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Abstract

In mary domains,planning and schedulingproblemshave

beenconsideredseparately This historical decomposition
leadsto sub-optimalsolvingmethodsastaskschedulingand

planning shareimportantsub-problems.In fact, on practi-

cal examples,thereis no reasonto separateoordinationof

activities and synchronizatiortasks. Furthermore resource
usageis not only relevant for task schedulingproblems but

is alsostrongly affectedby planningdecisionsn real-world

problems.This papeproposes ConstraintModel-Basedp-

proachto concurrentlytackle planningandschedulingprob-

lems. We shav how constraint-basetbrmulationscantake

adwantageof flow modelswidely investigatedn the opera-
tion researclcommunity Our approachextendsthis model

classificatiorin orderto derive bothtiming constraintandre-

sourceconsumptiorfor eachtransitionof the plan. There-
fore, schedulingconstraintsnvolving precedencegxclusive

disjunctions,and resourcecapacitylimit canbe statedover

the setof timing andresourcevariables. On aeronauticand

spatialexampleswe demonstratéow this approachenables
problem-dependespecializatiorandincreasegplanningand
schedulingefficiengy. Lastly, by using real-world problem
experimentationsywe shav how the approachsupportdocal

/ globaltrade-ofs while designingsolvingmethods.

Intr oduction

Today plannersand schedulersare commonlyusedas off-
line toolsthatsearchor optimisedsequencesf actionsand
tasksto berealizedin agivenfuture. Ontheonehand plan-
ning aimsat defininga tasksetthatwould performa given
goal. On the other hand, schedulinggenerallyaddresses
thetimeline of a fixedtasksetwhile satisfyingavailablere-
sourcesandprecedenceonstraints Many applicationscan
be traditionally found in industry resourceplanners,skill
planningfor humanresourcesfactories airportsandpower
plantmanagementThesesystemgequireinteractionswith
humanexpertswho are generallyguaranteeinghe consis-
teng/ betweerplanningandscheduling.

The rise of on-boardautonomyin spaceand aeronau-
tics domains(Muscettold998)(Allo & al. 2001)andsmart
matter systemsfitted with hundredsof sensorsand actua-
tors(Fromherztal. 1999)aredriving planningandschedul-
ing functions. In fact, the humaninteractionsdecreaseas
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the compleity of embeddedystemsncreasesTherefore,
mostof the planningand schedulingapproacheshat have

beenconsideredseparatelyin the pastmust be nowadays
tackled simultaneously Thosesystemswill also have to

dealwith restrictedon-boardresourcegenegy for space-
craft, kerosendor aircraft,numberof sensorsandactuators,
processingand communicationcapabilities,etc). Manage-
mentof theseresourcess a critical point, asthey arealso
potentialsourcesf systemfailures(Poncegtal. 2001).

Comple task schedulinghas beena major areaof in-
vestigationwithin the constraintprogrammingcommunity
sinceit is representatie of an NP-difficult problemclassfor
challengingConstraintLogic ProgrammingCLP) capabil-
ities(AggounandBeldiceanul 993)(\VanHentenryck1995).
CLPlanguages(J&drandLassez1987)canbeviewedasan
extensionof Logic Programmingoneswhereunificationis
replacedby constraintsatishction. Logical predicatescan
be constraintsinterpretedin a mathematicaklgebra. The
mostwidely spreacbneaddresseBinite Domains(FD) of Z
with all its classicabperatorq +, —, x,=, >} andis denoted
CLP(FD). Consideredthroughoutall the paper this lan-
guagehasbeenshavn to beapowerful framework for devel-
oping complex operatorsaswell asglobal constraints(Ag-
gounand Beldiceanu1993)well-suitedfor disjunctive and
cumulative schedulingproblems. In fact, the composition
of constraintghroughlogical connectorandquantifiersen-
ablesoneto addressvide, large-scaleclasse®f combinato-
rial problems(Dincbastal. 1990)(Jourdai995)(Fromherz
etal. 1999).

By taking advantageof CLP compositionality modular
ity andgenericity ConstraintModel-basedProgrammings
a practical approachto keep both problem representation
and solving methodtractable(Sarasat et al. 1993)(Jour
dan 1995). The modelling method capturesproblemin-
variantsby recursvely decomposingheglobalprobleminto
sub-problemsuntil predefinedconstraintgglobal complex
andelementaryconstraintsican be expressed.As a conse-
quenceglobalsearchstratgies,combinedwith branchand
boundoptimisationalgorithms,are easierto elaborate us-
ing structuredknowledgeof the probleminvariants,model
structure andcomposition.

Following this approach,we proposea flow-basedfor-
mulationof planningproblems extractedfrom the stateof
theart in OperationResearci{OR). More generally graph



pathalgebrais a powerful way to modelpracticalplanning
theoriesandprobleminstances(GondraandMinoux 1995).
This approacloffersa straightforvardandnaturalformula-
tion of constraint-basegdathplanning,asthe problemstruc-
ture matcheghe physicalstructure Also, modelswith mul-
tiple flows andweights,which areknown to be difficult us-
ing OR techniquesgcanbe efficiently addressedMoreover,
an importantfeatureis the associatiorof a closedform of
transitiontimesin orderto derive classicalschedulingcon-
straints. On two representatie examplesof planningand
schedulingunctions,designedor spacecrafformationfly-
ing andmilitary aircraft missionsthe approachs resistant
to domaindependenspecializationn spiteof thenumerous
additionalconstraintdo consider Examplesareaircraftdy-
namicsandinteroperabilityfor aeronautiamissions,orbital
manoeuvresor spaceaswell asspecificresourcesitiliza-
tion for bothdomains.

This approachs globalin mary ways,on bothmodelling
andsearchstrateyy sides. However, on practicalexamples,
this global optimisationyields severalwaysto breakup the
global searchstrat@y into several smaller structuresthat
performa morelocal solutionexploration. As a side effect
of the approachexperimentsshav thatseveralincremental
searchtechniqueganbedesignedrelying on heuristicsand
thedecompositiorof the problem.

The paperis organizedasfollows. In afirst part,generic
modelsto handleplanningandresourcananagemerdrein-
troduced. Then,two specialization®f theseconstraintson
real-world problemswill be assessedhefirst onerelieson
aircraftmissionplanningandthe secondonespacecrafau-
tonomy Several experimentalkresultswill be givento shav
thattheglobalapproactallowsto achievelocalreasonindpy
scaling-upthe problem. Before concluding,relatedworks
will beaddressed.

Constraint-basedmodelsfor planning multiple
complexactivities

This sectionexplainsthe possiblecompositionof pathplan-
ning and schedulingmodelsin a constraintprogramming
framawork. Disjunctive andprecedenceonstraintsarefor-

malizedusinga graphflow model. The modelsintroduced
arehighly genericandcanbeinstantiatedn mary wayson

real-life domains.

Planning asflow constraints

Theplanspacss representedsagraphG(X,U) wherethe

setof edgedU is representingtatesandthe setof vertices
X transitions'. Thegraphis consideredsacyclic. Furgther
modelspecializationshav how to relaxthis assumptiorac-

cordingto problemstructure. A given pathof states,also
calledanactvity, is definedby the setof positive flows (1).

Flows arerepresentetly variablesp, € {0,1}, andtheedge
u belonggo thepathif andonly if variableq, is instantiated
to1l.

*={@ueU, g,=1} D

1in the remainingof the paper a vertex is denotedx, while an
edgecanbedenoteckitheru or (x,x')
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Figure 1: Exampleof positiveflow (bold arrows)and asso-
ciatedweights{0, 3,5, 7} througha graph.

¢Fromaninitial stateto a final state,pathconsisteng is
assertedby thefollowing constraintswherew™ (x) C U and
w~(X) C U areoutgoingandincomingedgesfrom vertex x,
respectiely.

w=1 (2

u e w (end

w =1

u € wt(sart)

vx e X\ {gart,end}, Z o= Z w<l (3)
ue wh(x) ue w(x)

Equation(3) ensuregpathconnectvity andunicity while
equation(2) imposedimit conditionsfor the extremitiesof
thepath.Thisconstraingivesalinearchainalternatingran-
sitionsandstatesalongthegraph.

When a given weight wy is associatedvith an edgeu,
thewell known pathlengthformulation(4) oftenaddressed
in OR (GondranandMinoux 1995)expressesveightsw(x)
alongpathtransitions(seeexamplein figure 1):

Yx e X,
W(X) = Ox %) (W(x’,x) + W(XJ)) 4)
(X,X) € W (x)
YueU, w, €Z (5)

Thesetof transitionweightsthatbelongso anactiity (data
measuremenigoal realization. .) is expressedasfollows

(6):

VX, tx = min(1,w(x)), W ={w(x)| xe X, ty=1}  (6)

wherety statesvhethertransitionx is partof the plannedac-
tivity. For instanceweightsw, canrepresentime, physical
distance or resourceconsumptionso that associategaths
may corresponaespectiely to planduration,pathdistance,
or overallconsumption.

These constraints define a path algebra denoted
{N,®, x,¢,e}, where e, ¢ are neutral and null ele-
ments. Becausewe are interestedin generatingpathsas
plan solutions, @ is the classical+, € = 0 and e = 1.
It is importantto note that + is not idempotent,so that
mary OR resultscannotbe applied. Thus, without loss of
generalityit is possibleto expressformulae(3, 2 & 4) using
operatorof a ConstraintProgrammindanguage However,
real-life planning and schedulingproblemsnecessitateo
dealsimultaneouslyith differentresourcesdistancesand
time representationdgadingto more complex constraints
involving w(x) and/orseveralweights.



Figure 2: Exampleof multiple paths(bold arrows)and as-
sociatedweights {0,3,5,7} and {1,2,7,8,10} through a
weightedgraph.

Predicatesfor constraint-basedplanning

For mary problems,suchasplanningfor multiple collabo-

rative agents,genericconstraintschemesre necessaryor
defining transition synchronizationscoordination,and in-
teroperabilityrequirements.To formally definethosecon-
straintpredicateswe needto considersimultaneoushymul-
tipe paths,representedsa setof actiities {®y }g andtheir
associatedveights {W}g. Wherek € {0,...n} is a given

actiity (seeexamplefigure 2). By allowing multiple paths,
whentheweightsrepresentime, activitiesmaybeconducted

in parallel.

Most of the genericconstraintglefinedin this sectionare

compositionand/orspecializatiorof several constrainty7)
describinga causalitybetweentwo verticesx andx’ of dif-
ferentactiities k andk'.

vk, K/ causalk,x, K, X,c) = W(X) >wWge(X)+¢c (7)

wherec € N is eithera constanbr avariable.

By introducingtheseconstraints,it becomesvery diffi-
cult to take advantageof OR techniquesasedon pathal-
gebramulticommodityflows or linear programming How-
ever, specificconstraintcanbe designedo solve thosedis-
junctions. By combining (@, x) formula and disjunctive

constraintspnecansolve comple planningandscheduling

problemsinvolving severaldisjunctions.

Anothersetof planningconstraintsaddressesonditions

onverticesweights.For agivenvertex, conditionson differ-

entactiities mayconstrainveightsof outgoingor incoming
vertices.For example,constraint(8) imposesequalweights

on outgoingverticesx’,x” from transitionx, opposedo (9).

vke {0,...n}, VX, X"/ (%,X),(%X") € U, w(X) = wi(xX")
(8)
VK€ {0,...n}, aldif (w(x)) 9)

xX')eu

Constraint¢8) and(9) illustratehow elementanCLP uni-

fication and disequation(Dincbast al. 1990¥ canbe used
for planning.Obviously, asshavn in furtherexamplesmore
comple constraintsmay be applied on ingoing/outgoing

edgesf thegraph.

2Theconstrainialldi f f (V) specifieghatall variablesin theset

V haveto bedifferent.

Predicatesfor constraint-basedscheduling

When the weight definesa temporal metric, mary con-
straintscanbe definedasmultiple compositionandspecial-
izationsof constraint(7).

e Disjunctive transitions

In mary casessuchas multiple vehicle trajectory plan-
ning or exclusive resource handling, exclusion con-
straintscanbe associateavith transitions.The predicate
exclusivek, k', x) specifieghattransitiontime (resp. dis-
tance)on x areexclusive for activities k andk’ (12).

vk, K'/ exclusivek, k', x)
& causalk,x,k,x,1) v causalk,x,k',x,1)
P = min(t, ) (12)

This constraintis usefulto specifytemporal(resp. spa-
tial) exclusion when two actvities hold the sametran-

sition (suchthat in figure 2, if weightsare correspond-
ing to timing information). The 0-1 variable py states
whetherbothk andk’ triggertransitionx. This additional

variable complementghe usual formulation of disjunc-

tive constraintsn taskschedulingproblems(Aggourand

Beldiceanul993).

e Orderedransitions

Thepredicatepred(k, k', x) specifiegshattheweightfor k
is lowerthantheweightfor k' ontransitionx (13).

vk, K/ pred(k,K,x) < causalk,xk,x 1)  (13)

Hereagainwhentheweightdefinesatiming conceptthis
constraintis usefulto specifyinvarianttemporalcausali-
tiesbetweeractiities.

e Sametransitionsweight

The predicateeqk, k', X) specifieghattransitionweights
onx arethesamefor actiitiesk andk’ (14).

vk, K/ eqk,K,xX) = Wk(X) =W (X) (14)

Whentheweightrepresentime, this constrainbbecomes
asynchronizatiorpoint betweenractiity k andk’.

e Towardcumulatve constraints

Different kinds of cumulatve and capacitve resources
can be addressedusing the flow-basedrepresentation.
When consideringa given activity, the total (or cumu-
lated) weight of a path mustnot exceeda given limit L
(15). For agivenvertex x € X, thetotalamountof weight
mustnot exceeda given capacityC. If the edgeweights
areall positive, equation(16)is enoughpecausehetotal
weightincreasesnonotonicallywith thenumberof nodes
in the path(Gondrarand Minoux 1995). Whenthe edge
weightsare not all positive, then, the capacitymust be
checledfor eachtransition(17).



Yw(x) € W, w(x) < L (15)
wi(x) < C (16)
ke{0..n}

wi(x) < C a7)
ke{0..n§ 7ok (x)>d

vde |J d®),
ke{0..n}

In equation(17), eachd correspondso a particularevent
on vertex x, the setof datesassociatedo a givenvertex.
This last constraintsholdsthe samecompleity thancu-
mulative constraint(AggourandBeldiceanul993)in job
shopscheduling. A similar constraintset (15,16 & 17)
canalsobeformulatedfor edges.

Probleminstances

A planning and schedulingsolution subsequentlycorre-
spondto a partial or complete assignmentof variables
w(X), tx, Wy, @, accordingto the goalsto satisfy By us-
ing CLP capabilities,any subpartof the variablescan be
statically instantiatedand arny subpartof the modelscan
be solved accordingto the goal to satisfy Additional con-
straintsare addedby assigninga subsetof variablesor op-
timising a costfunction suchas pathweight like distance,
timing or a globalresourceconsumption.

Concurrent constraint solving

Planning and schedulingproblemsare modelled using a
constraint-basednultiple modelsapproach(Jourdat995;
Saraswat et al. 1993). Therefore,eachmodelrepresents
adifferentaspecbf thewhole problemandownsinternally
asetof variablesandconstraintssothatit canbe solvedei-
therindependentlyr commonlywith othermodels.Models
arecomposedy unifying partof their variablesandadding
inter-modelconstraintsHence concurrensearchstratagies
over several scheduling planningandresourcemodelscan
be implementedusing ask and tell operators(¥n Henten-
ryck etal. 1995)ascoordinatiormechanismBy usingthese
operatorsjt is possibleto freezethe solving over a model,
waiting for externalconstraintgo be entailed.For example,
concurrentsearchstratgjiesover multiple actvities andre-
sourcescan be designedby taking advantageof the graph
structure. Using a graphexploration, eachactity builds
aforwardsearchalongfeasibletransitions while satisfying
resourcesndschedulingconstraints.n practice few tran-
sitions are actually explored,dueto constraintpropagation
andearlyinconsistenpartial solutions.Many otherconcur
rentstrat@iescanbedefinedasshownn in the experiments.

Problem examples

Two probleminstancesvill beconsideredo illustratetheef-
fectivenes®f our approachThefirst oneis amilitary aero-
nautic problemwhereformationshave to coordinatethem-
selesto performastrike on a giventarget. Thesecondone
illustratestheapplicationof thegenericmodelto aspaceob-
senationproblemfor aspacecrafformationwhereresource
utilizationis critical.

Figure 3: Expertsolutiononthereal map.

Multiple path planning for air operations

The discussednodelhasbeeninstantiatedand specialized
for modellinganaircraftmissionplanningproblem.Thefo-
cusedair missioninvolvesmultiple formationswhich have
their own objectives. Moreover, overall missionobjectives
areachievzedthanksto coordinatedactionsbetweenforma-
tions. In the addressediomainof air missionplanning,a
completeplanis a setof edgedo fly by for eachformation,
constrainedy feasiblemechanicaparametergaltitude,air-
craftattitude,speed..), on-boardresourcegkerosenejam-
ming, decgs...), coordination, interoperability between
aircraftandby objectivesto achieve (imposedtime window
for corridorentry/exit).

Figure 3 describeghe missionernvironment. All forma-
tions are coming from the samenav point ;. Formations
F1 andF, mustcrosssimultaneousliyna pointss to perform
Suppressionf EnemyAir Defence(SEAD). Formations;
andF, mustcrossnav pointss, andthentake differentroutes
(resp.by s7, s10, S12 andsg, S12). Threatsarelocalizedin the
S, Sg zone,wherethe missionobjectie is (imposedas a
constraint).

Figure 4 shows missionobjectives. FormationF, must
crossnav points; befoe formationFs, to performa Battle
DamageAssessmen(BDA). In thesameway, to satisfysys-
tem inter-operability formationF3 mustcrossnav point s
before formationF,; crosseiav pointsg. Formationsk, F3
andF; mustescapdy nav points; 2 andformationF, by nav
points; 1. Thosemissioninteroperabilityrequirementhave
beenrepresentedising the coordinationformalisms(12 &
13).



Figure 4: Detailedview of threatsandtargets.

Extending planning formulations for realistic navigation

model In this context, the planningphaseconsistsn solv-
ing all themodels finding a routefor eachformationwithin

the setof possiblenavigation pointsto achieve the whole
mission. The graph G = (X,U) correspondgo possible
paths,whereX correspondso navigationpoints andU to

fly-by areas Linked navigation points are entry and exit

pointsof the definedarea. A transitionis a manoeuvreon
anavigationpoint anda statea nominalflight througha fly-

by area Themodelis extendedo considercomplex tactical
needs:holding patternswithin an areais allowed by intro-

ducingadecisionvariablefor eachedgeu e U: ¢, € N. The
formationcanhold onin anareaby flying backto theentry
point aftertheexit navigationpointhasbeenreacheddefin-
ing elliptic patterns However, the formationmustleave the
areathroughthe exit navigation point. Thusthe formation
canfly by the area2.c, + 1 times. The variablec, corre-
spondsto the numberof waiting cyclesperformedon the
edgeu. Whenu doesnot belongto the path,the numberof

waiting cyclesis zero(18):

YueU, @=0=c¢c,;=0 (18)

Severalweightsarespecifyingthe navigationmodel. For
instancelet s, bethespeedf theaircraftwhenflying along
the edgeu. The domainof s, correspondgo a discretisa-
tion of the continuousspeeddomain (tenth of machin the
implementedexample).

In addition,the modeltakesinto accountwo physicalas-
pectsof the air mission. The spatialrepresentatiomimsat
modellingthe staticgeographicamap of the areain which
the missiontakesplace. The threatmodel matcheghe en-
emy’s positions.

e Navigationpointsaredefinedwith theircoordinatesn the
three-dimensionapacesothatthelengthl, anda costof
fly in termsof kerosenegesourceareweightingthe edge
u. Constantsx, andy correspondo consumptiorchar
acteristicof the aircraftalongthe edgeu. Theseparam-
eterstake into accountaltitude, air pressureand covered
distance.

e The different formations are threatenedby a group of
groundair defencedistributed alongthe way to the tar
get. Eachaircraft canprotectitself from the enemyby a

limited ability to hide. Basedon air-grounddefencepo-

sitions, thisis modelledusinga self-protectionveight p,

cumulatechlongthemissionpathvertices.Oneachvertex

X, theself-protectiorused,cumulatedrom thebeginning
of thepath,mustnot exceedan availableamountP,. This

weightis computedaccordingto two componentslong
vertical and horizontal axis. Threatvalue is integrated
alongthesetwo axesaccordingto the distancebetween
thethreatsourceandthe edgevertices,andusingathreat
distribution law.

Problem dependentmodels as path weights specializa-
tion By introducingwaiting cyclesce, the genericcumu-
lative constraint(4) hasto be substitutedby the following
specializatiorn(19):

vx e X,
W)= [(P(x',x) 19)

(Xx) € w(v)
(Wt (209 +1) + ()|

Themultiple resourcemodelsareformalizedby replicat-
ing eq. (19), constraininghe weight formulation (15), and
substitutingthe following specificformulationsto the ver
ticesandedgesweights(resp.w(x) andw,).

e Self-protection
The self-protection p(x) on each vertex x is given
by directly substituting pxx) t0 Wixx) in eq. (19).
An additional limit constraintis also applied (20).

vxe X, p(x) <P (20)

e Timing
With the introduction of aircraft speeds, the
timing d(x) asthe flyby datesover eachnaviga-

tion pointx, leadsto considerthe following edge
weightdy (21).

VUE D, dy= [Iguj (21)

e kerosene

Lastly, whenconsideringC asthetotal availablekerosene,
the consumptiore(x) whenarriving to a navigationpoint
X, leadsto the following edgeweight ¢, (22). The con-
sumptionon eachvertex alsosatisfiesa givenlimit (23).

Yued, cy=ay+PBu-sy  (22)
Yxe X, c(x)<C (23)

Theaircraftperformancesarealsotakingadvantageof the
graphrepresentatiorhy constrainingadjacentedgesspeed
pairwise.

e Acceleration

For eachpair of adjacentedgesu and u’, we statically
calculatea new coeficienty, ) thatdependonthean-
gle betweenthe two edgesand the maximumaccelera-
tion worth bothto the cell structureandthe pilot. Speed



on successie followed edgesis thenlinked by the con-
straints(24):

Vu,u' / adjacert(u,u’),
(sv —su)-(sv +su) S W) (24)

e Turning

Similarly, we calculateanotherparametey,,s) thatalso
dependson the angle betweentwo adjacentedgesu
and U, and the aircraft turning capabilities. The av-
eragespeedduring the turn is approximatedoy 35

which is then constrainedwith y ), leadingto (25):

Yu,u' / adjacert(u,u’),
SutSy
2

Bothstaticparametergy,, vy andy(yyy arecharacterizing
aircraft performance®n the transition (u,u’). This model
couldbeeasilyrefinedwith additionalconstraintsetsmod-
elling other performanceaspectssuchas aircraft accelera-
tion andbrakingcapabilities.

Lastly, several constraintscomposedwith planningand
schedulingpredicateq7), (8) and(12-17) enableto define
tactical constraintssuch as exclusive or joint flyby of an
areausingdisjunctions(eq. (12)) or timing equalities(eq.
(14)), formation covering while entering,crossingor exit-
ing an area,and successie operationin an areausing (eq.
(13)). In all theseconstraintsthe useof a timing interval
[dmin, dmay remainsusefulfor definingminimumandmaxi-
mum delaysusing causalpredicategeq. (7)). Thewidth of
theinternval makesconstraintsnoreor lessflexible.

< Y(u,w) (25)

Experimentations In our approach,solving the global
problemcorrespondto along-termplanningfunctionwhich
is solved beforethe missionstarts. The problemundercon-
sideratior involves solving a conjunctionof all the mod-
els previously describedand minimizing a costobjective 4.

Onceafirst global plan hasbeendelivered,eachformation
leadercanrefineandadaptits own planaccordingto amore
accuraterepresentatiorof its immediateervironment. In

this case coordinationconstrainthave beenalreadysolved
in theinitial planandarerelaxedasa costobjectivefor each
formation. Startingfrom the initial global plan, eachfor-

mationcansolve incrementallyits own plan by minimizing
delayswith pre-plannedneetingdates.Then,scalabilityis-

suescan be addresseddecentralizinghe solving onto the
differentformations.

Theglobalproblemis decomposeéhto independensub-
problemsaccordingto the mission hierarchy When the
solvingtimeis limited, all theformationleaderscanbe des-
ignatedto solve locally easierinstanceshy recastingcoor
dinationconstraintsaasobjective function. On the opposite,
if animportanttime is allowedfor searchinga global plan-

3Experimenthave beenrunusinga SICStusPrologimplemen-
tationonaPentium400Mhzwith 128MB RAM.

4The costfunction canbetaken from cumulatize models,min-
imizing a critical data. A combinationof datacanalsobe usedin
caseof amulti-criterionobjective.

Coordination

— First (1200 ms), 3 sec late
= Optimal (16130 ms), 2 sec late

Figure 5: Planningand schedulingsolution updatesfor a
group of two formationsafter limiting resouces. Dots are
possiblevertices. Thefirst solution (in grey) is closeto the
optimalone(in black).

ning andschedulingsolution,a singleleadercanplan cen-
trally for all the formations,keepingall coordinationcon-
straints. Intermediatecasescan be consideredvhen some
sub-leadersolve the planningand schedulingproblemfor

differentsubset®of theformations.

Figure5 givesanexampleof distribution of the planning
proces®ntwo differentformations.Thetwo formationsare
nomoreexactly synchronizedbut they fly by their previous
synchronizatiorpoint with a shortdelay In this case,the
pre-plannedneetingdateswill be consideredasa heuristic
onthebestplanto guidethesearckor eachformation. This
heuristicis not optimal, sinceit removessolutionsfrom the
searctspacgthestratay is notcomplete) but quickly gives
solutionsandallow local reasoningschemes.

A globalcoordinationquality (26) canbe definedto eval-
uatesolutionseffectivenesemegingfrom thedecentralized
solving process.In this case the quality is a scalarproduct
definedasfollows:

q(t) = sc(t), (26)

where  is a probability of successvectoP and &(t) a
0— 1 vectorrepresentingoordinatiorconstraintyiolatedat
agivenmomentt of the solving process Becauséghe qual-
ity characterizetheglobalstateof thedecentralizedystem,
it cannotbe partof a costfunction, but only evaluatedstati-
cally over severalscalesof decomposition.

Realizedonto variationsof the specificationof an actual
strike scenario,experimentspresentedn figures6 and 7
shav worstandaveragecasesf quality measureaccording
to differentlevel of decentralization.Becausehe full de-
compositioninvolvesmorelocal explorations,solutionscan
be found incrementallyandfaster On the opposite,global
searchalwaysprovide completesolutions(with 1000f qual-
ity) but areslower.

Search strategy For this experimentationdecisionvari-
ablesarepathvariableqq,), waiting cycles(c,) andaircraft
speedqsy). Thevariableselectionis donein this order, so

5This is generallya predefineddomain-dependentector that
is out of the scopeof this paper
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Figure 7: Worst quality of planningand schedulingwith de-
centralizationtrade-ofs (timearein ms).

thatthe pathis entirely resohed beforea coarsegrain syn-
chronizationcan be donewith the waiting cycle enumera-
tion, andlastly refinedwith a speedadjustment.The vari-
ablesdomainenumerations donein increasingorder for
pathandcyclesvariablesandin decreasingrderfor speeds.

SpacecraftMission Planning and Scheduling
Problems

Planningspecializatiorfor spacedomainconsiders forma-
tion of spacecrafin adeepspacemission.This formationis
madeof lessthanaten of spacecraftflying closeonefrom
eachother (few hundredsof meters). The set of possible
trajectoriesthat can be usedby formation are represented
througha graphG(X,U) containingnavigationpoint joined
by transitiontrajectoryedgeqfigure 8).

Orbitography planning According to the specificity of
spacetrajectory the spacecrafformation can place itself
onto an halo orbit arounda celestialbody or virtual point
(likealLagrangepoint). This necessitate® introducein the
graph-basedepresentationpecificverticescalledorbit ver-
ticesin orderto modelorbital trajectories(8)(Guettierand
Poncet2000). Theseverticesare characterizedby a transi-
tion time (exit dateis differentfrom entry date)anda tran-
sition matrix M expressingthe time d(x,y) betweeninjec-
tion andextractionorbit points(GuettierandPoncet2001).

Theseenlagedgraphrepresentatiorllows oneto express
trajectorytimed modelfor the whole formation. However,

traditional verticesarealsoconsidere@snavigationpoints

They arecharacterizedby a dateof exit thatequalsthe date
of entry. Thisway, formationpathplanningalwaysrelieson

genericpathconstraintg2) and(3).

Trajectory #1,
ectory #1.

Orbit #2

Trajectory #2

Trajectory #2 B )
! 4 E C rO #3

Figure 8: Orbits selectionusingpath constiaints

Goal Scheduling Consideringhe spacedomain,goalsto

be realisedby a deepspaceformation are slightly differ-

entfrom aircraftmissiondomain.Goals(obsenation,mea-
surementsmanoeuvresearthcommunications..) haveto

be scheduledaccordingto time constraints(possibletime

realizationwindows), spacecrafpositionin spaceand, re-

source availability (electric power, fuel, on-board mem-
ory...). They canbe operational(i.e. goalsnecessaryo

theformationsafetyandlivenesspr missionoriented.Both

the numberof goalsrealizedand cumulatve resourcesre
representedising multiple weights(4) on the graphrepre-
sentation. Theseweightsare respectiely a 0 — 1 variable
specifyingthe realizationof a goal on a given vertex and
theamountof resourceconsumption/productioon anedge.
Exclusive resourcesare definedas disjunctive transitions
(12). Additionally, someof the goalsshall be realizedreg-

ularly accordingto a givenperiod,like communication®e-
tweenspacecrafformationandearthbasectontrol stations.
This is definedusinga causality(7) predicateanda period
of P:



vx, Xk, P, periodic(x,X,k,P)
& causalk,x,k, X ,c) Acausalk,X,k,x,c+P)  (27)

A goal also owns a priority level directly relatedto its
importancefor missionsuccessandlivenesgHigh priority
goalsaremandatory).This mechanisnmensureghat space-
craft formation security safety and livenesswill be pre-
senedateachmomentduringthe missionlife assafetycrit-
ical actionsareincludedin theplan.

Spaceplanning goals are scheduledalong the path deter
minedontothetrajectorygraph,but only ontoverticesof the
graph(Poncegtal. 2001)(28). Genericplanningconstraints
inheritedfrom predicateq7), (8) and (12-17) are usedto
constraingoalsexecutionontoagivenvertex of thegraphin
agiventime window.

vk, Vx; Letd(k,x) therealizationdateof k on x

if xis anorbit vertex then Ex < d(k,x) < S
else dk,x)=Ex=S (28)

WhereEy is thedateof entryontovertex x andS, is thedate
of leaving vertex x.

Obviously, it remainsnecessaryo determineall verticesand
edgespropertiesusing advancedtrajectographycomputing
modelsbeforestartingthe planelaboration.

ResourceAllocation  In orderto obtainafeasiblemission
plan, it is necessaryo representhe evolution of main re-
sourcesvaluesthroughtime, accordingto vehicle motions
and goal realization. Resourcdevels dependson the goal
affectationmodelthat specifieswvhich spacecrafof the for-
mationis involvedin which goalrealization.Thus,resource
consumptiormodelis instantiatedor eachresourcenf each
spacecrafof theformation.

Consideringesourceconsumptionit is necessaryo dis-
tinguishexclusive,cumulative andcapacitveresourcesThe
figure9 illustratesthe evolution of resourcegevelsfor three
differentresourcegnamelyR1,R2 andR3). R1is anexclu-
siveresourceR2 is a capacitve resourceandR3is acumu-
lative resource.

R1

| W au tme

Figure 9: Resouce consumptionexamplesaccoiding to
plan.

Cumulative resourceR1 evolves during plan execution
becausesomeof the weighttermscan be positive or neg-

ative accordingto planaction(eq. 17)°. Exclusie andca-
pacitive resourceconsumptiorareinterestingonly whenre-
alizinggoals.lt is thennecessaryo checkthe availability of

exclusive resourcesmeededor goalexecutionandthe suffi-

cientlevel of capacitveresourcefmvolvedin thisrealization
(like electricalpower, for instance).

Cumulative resourcemecessitateadoptinga different ap-
proach. Obviously, a goal will be feasibleonly if the re-
quiredresourcesreavailableatthe startingdateof thegoal,
solevel of resourceshallbeknown beforeeachgoalexecu-
tionin orderto stateits possiblerealization.

VR | required(k,R,N)
Ir e R r(d(k,x)) >N
(29)
Constraint(29) expresseghat an actiity k will be feasible
on a vertex x at a dated(k,x) if andonly if for eachclass
of resourceof classR neededo realizek it existsa physical
resource € R suchthattheamountof r atdated(k,x) is a
leastequalsto thelevel N requiredto realizek.

Obviously, levels of resourcemustalso be known after
eachgoal executionin orderto computeremainingpartsof
the plan. Moreover, the cumulative resourcdevel shall also
be expressedvhencomingon andleaving out eachvertex
of theformationpathinto thetrajectorygraph.

rs(Ex) = | (rs(Se) — () x 3] (30)

u=xxewy

Equation(30) expresseshe valueof resource of space-
craft s when enteringon vertex x at date Ex asthe value
rs(Se) of theresourcevhenexiting from the predecessaxr
of x in the path,minusthe valueA¢(u) of resourcespenton
the edgeleadingfrom X' to x. Constraintexpressingvalue
of acumulative resourceébetweertwo goalsexecutionlooks
like (30) exceptthatit mustexpresspossibleresourcevalue
accordingo all possiblegoalsscheduleintroducingnumer
ousdisjunctions.

vk, Vx, feasibe(k,d(k,x)) < {

Experimentations In this example, mission plans have
beensearchedor a single spacecraftfor a formation of
two spacecrafandthenfor a formation of four spacecratft.
Several planning experimentshave beenrun requiring the
schedulingrom 10 andup to 100 goals. Experimentshave
beendivided into two classes the first one including re-
sourceconstraintgfigure 10), thesecondnewith exclusive
constraintnly (figure11). Constraintresourcefiave been
statedin this examplesfor cumulative resourcegmemory
andpropellant),capacitve resourcegelectricalpower) and
exclusive resourcg(payloadinstrument).Both experiments
include mode synchronizationconstraintsfor the 2 space-
craftand4 spacecrafformations.

Figuresreportedin 10 and11 show thatsolving duration
doesnot explode accordingto the numberof goals. This
is dueto the multiple constraintpropagationdetweenthe
differentweightsof the global problem. Lik ewise schedul-
ing problems,cumulative resourcegeneratamoredifficult

8For instance on-boardmemorycanbe consumedoccupied)
whenrealizingobsenationandfreedwhenuploadingdatato earth
stationor transmittingresultsto anotherspacecraft.
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Figure 10: Planning and schedulingwith cumulativeand
exclusiveresouces.
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Figure 11: Planningandschedulingwith exclusiveresouce
only.

problemsthan exclusive oneg. Thoseexperimentsshav
that decentralizingthe searchaccordingto the numberof
spacecrafts moreinterestingvhendealingwith cumulatve
resourcesnd large setof goals. Hence,without changing
themodelling,differentsearctstratgjiescanbedynamically
selectedaccordingto planning and schedulingparameters
(numberof goals,spacecrafttesourceproperties).

Search strategy The stratgy usedto solve theseprob-
lem instanceds basedon a dynamic goal schedulingap-
proach. Goal schedulesare explored one after an other, so
thateachschedulgropagatefeasibility constraintover re-
sourcemodelsthrough consumptionconstraintsalong the
pathof feasibleorbits. Associatedo dedicatedscheduling
heuristicsthisenablesanefficientsolvingevenif thissearch
stratgy canbeimprovedin furtherworks.

Related Works in Planning

Much planningwork hasbeenled by Honeywell for both
military or civilian purposespsingdynamicprogramming.
In their approach,potential fields are definedto describe
the ervironment. Attractive fields representargetsandre-
pellingfieldsmodelthreats. Theoptimisationprocesss then
to find an appropriatepathin the resulting potentialfield.

"Resultshave beenobtainedusingan llog Solver Implementa-
tion ontoa SunUltra 5 workstationwith 128 MB RAM.

Severalcriteriacanbe consideredguchasfuel consumption
or synchronizatiortime. Anotherclassicalapproactrelies
onHierarchicalTaskNetwork (HTN). Thisis whathasbeen
implementedon MACBeth (see(Goldmanet al. 2000)),
which providesa large setof possibilitiesto specifya prob-
lem constrainedn time and resource. This plannercom-
binesHTN with constraintpropagatiorandis moregeneric
thanthe previously cited systemssinceit hasalreadybeen
appliedto groundvehicles(UGV Demoll), UAVs andsol-
dier platoons.

On the other hand, our work canbe comparedto generic
planningunderresourcemanagementAccordingto (Long
andFox 2000),our problemcanbeidentifiedasaninstance
of transportatiorproblemusinga setof pre-planningalgo-
rithms. Then,onceidentified, the classof problemcanori-
entatethe choiceof heuristics.The pre-planningalgorithms
can be usedin mary planners,and so allows to consider
genericplannersasa possibilityto solve our problem.
Comparedo domain-independemianningusingthe PDDL
formalism (see (Ghallabet al. 1998) for a definition of
PDDL), the expressvenesf constraintsatisaction prob-
lemsgivesa larger freedomin the problemswhich canbe
designed Neverthelessthe latestversionof PDDL extends
thelanguageo take into accountresourcananagemerand
timing concernsThelanguageallows the definitionof con-
tinuousor discreteresourcesandthe managemenof time-
consumingactions. Thesenew improvementsof the lan-
guagetraducerecentwork led on this subject.

Two alternatves are currently usedfor planningunderre-
sourcemanagemen T hefirst approachusesdatastructures
to model the resourcesand apply the solving processto
the problemcomposedf actionsand resources.This ap-
proachis fairly similar to ours, exceptthat our formalism
allows a greaterexpressvenessin the specificationof re-
sourcegnanagemenfor intermediarystates.Usually only
the final stateis specifiedusingthis approach. Specifying
otherstatesurgesto considertime resourceasa parameter
of everyaction. Thisapproachs usedin IxTeT (Laborieand
Ghallab1995),HSTS (Muscettolal994)or RIPP (Koehler
1998)for example.LPSAT usesfloatsandfluentsto model
constantseindvariablesandcouplesa SAT solverwith asim-
plex methodto manageboth actionsandresourcesRIPPis
animplementatiorof Graphplan(Blum andFurst1997)al-
lowing resourcananagement.
Anotherorientationconsistsn selectingheactionsin afirst
planning processand then considerthe resourcemanage-
mentasasecondschedulingprocessThisis the casen par
cPlan(Lever andRichards1994) and RealPlan(Srivastaa
2000). In RealPlan,both the planningandthe scheduling
problemare modeledand solved using dynamicCSR and
dependengdirectedbacktrackingcanbe providedbetween
thetwo processeaccordingto definedpolicies.

Lastly, the use of ConcurrentConstraint(CC) language
has beenthe focus of researchesed in NASA and MIT.
This approachakesadvantageof the askandtell paradigm
to respectiely requestand broadcastagent states. The
sameparadigmis also usedto constrainplanning repre-
sentationsalso assimilatedas path formulations. There-
fore, a partial plan solution can be dynamically updated



by other agentsstatus. Thesetechniqueshave beenused
to implementthe plannerembeddedn the RemoteAgent
Experiment(Muscettol&a998)(Williams & al 2001)mission
launchedwithin the DeepSpaceOnespacecrafin October
1998.Remoteagentis ableto build missionplan,usingcon-
straintandprevious setof existing partialplans.

At the moment,few genericplannersare ableto handle
both resourceandtiming issues. Recentstudiesgave first
resultsin this domain, but the resultsremainstill far less
goodthanthoseobtainedwith dedicateglanningsystems.

Conclusion

Generallyinvestigatedseparatelyplanningand scheduling
algorithmsmay becomeincreasinglycomple< and difficult
to designwhenconsideringadditionalconstraintgflight dy-
namicsandcoordinatiorfor air missionplanning,spacecraft
behaiour) andreal size problems. This paperproposeda
genericconstraint-basedepresentatioffior solving concur
rently planningandschedulingoroblems.Flow modelsover
graphappeato be a genericandpowerful meango formal-
ize the compositionof schedulingandplanningmodels.
Therefore,on the modelling side, propertiesoffered by
ConstraintProgrammindanguagesilow designerdo elab-
orate global modelsthat can be specializedonto different
problems. For this purpose genericconstraint-basegdred-
icateshave beenprototypedand implemented addressing
resourceconsumptiongswell asactiities synchronization
andcoordination.On the solving side,searchmethodcom-
pletenesganbe compromisedn differentways. Usingthe
samemodellingandaccordingo systenrequirementgsuch
astrade-of betweerdurationandquality),onecandecideto
performacompletesearchrelaxsomeconstraint®r decen-
tralizethesolvingin independenstrateyies.

The effectivenesof the approacthasbeendemonstrated

on real-world planningandschedulingexampleswith real-
istic parameters.Despitethe numerousdomaindependent
constraintsthe planningand schedulingfunction givesre-
sultscompliantwith systenrequirementsndrealisticprob-
lem size. Moreover, for theseparticularexamples practical
rulesfor automaticselectionof searchstratgly have been
emphasizedAs aresult,thoserulesdo not breakthe con-
curreny betweerplanningandschedulingmodels.
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