CFD run necessaryto evaluate the objective function value
for a set of control parameters. The promising method developed in this work consistsin performing optimization with
classicaltechniquesbasedon an inexpensive metamodelingof the objective function. The idea is to reducethe number of
CFD computationswhile proposinga rigorous framework to converge robustly to an optimal design. An adaptive Gaussian
Processmodel1 is usedto approximate the �tness. The model is continuously updated by increasingthe referencedatabaseas
the search progresses.Implementation issuessuchasef�ciency, numerical stability of the model, techniquesto acceleratethe
optimization process,exploration / exploitation con�ict and the different levels of parallelism involved in CFD optimization
are addressed. Practicallity of the optimization tool is here inherited fr om the powerful coupling device PALM. 2 PALM
allows independentdevelopmentsof the different units composingthe application offering a high level of �exibility in terms of
evolution and enhancement.

Illustration of the approachwhen applied to a simple enginecooling systemis presented:Validations stepsand compar-
isonsof the proposedsurrogateapproachwith the very well known optimization method Simplex3 areshown.

Intr oduction
Dueto drasticnormsonpollution,aeronauticalenginemanufacturersneedto proposenew technologicalsolutionsfor
thenext generationof aero-enginedevices. Indeed,ambitiousNOx reductiontargetsof 80%aresetfor �
	��
	 . These
strict objectivesyield many researchprojectsaimingat thede�nitions andstudiesof innovativecombustionsystems.
Amongall theinitiativesfrom theEuropeanresearchcommunity, theprojectINTELLECT D.M. numberFP6-502961
(INTEgratedLeanLow EmissionCombusTor DesignMethodology)investigatesnew designrulesandmethodologies
for the de�nition andvalidationof low emissioncombustors. The speci�city of the retainedtechnologyfor NOx
reductionis that the combustionchamberswill morelikely operatewith an excessof air; the primary reasonbeing
to reducesigni�cantly the �ame temperatureandthereoftheNOx production.With this approach,up to �
	�� of the
total air �o w throughthechamberis premixedwith thefuel beforeenteringthereactionzone.As a consequence,the
designof thepre-diffuserandcoolingsystemsbecomecrucialasthey arekey elementsto providegoodair distribution
throughoutthechamberandto avoid largevaluesof thetemperaturepeaks.Anothercharacteristicof this technology
is thenarrowing of theoperatingrangeof thenew burners. Indeed,combustioninstabilitiesariserapidly evenwith
smalldeviationsfrom theinitially de�ned operatingpoint.
This work, initiated by Turbomeca(SAFRAN Group),focuseson the �rst issueandanalyzesthe suitability of op-
timization techniquesfor the designof an areo-enginecooling system.The main ideais to assessandconstructan
automaticoptimizerbasedon a CFD solver soasto obtaindesignsolutionssatisfyinggivenchamberoutlet temper-
aturepro�les. Nowadays,optimizationtakesa very large placein the scienti�c communityand real world offers
numerousexampleswhereonecanuseoptimization. However, optimizationmethodperformancesdependon the
typeof problemto betreated.Thecouplingof anoptimizerwith a CFD solver imposesobviousrestrictionssuchas
computerpower, time andmemory... Among existing methods,themostperformantoptimizationprocessesarethe
gradient-basedtechniques.They arenonethelessnotaccessiblewith standardCFDcodesandadjointsolversareoften
mandatoryto obtaingoodevaluationsof the gradients.More recentmethods,suchasevolutionaryalgorithms,also
known asgeneticalgorithms,4 areveryoftenusedin CFDoptimization.They givegoodresultsandcoincidewith the
philosophyof CFD, that is they allow severalcomputationsof differentsdesignpointsat thesametime. Thenumber
of objective functioncomputations(CFD runs)remainslargewith this approachandtheoverall response-timeof the
processis large.An original approachto avoid suchproblemsandadoptedin this work, consistsin usinga low order
model,or surrogatemodel,5 to substitutethe CFD runs. Standardoptimizationalgorithmsarethenappliedon this
model.Theoverallprocessrequireslesscomputingtime.
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Thepaperis organizedasfollow: First, we presentthesurrogatemodelusedto approximatetheobjective function.
Then,a generalpresentationof the couplerPALM is done. Detailsandspeci�cationsof the target geometryto be
optimizedarethengiven.Finally, numericalresultsarepresentedfor two a decisionvariabletestcase.

Optimization, SurrogateModelsand GaussianProcesses
Therearemany waysto implementsurrogatemodelsto acceleratetheconvergenceof anoptimizationprecedureby
reducingthenumberof time consumingCFD computations.Someauthorsusethemin a local way to �nd thevalue
of theapproximatedfunctionbasedon a restrictednumberof samplepoints. Others,asin this article,usesurrogate
modelsasa globalapproximationof the�tness for theentiredomainof optimizationparameters.Theresultedglobal
surfacegivesa tendency of the comportementof the �tness versuseachvariables. Othervariationsin the existing
methodsappearsin the alternateuseof the true �tness valuesor theapproximationsgiven via the surrogatemodel.
For example,whenevolutionnaryprogrammingis concerned,authorsassignvaluesto a partof agenerationbasedon
CFD computationswhile theotherpartinherit their valuefrom thelow ordermodel.On theotherhandall valuescan
alternatively beobtainedfrom thesamemodelthatis CFDandsurrogate.

SurrogateModels

A wide varietyof surrogatemodelsareusedin the literatureto approximate�tness functionsin thecontext of opti-
mization.Themostprominentamongall approachesarepolynomialmodels,6 arti�cial neuralnetworks,7 radialbasis
functionnetworks8 andGaussianprocess.9

Polynomialmodels,alsoreferredasresponsesurfaces,areeasyto useand implement. They provide goodresults
in the caseof unimodalproblemsbut tend to oscillatetoo muchwhen �tting high ordermultimodalpolynomials.
Arti�cial Neural Networks consistof a large numberof highly interconnectedprocessingunits, eachaggregating
informationfrom alargenumberof connectedpeers.Givenacertainnumberof units,it canapproximateany function.
The main drawback of this techniqueis the dif�culty of �nding an appropriatenetwork topology and size. The
output of the RadialBasisFunctionNetwork is a weightedsumof radial basisfunction characterizedby a radial
basisKernel. Typical choicesfor theKernelincludelinearsplines,cubicsplines,multiquadrics,thinplatesplineand
Gaussianfunctions.Themajordif�culty is to setthedifferentparametersof theKernelfunctionwhich have a large
impacton theapproximations.Gaussianprocessesspecifya probabilisticmodelover a givensetof datapoints. It is
constructedsuchthat the likelihoodof the functionvaluegiventhedecisionvariablevaluesis maximizedfor all the
data.Like Arti�cial NeuralNetworks,Gaussianprocessescanapproximateany function. Onecommondrawbackto
all of thesemethodsis theassociatedcomputationalcost.

GaussianProcessModel

Amongthepresentedempiricalmodels,Gaussianprocesses(GPs)appearto bethemostpromisingfor �tness function
approximation.Indeed,a GPcombinesthefollowing decisiveproperties:

� theimplentationof GPsis independentof thenumberof decisionvariables,

� GPscanapproximatearbitraryfunctionsincludingmultimodalityanddiscontinuities,

� GPcontainsmeaningfulhyperparametersthatcanbeobtainedtheoreticallywith anoptimizationprocedure,

� GPyieldsanuncertaintymeasureof thepredictedvalue(in theform of astandarddeviation).

To exposethe theoricalframework of GPs,we follow the notationsof MacKay.1 The analysismakesuseof some
noisydataset � consistingof � pairsof L-dimensionalinput vectorsandscalaroutputs �������������! 
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ThemultivariateGaussiandensityappearingin thedenominatorof Eq.1 is assumedto follow,
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In Eq.4,
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SubstitutingEq.2 and3 in theright-handsideof Eq.1 yields,
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Thehyperparameterscanalwayseitherbesetby theuseror retrievedfrom thedata.As thevaluesof thehyperparam-
etershave a largein�uence on theresultof theGP, we opt for anoptimalapproximationsuchthat thelog-likelihood
of the given function values 3

 

undermultivariateGaussianwith zeromeanandcovariance
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Evenif it is straightforwardto �nd thederivatives ”N•

”�–

� MacKay1 shows that
Œ

is oftenmultimodal. For this reason,
we useanevolutionaryalgorithmproposedby Michalewicz10 to �nd theoptimalhyperparameters.
To concludeon thatpart,wecannotethatmostof CPUtimerequestedby theGaussianmethodis dueto theinversion
of thecovariancematrix

S

 

in Eqs.6, 7 and12. To reducethepotentialimpactof thisdisadvantage,numericaltricks
asLU decompositioncanbeused.
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Surrogatebasedoptimization algorithm

- LHS to determine a set of training

- CFD run for each operating point

of the database

INITIALIZATION OF THE

SURROGATE DATABASE

decision variables

the database

INITIALIZATION OF THE

SURROGATE MODEL

- Learning of the hyperparameters from

OPTIMIZATION ON THE 

SURROGATE

- LHS to determine a set of starting points

- Apply LBFGS for each starting point

- Identification of all local minimum

founded

IMPROVEMENT OF THE

DATABASE

- CFD runs for operating points

corresponding to point far enougth

from the ones in the database

- iteration max
- number of CFD runsDO WHILE: 

Fig. 1 Flowchart of the surrogateassistedoptimization algorithm

Thealgorithmto beusedis detailedon Fig. 1. Prior to theoptimizationloop, onerequirestheuseof theDesignOf
Experiments(DOE)approachto initialize thesurrogatedatabase� . To extractasmuchinformationaspossiblefrom a
limited setof computerexperiments,thechosenmethodfor space�lling is basedon theLatin HypercubeSampling14

(LHS). LHS allows to generatea satisfactorydisbutionof pointsin a givensearchdomain.
Theoptimizationloopthencontinuesfor apre-de�niednumberof iterationor whenthemaximumallowedCFDcom-
putationsis done.Optimizationof thesurrogatemodelis obtainedfrom a ”Low memoryBroydenFletcherGoldfard
ShannoBounded”(LBFGS-B)whichcorrespondsto thequasi-Newtonalgorithmproposedby Byrd et al.15 Oneiter-
ationof thesurrogate-basedmethodperformsseveralLBFGS-Brunswith differentstartingpointsspreadedover the
decisondomain.Hence,thegradientsof the�tness functionneededby theLBFGSareexactlycomputedby derivation
of Eq.6 and7: —
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Using a gradient-basedoptimizationalgorithm coupledwith a surrogateapproachyields good exploitation of the
disponibledatawhich is essentialfor fastconverge. Themulti-startaspectof thegradientoptimizerenforcedby the
useof a meritefunctioninsteadof the�tness functionallows a greatexplorationof thedecisiondomain.Thenotion
of explorationis neededin thecaseof multimodalfunction in orderto �nd a globalextremum.Merite function is a
weightedsumof �tness functionandestimationof thedensity™ of pointsat a givenplace: š�›
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PALM: The Coupling Device (http://www.cerfacs.fr/£ palm)
ThePALM 2 projectaimsat implementinga generaltool to easilyintegratehigh performancecomputingapplications
in a �e xible andevolutiveway. It is originally designedfor oceanographicdataassimilationalgorithms,but its domain
of applicationextendsto every kind of scienti�c application. In the framework of PALM, applicationsaresplit into
elementarycomponentsthat canexchangedata. Its main featuresare: The dynamiclaunchingof thecoupledcom-
ponents,the full independenceof the componentsfrom the applicationalgorithm,the paralleldataexchangeswith
redistribution andthe separationof the physicsfrom the algebraicmanipulations(performedby the PALM algebra
toolbox).
To generatea PALM application,the�rst necessarysteprequirestheexistingcodes(call units)to becompatiblewith
PALM. Modi�cations arerapidly achievedby insertingin thesourcecodessomePALM instructionssuchasGetand
Put which will allow to exchangedatafrom onecodeto another. An interfaceor ID cardof thecodedescribingthe
exchangeddatahave to be written. Onceall thecomponentsof theapplicationareavailable,PrePALM, thePALM
graphicalpreprocessor, is usedto developthestructureof thealgorithm: Orderthe launchof thecomponentseither
concurrentlyor successively, in loopsor conditionally.
PALM is able to handlemany parallel codesas well as several instancesof the samecode. This particularity is
very usefull in thecontext of optimizationwith CFD codes.Indeed,mostof thecodeswe useareparallel,andthe
possibility to make many computationsat thesametime will compressthewholeclock time neededto completethe
setof simulationsprescribedby an optimizationapplication. Finally, PALM automaticallymanagesthe processor
distribution for anapplicationbetweenthedifferentunitsandbasedona user-de�ned priority fashion.
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Developedtool
An overview of theoptimizationtool is presentedonFig. 2. Eachrectangularboxwith thick lines(call branchsin the
PALM language)canrun independentlyondifferentprocessors.They coincidewith the�rst level of parallelismtaken
into accountby PALM. Thesecondlevel correspondsto thecapacityof handlingparallelcodesasalreadyunderlined
in thedescriptionof PALM. MPI communicationsnecessaryfor theexchangeof databetweenprocesses(i.e. meshes
and�elds) aredepictedby arrows. Thesurrogateassistedoptimizationalgorithmis brie�y detailedonthe�o wchartof
Fig.1. Onecannotethattheoptimizationunit is ableto decidewhetherthetruefunctionneedsto beevaluatedtrought
theCFD codeor if theapproximationis satisfactory. An interfacemanagesandlaunchesthe CFD computationsin
a “multi-run” way: It aimsat automaticallydistribute the tasksdependingon the availableressources.In the next
section,this algorithmis comparedto theSimplex optimizationapproach.Note that the �e xibility of PALM allows
quick modi�cations in the application,as the useof anotheroptimizationalgorithmor CFD code. In the caseof
theSimplex PALM application,theSimplex branchexchangesoptimizationparametersandobjective functionvalues
directlywith theCFDbranch.
Dealingexclusively with the CFD computations,the optimizationparametersare�rst transformedby the so-called
“Pre-processing”unit: It handlesthemeshasfar asdesignoptimizationis concernedaswell astheboundarycondi-
tionswhencontrollingtheoperatingpoint. Theautomaticmeshcontrolwhendirectly parameterizedby optimization
parametersis a centralproblem.Two methodsareconceivable:

� Givenaninitial shapeandmesh,thenew meshis adaptedto theshapede�ned by thedesignparametersby de-
forming thepreviousgrid. Severaltechniquesexit andonecancite Laplacian,spring11 andexplicit12 methods.
Theseapproacheshave theadvantageof conservingthe total numberof nodesandmeshconnectivity garran-
tying homogeneousMPI communicationsbetweenunitsduringtheoptimizationprocess.Meshdeformationis
however limited to smallgeometricalchangesotherwiseleadingto negativecellsandpoorquality meshes.

� Thesecondmethodconsistsin implementingafully automaticmeshgeneratorin theloop. Themaindif�culties
concerntheparameterizationof theshapeandtheprohibitivecomputationaltime issuedby thegenerationof a
new mesh.

In thecontext of thisstudy, bothmethodsareusedto construct�#� meshes.In particular, theimplementedapproaches
areIpol andDelaundo, the

J

� -shapeaswell asthe �#� -domainmeshersdevelopedby Müller.13 It is importantto note
thatmoving nodesandremeshingtechniquesoftenneedsmoothingstepsto enhancecell quality. Smootherssuchas
Laplacian-basedandangleor aspectratiooptimization-basedareavailablein thetool.
Finally, at the end of the CFD computations,�o w solutionsare post-treatedin order to evaluatethe optimization
variablesnecessaryfor objective function calculations.At themoment,only singleobjective function problemsare
possiblebut extensionto multi-objectivecalculationscanbedoneby summingthecorresponding�tness.

Optimization

algorithm Multi CFD Runs

InterfaceSurrogate

Model

Pre�processing

Parallel CFD 

RANS CODE

Post�processing

Pre�processing

Parallel CFD 

RANS CODE

Post�processing

� Mesh

� Boundary
   conditions

� Flow field

� Mesh

� Boundary
   conditions

� Flow field

Optimization Parameters

Estimation of Obj. Func. value

Optimization Parameters

Objective Function value

Fig. 2 Overview of the optimization tool

5 OF 10



Numerical results
Presentationof the test case

Thestudiedcon�gurationconsistsin a2D channel( 	¤0 	
¥#¦¨§=	¤0©�
ª#¦ ) in whichhotgases�o w ( «

ƒ

,

J

ª#	
	�¬ ) while two
dilution injectorsaim at coolingthehot streambeforeit exits thepipe,Fig. 3. This con�gurationhastheparticularity
of beingrepresentativeof a coolingprocessfoundin thedilution regionof a combustionchamber. Theattemptof the
presentedcomputationsis to �nd the optimal locationsof the cooling injectorsto reacha given outputtemperature
pro�le. From the testcase,it is expectedthat for large valuesof the positionsof thedilution injectors,respectively
noted ­~®°¯ and ­>®

{

, thecooling will be lessef�cient dueto poor mixing of thehot gaswith the cold one. Likewise
­~®°¯²±

,

­>®

{

for theupperandlower injectorpositionsshouldleadto assymetricexit temperaturepro�le if thein�o ws
arethesame.

Th Qh

New set of 
running
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Compute objective

function
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algorithm
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QclQcu
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Parallel CFD Run Computed exit 

temperature profile

Target

temperature profile

COOLING
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= 1500 K

= 0.212 Kg/s
= = 300 K � Cooling temperature

� Hot gas mass flow rate

� Hot gas temperature
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Optimization Parameters

in [0.02 ; 0.15] m   � Lower cooling injector position from hot gas inlet

=

=

= 0 rad

= 0.005 m

= = 0.588 Kg/s

Fig. 3 Optimization con�guration

Theobjectivefunctionis obtainedby comparingtheexit temperaturepro�le computedby theCFDcodeandthetarget
throughthefollowing expression:
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where �

ƒ is thediameterof thechannel,«

k

is the target temperatureand «

® is thecomputedexit temperature.The
expressionof theobjectivefunctionis arootmeansquarebetweentargetandcomputedtemperaturepro�les. It is non-
dimensionalizedby thetargettemperatureto yield relative importanceto thestandardRMS(notethatthetemperature
goesfrom approximatively 300K to 1500K in thechannel).Testsprovethis objective functionto yield betterresults
thanstandardRMS in termsof solutionquality andconvergencerapidity (on this particularcon�guration). Further
assessmentof otherobjective function is neededfor a betterunderstandingof its impacton thesolution. The target
temperaturepro�le comesfrom a CFD computationwith ­

®°¯

,

	·0 	��#ª¸¦ and ­
®

{

,

	·0 	˜ª•¦ which standsfor the
globalminimumof thesearchdomain.
Sincethe shapedeformationsare important in the context of this study, remeshingtechniquesare adopted. The
generatedmesheshave a meanof ¹
	
	�	 nodesand

J

�#ª
	
	 cells. CFD computationsareobtainedfrom N3S-Natur, a
ReynoldsAverageNavier Stokes(RANS) solver developedby INCKA Simulog. EachCFD calculationtakesabout
15minuteson5 processorsof theDEC ALPHA.

Optimization with the Simplexmethod

The Simplex algorithmbelongsto the direct seachmethodswhich arelocal optimizers.Simplex is easyto useand
to implementbut suffers from pre-matureconvergencedisease.Theversionproposedby NelderandMead3 is used
alongwith several initialisationsin thesearchdomainspace,Fig. 6. Resultsaresummarizedin table1 while Fig. 4
shows theevolution of theexit temperaturepro�le duringtheruns ªº�5»·�G� and ¼ . Onewill notethat theSimplex does
not convergeto thesameoptimumvalueevenfor closelylocalizedinitialisations.Runs ½·�Gª and � seemto yield the
samepoint which turnsout to be theglobal optimum( ­¾®°¯

,

	¤0 	˜�
ª^¦ , ­>®

{

,

	·0 	˜ª•¦ ). Figures.4 con�rms that ª
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Table 1 Simplex results

and � solutions�t thetargetpro�le quitewell. Runs » and ¼ however resultin convergenedsolutionswhich arelocal
optimabut wheretheobtainedtemperaturepro�le doesnotmatchthetarget.
As a conclusionon theSimplex optimization,it is observedthat this methodrequiresa lot of CFD runsto converge
to a local optimum. It is very sensitive to thelevel of noisepresentin CFD computationswhich areusedto evaluate
the �tness function. This noiseincreasespre-matureconvergenceof thealgorithmasillustratedby run » wherethe
optimumis not far from thetargetbut doesnot seemto reachit.

Optimization with surrogateassistedalgorithm

Theinitialization stepof thesurrogatebasedoptimizationprocessis designedsoasto perform �
	 objective function
evaluationsusingthe CFD code. Then,the improvementof the model is donethougth

J

ª iterationsof the method
(Fig. 1) requiringatotalof ¥˜ª additionalCFDcomputations.After thisre�nementphaseof thesurrogate,theLBFGS-
B algorithmdoesnot �nd any otherlocalminimumfor thesurrogatemodel.
Figure5 illustratestheimpactof improving themodelby comparing

g

� ,

P

™

i

j

k and š
›

,

g

�

P

™

i

j

k afterinitialisationand
after

J

ª iterationsof thealgorithm. We �rst notethatmany pointsarecomputedon theboundof thevariables.This
is dueto thefactthat themodeloftengivespoorpredictionsat theselocationsbecausetheir is aninsuf�cient number
of samplepointsoutsidetheboundsof thesearchdomain.Figure5 (b) clearlyillustratesthegreatimprovementof the
modelthroughthe importantreductionof the

P

™

i

j

k within thesearchdomain.As expected,theprocedureis ableto
�nd two minima:

� a localoneat ­
®°¯

,

	¤0 	#½˜¥¾¦ , ­
®

{

,

	·0

J

ª'¦

� theglobaloneat ­
®°¯

,

	¤0 	˜���

J

¦ , ­
®

{

,

	¤0 	#½˜�
¹'¦

Finally, onewill notetheexistencein thesurfaceof a largevalley coincidingwith theattractionbassinof theglobal
minimum.Thisvalley is orientedalongthestraightline ­

®

{

,

­
®°¯

P

	·0 	˜�
ª whichcorrespondsto thesetof parameters
leadingthesamedegreeof dissymetryin exit temperaturepro�le asde�ned by thetargettemperaturepro�le but with
differentmeanexit temperatures.An importantaspectof thesurrogateapproachis underlinedhere:Theobservation
of theobtainedmapleadsto a reducednumberof decisionparametersby applyingproperconstraintsor by linking
themwith theobjective.
To concludeon the surrogateoptimization, this methodgives accurateresultswith few CFD evaluations. It also
provides a map of local extremaalong with a clear vizualsationof the degreeof correlationof the optimization
variableson the�tness function.

ComparisonbetweenSimplexand surrogatemethod

Figure6 showsthebehaviour of theSimplex optimizationspreviouslypresentedandfrontedwith thesurfaceobtained
from the surrogatebasedoptimization(after ª�ª CFD computations).The chaoticbehaviour of the Simplex conver-
gencehistory linkedto thedrasticvalley ­'®

{

,

­~®°¯

P

	¤0 	��
ª is clearly illustrated. Indeed,this typeof con�guration
often leadsto convergencediseaseof the Simplex method. More speci�cally, the pathfollowed by Run ¼ tendsto
enforcetheexistenceof thelocalminimumfoundby thesurrogateapproachaswell asthestationnarypointevidenced
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RunID 5 RunID 6

RunID 7 RunID 8

Fig. 4 Simplex results:Evolution of the exit temperaturepro�le during run 5, 6, 7 and 8.

by Run � . Thesetwo Simplex runsunderlinethe importanceof the initialisationsfor this approachsincetwo very
nearbyinitial guessesmaynot yield thesameresult.
Table2 presentsestimatedCPU timesaswell as the whole clock time for a Simplex optimization(averageof the

¼ runs) and a surrogatebasedsearch. CPU times take into accountall the involved devices including the PALM
driver processorwhich maintainstheMPI communicationsbetweenunits, theoptimizationbranchandtheso-called
“interpretationbranch”in the caseof the surrogateapproach.For this speci�c study, two CFD brancheswereused
in parallel. Sinceonly two optimizationparametersare neededfor the problemconsidered,the total numberof
CFD computationsfor convergenceis not very important.Consequently, thesurrogateevaluationsobtainedwith the
gaussianprocesshasa negligible impacton thetotal cost.

Method CPUtime Numberof processors Clock time
Simplex 3885minutes 7 555minutes
Surrogate 5360minutes 13 412minutes

Table 2 CPU times

Nonetheless,the metamodelassistedoptimizationprocedureprovesto give moreaccurateresultsthanthe Simplex
approachwith fewerevaluationsof �tnessvaluesthroughttheexpensiveCFDcodeasglobaloptimizationisconcerned.
Moreover, andcontraryto Simplex optimization,thegeneraltendency of the �tness againstoptimizationparameters
canbedirectly observedon theresultsandglobaloptimais garantiedif existing in thepre-de�nedsearchdomain.

Conclusionsand perspectives
In thispaper, wehavepresentedaglobaloptimizationmethodfor expensive�tnessfunctionbasedonanapproximation
issuedfrom a Gaussianprocess.This modelis constructedwith an adaptive databasewhich is improvedduring the
optimizationprocess.The proposedalgorithmallows a reducednumberof objective function evaluationsreducing
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Initialisation After 15 iterations
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Fig. 5 Left, surrogateat the initialisation (20CFD computations Æ ) - Right, enrichementof the surrogateafter 15iterations
(35CFD computations Ç ). (a) È

É

(b) ÊÌË#Í/Î
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the total CPU time usuallynecessarywith conventionalapproaches.Comparisonbetweenthis methodandthevery
popularSimplex algorithmleadsto encouragingresultsandvalidatesthechoicesfor furtherdevelopments.
Althoughthepresentedtool is effective, further improvementsarepossible.First, theway of couplingthesurrogate
modelwith theoptimizationprocedurecanbemadebetter. Indeed,theenrichmentprocessof thedatabasehasto be
clari�ed whennew pointsarefoundin theneighborhoodof theknown dataor whennonew point is located.Second,
it is usefull to pursuethe studieson the optimizationalgorithmsand their interactionwith surrogatemodelling to
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Fig. 6 ComparisonbetweenSimplexand surrogatemethod- Big circles:Starting points for the Simplexmethods- Dotted
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increasethe accuracy of optimumprediction. Finally, an importantpart of the researchconcernsthe possibility to
undertake theoptimizationprocesswith complex ¥
� geometry. This latteraspectimposesto control ¥�� shapesand
thecorrespondingmeshusingmoving meshtechnicsor re-meshingstrategies.
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