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Abstract. Designisanactivity thattranslateasetof requirementsin
a feasibleproductby consideringconstraintscomingfrom physics,
technologyavaibility and designerpreferences.Configurationis a
specialcaseof designin whichtheproductcomponentpropertiesare
alreadypredefined.In this paper, the designof a new concepts(or
thevalidationof existingones)is consideredasaconfigurationprob-
lem. In thefirst partof this paper, we presenta genericapproachfor
conceptualdesign,theearliestphaseof design,combiningthecon-
straintsatisfactionformalismandtheobject-orientedframework. In
thesecondpart,we introduceanapproachto dealwith uncertainties
mostly foundduringtheconceptualdesignphase.Theproposedap-
proachis very easyto implementandguaranteestheupperboundof
thesolutionexistenceprobability. Thedesignercannow make hisor
herdecisionsnotonly basedontheproductperformance,but alsoon
therisk associatedto thatperformance.

1 Intr oduction

Designis an activity that translatea setof requirementsin a feasi-
bleproductwhich canbestsatisfytherealizationconstraintscoming
from physicalphenomenas,thetechnologyavailability anddesigner
preferences.

Configurationis a specifictaskof design.We canseea configura-
tion taskasadesignof aproductgivenasetof components(possibly
sizable)describedby afixedsetof propertiesincludinginformations
on the interactionswithin components.In this paperwe restrictthe
designcontext in a configurationtask.

A conceptor a productis a solutionof a configurationproblem
asa resultof a productinstantiation. In this paper, we areinterested
at a systemto aid designerin theconfigurationtaskusinga generic
approach.

Our prior internalstudiesrelatedto thedesignandsizingof sens-
ing systems[3, 2] showedthattheCSP framework [12] offers:

� aflexible approachby anaturalproblemrepresentationusingcon-
straints;� a context free applicationincluding an absenceof domaintype
restrictions.

CSPframework is definedby a setof variables,a setof domains
eachassociatedto onevariableanda setof constraintsallowing val-
uescombinationswithin asubsetof variables.Domainscanbeof all
types:symbolicor numeric,discreteor continue.Constraintscanbe
extensivelydefined(list of allowed/prohibitedvaluecombinations)or
�
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intensivelydefined(relationsuchasequation).Further, a representa-
tion framework suchasanobject-orientedframework wouldenhance
adesignproblemrepresentation.Webasedourproposedgenericap-
proachon thesetwo frameworks.

Thegenericnatureof theproposedapproachinjuresconsequently
its computingpower, which limits its usefor theconceptualdesign.
More advancedphase,suchasdetaileddesign,speciallyin the air-
craftdesigndomain,is therealmof parametricoptimization[10, 15]
even if non classicaloptimizationtechniquessuchasgeneticalgo-
rithmscanbeused[1].

Basedon the CSPpoint of view, a numberof frameworks have
beenproposedto dealwith configurationproblem.

The Dynamic CSP framework [14] extendsthe classicalCSP
framework to dealwith asituationin whichthesolutionsdonotneed
to havethesamevariablesandneitherto satisfythesameconstraints.
Theideais to associateto eachvariableandeachconstrainttwo pos-
siblestates:active andnon-active. Statescontrol is doneby a setof
activationconstraints.

TheCompositeCSPframework [19] answersto thesamecaseas
previous extensionbut avoid the useof activation constraints.The
ideais to allow a variableto have a subproblemasa value.

Theframeworksrepresentedin [17, 22] proposetwo stepsof res-
olution.Thefirst stepconsistsof determiningthefinal productarchi-
tectureandthesecondconsistsof resolvingthecorrespondingclas-
sicalCSPproblemgiventheproductarchitecture.

Oneof thecharacteristicsof designactivities,speciallyduringthe
earlystageis theexistenceof imprecisionanduncertaintyfactorsin
theproblemmodelandin externalinput [6, 21]. Noneof theprevious
frameworks offers a techniqueallowing a designerto take into ac-
countthisuncertaintiesin hisdecisionmaking.However, wecanfind
in [13, 18] a probabilisticapproachbasedon Monte Carlo method
which is timeandresourceconsuming.

In this paperwe proposean approachto deal with uncertainty
basedon CSPframework which guaranteesanupperboundof solu-
tion existenceprobability. Ourdiscussionsarefocusedontwo points:

1. A descriptionof thegenericapproachto helpdesignerto structure
thedesignknowledgeof a productbeingconsidered;this knowl-
edgeis expressedin a genericmodel which is usedto generate
concepts;

2. A propositionof anapproachto dealwith uncertaintywhichguar-
anteesan upperboundof solutionexistenceprobability; we will
show by a caseexamplehow this measurecouldbeanimportant
elementof decision.

1



As weareapplyingtheproposedapproachin aeronauticaldomain,
examplesfoundin thispaperwill beonaircraftdesignproblems.

2 Presentationof the genericmodel

Our genericapproachto deal with configurationproblemis based
on genericmodelof theproductbeingdesigned.Thegenericmodel
combinestwo frameworks:

� CSPframework with the notionsof variables,domainsandcon-
straintsto formalizetheconfigurationproblem;� Objet-orientedrepresentationwith the notion of objects, at-
tributes, classes, instancesand inheritanceto structurethe con-
figurationknowledge.

2.1 The configuration knowledge

Configurationknowledge,usuallyrelatedto a givendesigndomain,
is structuredin classesfollowing an object-orientedrepresentation.
Here,a classcanbe seenasa templateof an item. An instanceis
build uponclassdescriptioncorrespondingto an item (final product
or a productcomponent).

2.1.1 Classesasgenericdesignknowledge

The knowledgeaboutitems is modeledby classes.Typically there
is a classfor the final productandclassesfor its components(and
recursively). A classcanbe:

� abstract(instancescannotbebuilt upondirectly);� generic(e.g. sizeablecomponent, instancecanbe built upon,its
exactsizeis notpredefined);� non sizeable(only existing instancesof this classaretaken into
accountduringtheproductinstantiation).

Simpleinheritanceis considered,i.e. aclasshasonly onemother-
class.A classis describedby a setof typedattributes.

Attrib utes

Eachattribute is characterizedby a definition (mainly its name
andtype).Thedomainof valuesassociatedwith a variabledepends
on theattributetype.Oursystemallows thefollowing types:

� oneof(List): List is a list of elementsof any discretetype
(number, atom,string,etc.) andthe valuecanbe any elementof
List;� oneof(Min,Max): Min and Max are two integers, and the
valueof thevariablecanbeany integerbelongingto the[Min,
Max] interval;� instance(Cl1): Cl1 is a classnameand the value can be
any instanceof any subclassCl2 of Cl1 if Cl1 is abstractor an
instanceof Cl1 if not;� instance(List): List is a list of classesnameandthevalue
canbeany instanceof any classin List;� instances(Min, Max, Cl) : Cl is a classnameand the
value can be any collection of instancesof the classCl whose
cardinalitybelongsto theinterval [Min,Max];� interval(Min,Max): Min andMax arerealnumbersandthe
valuecanbeany subinterval of theinterval [Min,Max].

The five first typesintroducedirect choicepoints sincethey all
lead to a finite set of possibilities.The last type may also lead to
choicepointsbut only wheninterval splitting is considered.Thein-
heritancepropertywill applyevery attributeof a classto its special-
izations.

For example,theclassassociatedto a wing mayhas:

� attributes describing wing geometry in real numbers: wing�����	��
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, etc.;� attributesdeterminingwing components:flaps,slots,etc.

Generic constraints

Genericconstraintsareexpressedat the classlevel. They define
relationshipsbetween:

� thevaluesof someattributesof theclass;asanexample,thethree
geometricattributesof awing
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� the valuesof the attributesof someof its components;for ex-
amplethe relation betweenthe wing masswith the massof its
components:. ����/
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In theimplementationwehavetwo typesof constraintsasfollows:

� pre-instantiationconstraintshelp to prunethe searchspaceand
avoid to considerwrongoptionsduringtheproductinstantiation;
thereis only asmallnumberof constraintswhichcanbeexpressed
in thisway dependingon thestructuralchoicesfor aninstance;� post-instantiationconstraintsareusedto verify the instance’s at-
tributesconsistency duringtheproductinstantiation.

Using the inheritanceproperties,all of constraintsin a classare
alsoappliedto all of classspecializations.

2.1.2 Instancesascomponents

Therearetwo typesof instances:

� generic instancesresulting directly from the instantiation of
classesusingtheproductinstantiation;� instancesmodelingexisting componentsor ComponentsOn The
Shelf (COTS) whereall of the attributeshave a fixed value (at
leastthosedescribingits structure);theseinstancesarerecorded
in abaseof components.

After a productinstantiationof an item representedby a generic
classmayresultin a genericinstanceor a componentin COTS.But,
an item representedas non sizeableclasscan only be instantiated
in one of a componentin COTS. COTS can be usedto perfectly
representthe componentsnon-customizable.In aircraft design,the
enginesareusuallyconsideredasCOTS.

2.1.3 Specificconstraintsasdesigner’smodel

A model is associatedto the classto be instantiated.It determines
a setof basicrestrictionsexpressedin unaryconstraints.The con-
straintsdefinedin amodeltakesinto accountthedesignrequirements
andthedesignerpreferences.

A modeldescribes:
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� therequirementsimposedto theproductor its components;in civil
aircraft designdomain,a requirementcanbe the typical aircraft
flight mission,aircraftcapacity, etc.� explicit designerpreferences,suchasa simple trapezoidalwing
plan-formor doortypeselections.

2.2 The synthesisfunction

The secondmain part of our systemis the synthesisfunction.This
function is in charge of the productinstantiationi.e. to instantiate
theclasscorrespondingto theproductusingtheavailableknowledge
andproductmodel.Here,we find theconnectionbetweenCSPfor-
malismandthe object-orientedproblemrepresentation.During the
instantiationof a class,a variableis associatedto eachattribute.An
instancecanbeconsideredasa setof variables.

A synthesisfunctioncanbeexpressedasbelow:

8 �+�9�#���:�-����&'�9;����
<����9�=��>�?@� 2 �����A
"B$07�1�!��
"C'��D��!0=
"B�� 2 ���!E
It buildsa setof instancesof theclass

B$07�1�!�
, with:

� ?@� 2 �����
: thesetof classesin genericknowledge;� CF��D��!0

: a setof constraintswhich representthe designerprefer-
encesanddesignrequirements;� B�� 2 ���

: a setof re-usedcomponentsin COTS.

The last two entriescan be empty. When both are empty, only
genericinstanceswill beconsidered.Otherparametershavebeende-
finedto limit thesearchto thefirst

�
solutionsor within a time limit

andto usedifferentlevelsof constraintpropagation.

The set of available classesand COTS implicitly describesthe
product instantiationsearchspace.Techniquesutilized to explore
the searchspacein synthesisfunction arebasicallytreesearchand
constraintpropagationtechniques.During theproductinstantiation,
searchin thesynthesisfunctiontakesinto account:

� designchoicesexpressedin classdescriptions:choiceof a class
amongseveral possiblesclassesdefinedin a domain attribute,
choiceof acomponentin COTS,finite domainattributes,etc.� the choicebetweenreusingan existing componentin COTS or
building a new genericone;� otherchoicesrelatedto the managementof propagationover in-
tervals.

Dependingon thecomponentsetandthemodel,thesamesynthe-
sisfunctioncanbeusedto:

� validateanexisting conceptusingonly non-sizeableclasses;this
canbeinterestingto verify weathera proposedconfigurationsat-
isfy theproductrequirements;� definenew concepts: genericclassesareauthorizedandthesetof
componentsis reducedto thesetof COTS.

2.3 Implementation

We chosea constraintprogramminglanguageto be our supporting
language.Thecontinuousdomainsis usefulto expressthe sizeable
propertieson an item. Two languages,althoughnot fully equivalent
are selected:Prolog IV [4] andEclipse [8]. In our observa-
tions, Prolog IV is more powerful than Eclipse in termsof
constraintpropagationmechanism,but is muchslower asfar aspure
searchis concerned.

Theapproachcombiningconstraintsandobjectsbearssomesim-
ilarities with theideaimplementedin theClaire language[11, 7]
(notionsof parameterizedclass,abstractclass,settypeattributeetc.).
But asClaire doesnotprovide,presently, constraintsover realin-
tervals, this option hasbeendiscarded.In our opinion, it is easier
to addbasicobject-orientedfeaturesadaptedto our needsin an ex-
isting constraintprogramminglanguagethanto developanefficient
constraintpropagationmechanismover an existing objectoriented
language.

To avoid aprematurechoicebetweenany constraintprogramming
language,we defineda kind of meta-languageto express:

� genericconstraintexpressions;� genericpredicatesdefiningclassesandattribute;� genericpredicatesaccessingattributevalues;� genericpredicatesto controltheproductinstantiationprocess.

Both constraintprogramminglanguagechosedo not supporta
graphicalinterface.To overcomethis disadvantage,web-basedutil-
ities suchas Netscape,HTML, Javascript,Perl/CGI and Wais are
used.

The resultingsystem,still underimprovements,wasusedfor the
civil aircraftsdesignstudies[16]. It is currentlyusedfor a designof
High Altitude Long EnduranceUnmannedAerial Vehicles(HALE
UAVs) [5].

UAVs designis an interestingdomainfor configurationsincean
UAV can be more or less tailored for the applicationdepending
mainly on the type of sensorsto be loadedand the flight mission
characteristics(range,endurance,altitude,etc.).

ThecurrentUAV domainis organizedsuchthatdifferentaircraft
typescanbe considered:classicalconfigurationplane,flying wing,
airplanewith acanardwing,etc.Differentpropulsionsystemsarede-
scribed: pistonengines,turbojets,electricmotorswith solararrays
or batteries,fuel cellsaswell asdifferenttypesof sensors: electro-
opticalcameras,syntheticapertureradars,spectrometers,datatrans-
missionrelays.This domaincanbeeasilyextendedby filling up the
domainknowledgeby otherclassesincludingmoregeneralclasses.

2.3.1 A smallexample

Let bethedomainconsideredconsistsof thefollowing classes:

propulsion::
[[engine,instance(engine)],
[nb_engines,oneof(1,2)]].

engine::
[[consumption,interval(0.0,10.0)]].

turbomachine(engine)::
[[thrust,interval(0.0,100.0)],
[bypass_ratio,interval(1.0,10.0)]].

turbojet(turbomachine)::
[[thrust,interval(0.0,10.0)],
[bypass_ratio,1.0],
[consumption,interval(0.0,8.0)]].

turbofan(turbomachine)::
[[thrust,interval(0.0,50.0)],
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[consumption,interval(0.0,5.0)]].

piston_engine(engine)::
[[power,interval(0.0,100.0)],
[r_propeller,interval(0.7,0.9)],
[d_propeller,interval(0.0,3.0)]].

abstract([engine, turbomachine]).

We supposethat the engine andturbomachine classesare
abstract.turbomachine andpiston_engine are classesre-
sulting of a specializationsfrom the classmotor andturbojet
and turbofan are specializedclass from the classturboma-
chine. A specializedclassis allowed to have a refinedattributes
domainsfrom its motherclassasfor theclassturbojet.

Withoutany specificconstraint,six solutionsarebuilt by thesyn-
thesisfunction:s-1, s-2 with turbojet,s-3, s-4 with turbofan
engineands-5, s-6 with pistonengine.

s-1::[[engine,tj-1],[nb_engines,1]]
s-2::[[engine,tj-2],[nb_engines,2]]
s-3::[[engine,tf-3],[nb_engines,1]]
s-4::[[engine,tf-4],[nb_engines,2]]
s-5::[[engine,pe-1],[nb_engines,1]]
s-6::[[engine,pe-2],[nb_engines,2]]

with thecomponents:

{tj-1,tj-2}::[[consumption,[0.0,0.8]],
[thrust,[0.0,10.0]]]

{tf-3,tf-4}::[[consumption,[0.0,0.5]],
[thrust,[0.0,50.0]]]

{pe-1,pe-2}::[[consumption,[0.0,10.0]],
[power,[0.0,100.0]],
[r_propeller,[0.7,0.9]],
[d_propeller,[0.0,3.0]]]

If we adda constraintat themotorisation statingthat if two
motorsareconsidered,they canbeonly turbojets,

not((M.nb_engines = 2),
((M.engine.class = turbofan)
;
(M.engine.class = piston_engine)))

the previous solutionss-4 ands-6 will not be built becausethey
will notbeconsistent.

3 Dealing with uncertainty

After presentingoursystemin theprevioussection,in thissectionwe
describeour approachto dealwith uncertaintyin conceptualdesign,
theearliestphasein designactivity. Webasedourproposedapproach
on CSPframework. We begin by observingtwo kinds of variable
natures.

While representingadesignproblemasaconstraintsatisfactionor
constraintoptimizationproblem,all thevariablesdonotrepresentthe
samething. Someof themrepresentpossibledesignerchoices.One
saysthatthey arecontrollable.Someothersrepresentuncertaintyor

imprecision.Onesaysthat they areuncontrollable.But sucha dis-
tinctiondoesnotexist in thestandardCSPframework. Botharedealt
with thesameway.

Thereareat leasttwo extensionsof theCSPframework thataim
atdealingwith uncertainty:
� Probabilistic Valued-CSP [20] associateswith eachconstraint

(or eachcombinationof values)a probability of existencein the
realworld (or probability to be forbiddenin therealworld). The
objective is then to find an assignmentfor all the variablesthat
maximizesits probabilityto besolutionin therealworld;� Mixed-CSP [9] explicitly distinguishescontrollableanduncon-
trollablevariables.Theobjective is thento find anassignmentfor
all the controllablevariablesthat is a solution whatever the as-
signmentof the uncontrollablevariablesis. But, if a probability
distribution is availableon the domainsof all the uncontrollable
variables,theobjective canbe,asin theProbabilisticValuedCSP
framework, to find anassignmentfor all thecontrollablevariables
thatmaximizesits probabilityto besolutionin therealworld.

Both extensionsonly differ in theway of expressinguncertainty:
in the first framework, uncertaintyis associatedwith constraintsor
combinationsof values,while variablesanddomainsare the same
as in the standardCSPframework; in the secondframework, un-
certaintyis associatedwith valuesof uncontrollablevariables,while
constraintsarethesameasin thestandardCSPframework. At least
theoretically, any problemexpressedin oneof theabove frameworks
canbeexpressedin theother.

To dealwith uncertaintyin designproblems,wechoosethesecond
framework basedon thedistinctionbetweencontrollableanduncon-
trollablevariables.Usingthegenericmodelpresentedpreviously:

1. weexpressthisdistinctionin thedefinitionof theclasses;thenany
variableinvolvedin adesignproblemis eithercontrollable,or not;
it suffice to stateweatheranattributeis controllableor not;

2. we usethis distinctionto provide the designerwith useful infor-
mationabouttheconsistency probabilityof thecurrentproblem.

Wewill seethatsuchanextensiondoesnot imply any changeneither
in thegenericmodel,nor in thesynthesisfunctionpresentedabove.

3.1 Controllable variables

Here,controllablemeansthat theassignmentof a valueto thevari-
able is underthe control of the designer. We can distinguishthree
typesof controllablevariables:
� designvariables:they physicallydescribethedesignedproduct;in

theexampleof section3.4, theattributesrepresentingwing span,
thewing area,thelift coefficient,andtheaircraftdragdueto sur-
facefriction areall designvariables;� evaluationvariables:they characterizetheperformanceof thede-
signedproduct;in thesameexample,theattributelift-to-dragratio
is anevaluationvariable;� intermediatevariables:they areusedto simplify theproblemex-
pression;still in thesameexample,theaspectratioAR is aninter-
mediatevariable.

3.2 Uncontrollable variables

Onthecontrary, uncontrollablemeansthattheassignmentof avalue
to thevariableis not underthecontrolof thedesigner. This maybe
dueto thepresenceof:
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� imprecisionor uncertaintyin theavailabledesignknowledgei.e.
in itemmodelexpressedin classes;� imperfectlyknown environmentfactors;someinputsmaybeim-
preciseor uncertain;� otherdesignerdecisionsin adistributeddesigncontext.

3.3 Proposedapproach

Wemake thefollowing assumptions:

� uncertaintycan be modeledas a probability distribution on the
domainof eachuncontrollablevariable;� all theuncontrollablevariablescanbeconsideredasindependent.

Using the constraintpropagationmechanism,during the product
instantiation,controllablevariableassignmentsarepropagatedin the
wholeproblemandmayinducedomainreductionson theuncontrol-
lable variables.The smallerthe sizeof the currentdomainsof the
uncontrollablevariables,the smallerthe probability of existenceof
a realsolutionin thecurrentproblem.We simply proposeto usethe
sizeof the currentdomainsof the uncontrollablevariablesto com-
puteanupper-boundontheprobabilityof existenceof arealsolution
in thecurrentproblem.

More formally, a
BG�AHI&J>%KL
 ?M
"H$��

B$
�NLE

is defined:
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Underthe independenceassumption,
N

is anupper-boundon the
probabilityof existenceof a real solutionin thecurrentproblem.If
we make thefollowing assumptions:

� for eachuncontrollablevariable,the probability to take its value
in its initial domain(beforesynthesis,i.e. beforeconstraintprop-
agationandtreesearch)is equalto 1;� for eachuncontrollablevariable,theassociatedprobabilitydistri-
bution is uniform.

N f
is simply the ratio betweenthe sizeof the currentdomainof| f

andthesizeof its initial domain.
N

is consequentlyvery easyto
computeat any stepof thesynthesis.

Moreover, by associatingeachuncontrollablevariablewith one
item (productor component),suchan approachcanbe easily inte-
gratedin theobject-orientedframework.

3.4 A problemexample

We take anexampleof UAV designfor cruisingflight. Thedesigner
hasto determinea wing placementwith regardon aircraftbodythat

hasgoodaerodynamicpropertiesby consideringthewing geometry
uncertainty. In thisexamplethewing placementis representedby the
lift coefficient variable.

Here,we considertwo sizeablecomponents: aircraft component
and wing component,where the wing componentis a subpartof
aircraft component.Below, we define the wing and aircraft
classes.

Thewing classhasthefollowing attributes:

� wing span:span� wing surface:area� wing Oswald factor:oswald

TheOswald factoris a parameterrepresentingthelift distribution
alongthewing. It is affectedby many otherspecificwing parameters
suchastwist angledistribution andwing airfoil distribution. In the
earlystagesof design,this informationis notavailable.Onecancon-
sidertheOswald factorasanuncontrollablevariabletakingits value
over a given interval. In this example,we take an interval between
0.7and0.8.Thereis noconstraintin thewing classdefinition.

Theaircraft classhasthefollowing attributes:

� aircraftaerodynamicpropertyrepresentedby thelift-to-dragratio:
lift_to_drag� aircraftlift coefficient:c_lift� aircrafttotal dragcoefficient:c_drag� aircraftsurfacefriction dragcoefficient:c_drag_fr� aircraftwing component:ac_wing

Theaircraft classcontainsconstraintsbetweenthesevariables
andthevariablesin thewing class.In this examplewe assumethat
thesurfacefriction dragcoefficient doesnot dependon thewing ge-
ometryvariation.

wing::
[[span, interval(0.0,10.0)],
[area, interval(0.0,20.0)],
[unc(oswald), interval(0.7,0.8)],
[alpha, interval(0.0,1.0)]].

aircraft::
[[lift_to_drag, interval(0.0,20.0)],
[c_lift, interval(0.0,1.0)],
[c_drag, interval(0.0,1.0)],
[c_drag_fr, interval(0.0,1.0)],
[ac_wing, instance(wing)],
[alpha, interval(0.0,1.0)]].

The predicateunc(X) definesX as an uncontrollablevariable.
Thefollowing constraintsareexpressedat theaircraft level:

aircraft_constraints(Aircraft)
{
Wing = Aircraft.ac_wing
Sp_2 = power(Wing.span, 2.0)
AR = div(Sp_2, Wing.area)
Cl_2 = power(Wing.c_lift, 2.0)
E = Wing.oswald
K = product(pi, AR, E)
CDi = div(Cl_2, K)
Wing.c_drag = plus(Wing.c_drag_fr, CDi)
}
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Aircraft is a variablerepresentingthe currentinstancebeing
built, power, div, plus, product belongto thesetof basiccon-
straintsdefinedin thelanguageandpi refersto thevalueof

i
.

Letusassumenow thatthedesignerhassetsomecontrollablevari-
ablesandexpressedhis preferences(in IU metrics)in the following
aircraftmodel:

Aircraft.ac_wing.span = 6
Aircraft.ac_wing.area = 4.2
Aircraft.c_drag_fr = 0.02
Aircraft.c_drag <= 0.0285

Let us supposethat the designerhastwo designalternatives to
compare:

1. Aircraft.c_lift = 0.4
2. Aircraft.c_lift = 0.42

After runningthesynthesisfunction,wefind thefollowing results
for thelift-to-drag ratio, theOswald factorandthe

N
parameter:

First alternative:

Aircraft.lift_to_drag in [14.04..14.59]
Aircraft.ac_wing.oswald in [0.7..0.8]
Aircraft.alpha = 1.0

Secondalternative:

Aircraft.lift_to_drag in [14.73..14.90]
Aircraft.ac_wing.oswald in [0.77..0.8]
Aircraft.alpha = 0.3

An aircrafthasa betteraerodynamicpropertywhenit hashigher
lift-to-drag ratio. Thedesignermaythenchoosethesecondalterna-
tive becauseof its higherlift-to-drag value,but this solutioninduces
a lower valueof theupper-boundon theprobabilityof existenceof a
solution,i.e. a higherrisk. Thus,a prudentdesignermaychoosethe
first alternative insteadof thesecond.

4 Conclusionand perspectives

We have presenteda genericapproachfor configurationanddesign
which associatesobject and constraintprogrammingtechnologies.
Thebasicschemehasbeenextendedto dealwith someof theuncer-
taintiesa designermayencounterin theearlieststagesof design.

Possiblefuture developmentscould considerthe introductionof
dynamicparameters.Suchparametersmayalsosupportprobabilistic
aspectslike the probability that a given characteristictakesa given
valueat a given point of time. Modeling suchknowledgewill help
to addressprospective designandgive answersto questionssuchas:
is it possibleto designa productwith a given level of performance
within agiventime horizon.

Other developmentscould consider the “compilation” of the
knowledgebase.Oncethe domaindescriptionis stable,the actual
synthesiscouldbereplacedby a moreefficient version,by “compil-
ing” thesetof classesandproducinga constraintprogramwhereall
designchoicesare for exampleexpressedasdiscretedomainvari-
ables.This would allow theuseof morepowerful propagationtech-
niquesandhelpsto definespecificdesigndomainconfigurators.
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