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Abstract

In many domains,planningand schedulingproblemshave
beenconsideredseparately. This historical decomposition
leadsto sub-optimalsolvingmethodsastaskschedulingand
planningshareimportantsub-problems.In fact, on practi-
cal examples,thereis no reasonto separatecoordinationof
activities andsynchronizationtasks. Furthermore,resource
usageis not only relevant for taskschedulingproblems,but
is alsostronglyaffectedby planningdecisionsin real-world
problems.ThispaperproposesaConstraintModel-Basedap-
proachto concurrentlytackleplanningandschedulingprob-
lems. We show how constraint-basedformulationscantake
advantageof flow modelswidely investigatedin the opera-
tion researchcommunity. Our approachextendsthis model
classificationin orderto derive bothtiming constraintandre-
sourceconsumptionfor eachtransitionof the plan. There-
fore,schedulingconstraintsinvolving precedences,exclusive
disjunctions,andresourcecapacitylimit canbe statedover
the setof timing andresourcevariables.On aeronauticand
spatialexamples,we demonstratehow this approachenables
problem-dependentspecializationandincreasesplanningand
schedulingefficiency. Lastly, by using real-world problem
experimentations,we show how theapproachsupportslocal
/ globaltrade-offs while designingsolvingmethods.

Intr oduction
Todayplannersandschedulersarecommonlyusedasoff-
line toolsthatsearchfor optimisedsequencesof actionsand
tasksto berealizedin agivenfuture.Ontheonehand,plan-
ning aimsat defininga tasksetthatwould performa given
goal. On the other hand, schedulinggenerallyaddresses
thetimelineof a fixedtasksetwhile satisfyingavailablere-
sourcesandprecedenceconstraints.Many applicationscan
be traditionally found in industry resourceplanners,skill
planningfor humanresources,factories,airportsandpower
plantmanagement.Thesesystemsrequireinteractionswith
humanexpertswho aregenerallyguaranteeingthe consis-
tency betweenplanningandscheduling.

The rise of on-boardautonomyin spaceand aeronau-
tics domains(Muscettola1998)(Allo & al. 2001)andsmart
mattersystemsfitted with hundredsof sensorsand actua-
tors(Fromherzetal. 1999)aredriving planningandschedul-
ing functions. In fact, the humaninteractionsdecreaseas
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thecomplexity of embeddedsystemsincreases.Therefore,
mostof the planningandschedulingapproachesthat have
beenconsideredseparatelyin the pastmust be nowadays
tackled simultaneously. Thosesystemswill also have to
deal with restrictedon-boardresources(energy for space-
craft,kerosenefor aircraft,numberof sensorsandactuators,
processingandcommunicationcapabilities,etc). Manage-
mentof theseresourcesis a critical point, as they arealso
potentialsourcesof systemfailures(Poncetet al. 2001).

Complex task schedulinghasbeena major areaof in-
vestigationwithin the constraintprogrammingcommunity,
sinceit is representativeof anNP-difficult problemclassfor
challengingConstraintLogic Programming(CLP) capabil-
ities(AggounandBeldiceanu1993)(VanHentenryck1995).
CLPlanguages(JaffarandLassez1987)canbeviewedasan
extensionof Logic Programmingoneswhereunificationis
replacedby constraintsatisfaction. Logical predicatescan
be constraintsinterpretedin a mathematicalalgebra. The
mostwidely spreadoneaddressesFiniteDomains(FD) of �
with all its classicaloperators

�����	�
��������	� � andis denoted
CLP(FD). Consideredthroughoutall the paper, this lan-
guagehasbeenshown to beapowerful framework for devel-
oping complex operatorsaswell asglobal constraints(Ag-
gounandBeldiceanu1993)well-suitedfor disjunctive and
cumulative schedulingproblems. In fact, the composition
of constraintsthroughlogicalconnectorsandquantifiersen-
ablesoneto addresswide, large-scaleclassesof combinato-
rial problems(Dincbasetal. 1990)(Jourdan1995)(Fromherz
etal. 1999).

By taking advantageof CLP compositionality, modular-
ity andgenericity, ConstraintModel-basedProgrammingis
a practical approachto keepboth problem representation
and solving methodtractable(Saraswat et al. 1993)(Jour-
dan 1995). The modelling methodcapturesproblem in-
variantsby recursivelydecomposingtheglobalprobleminto
sub-problems,until predefinedconstraints(global complex
andelementaryconstraints)canbe expressed.As a conse-
quence,globalsearchstrategies,combinedwith branchand
boundoptimisationalgorithms,areeasierto elaborate,us-
ing structuredknowledgeof the probleminvariants,model
structure,andcomposition.

Following this approach,we proposea flow-basedfor-
mulationof planningproblems,extractedfrom the stateof
the art in OperationResearch(OR). More generally, graph



pathalgebrais a powerful way to modelpracticalplanning
theoriesandprobleminstances(GondranandMinoux 1995).
This approachoffersa straightforwardandnaturalformula-
tion of constraint-basedpathplanning,astheproblemstruc-
turematchesthephysicalstructure.Also, modelswith mul-
tiple flows andweights,which areknown to bedifficult us-
ing OR techniques,canbeefficiently addressed.Moreover,
an importantfeatureis the associationof a closedform of
transitiontimesin orderto derive classicalschedulingcon-
straints. On two representative examplesof planningand
schedulingfunctions,designedfor spacecraftformationfly-
ing andmilitary aircraft missions,the approachis resistant
to domaindependentspecializationin spiteof thenumerous
additionalconstraintsto consider. Examplesareaircraftdy-
namicsandinteroperabilityfor aeronauticmissions,orbital
manoeuvresfor space,aswell asspecificresourcesutiliza-
tion for bothdomains.

Thisapproachis globalin many ways,on bothmodelling
andsearchstrategy sides.However, on practicalexamples,
this globaloptimisationyieldsseveralwaysto breakup the
global searchstrategy into several smaller structuresthat
performa morelocal solutionexploration. As a sideeffect
of theapproach,experimentsshow thatseveral incremental
searchtechniquescanbedesigned,relyingonheuristicsand
thedecompositionof theproblem.

Thepaperis organizedasfollows. In a first part,generic
modelsto handleplanningandresourcemanagementarein-
troduced.Then,two specializationsof theseconstraintson
real-world problemswill beassessed:thefirst onerelieson
aircraftmissionplanningandthesecondonespacecraftau-
tonomy. Severalexperimentalresultswill begivento show
thattheglobalapproachallowsto achievelocalreasoningby
scaling-upthe problem. Beforeconcluding,relatedworks
will beaddressed.

Constraint-basedmodelsfor planning multiple
complexactivities

Thissectionexplainsthepossiblecompositionof pathplan-
ning and schedulingmodelsin a constraintprogramming
framework. Disjunctive andprecedenceconstraintsarefor-
malizedusinga graphflow model. The modelsintroduced
arehighly genericandcanbeinstantiatedin many wayson
real-life domains.

Planning asflow constraints
Theplanspaceis representedasa graphG � X � U � wherethe
setof edgesU is representingstatesandthe setof vertices
X transitions1. Thegraphis consideredasacyclic. Furqther
modelspecializationsshow how to relaxthisassumptionac-
cording to problemstructure. A given pathof states,also
calledanactivity, is definedby thesetof positive flows (1).
Flowsarerepresentedby variablesφu � � 0 � 1 � , andtheedge
u belongsto thepathif andonly if variableφu is instantiated
to 1.

Φ
���

φu � u � U
�

φu
�

1 � (1)
1In the remainingof thepaper, a vertex is denotedx, while an

edgecanbedenotedeitheru or � x � x���
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Figure 1: Exampleof positiveflow (bold arrows)andasso-
ciatedweights
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¿Froman initial stateto a final state,pathconsistency is
assertedby thefollowing constraints,whereω ��� x��� U and
ω ��� x��� U areoutgoingandincomingedgesfrom vertex x,
respectively.

∑
u  ω !#" start $ φu

�
1
�

∑
u  ω %&" end$ φu

�
1 (2)'

x � X ( � start
�
end� � ∑

u  ω !)" x$ φu
�

∑
u  ω %)" x$ φu * 1

�
(3)

Equation(3) ensurespathconnectivity andunicity while
equation(2) imposeslimit conditionsfor theextremitiesof
thepath.Thisconstraintgivesalinearchainalternatingtran-
sitionsandstatesalongthegraph.

When a given weight wu is associatedwith an edgeu,
thewell known pathlengthformulation(4) oftenaddressed
in OR (GondranandMinoux 1995)expressesweightsw � x�
alongpathtransitions(seeexamplein figure1):'

x � X
�

w � x� � ∑" x+�, x$# ω % " x$ φ " x+ , x$ � w " x+ , x$ � w � x-��	� (4)'
u � U

�
wu � � (5)

Thesetof transitionweightsthatbelongsto anactivity (data
measurement,goal realization.. . ) is expressedas follows
(6): '

x
�
tx
�

min� 1 � w � x�	� � W
�.�

w � x� � x � X
�
tx
�

1 � (6)

wheretx stateswhethertransitionx is partof theplannedac-
tivity. For instance,weightswu canrepresenttime,physical
distance,or resourceconsumptionso that associatedpaths
maycorrespondrespectively to planduration,pathdistance,
or overall consumption.

These constraints define a path algebra denoted�0/1�32��546�
ε
�
e� , where e

�
ε are neutral and null ele-

ments. Becausewe are interestedin generatingpathsas
plan solutions,

2
is the classical

�
, ε

�
0 and e

�
1.

It is important to note that
�

is not idempotent,so that
many OR resultscannotbe applied. Thus,without lossof
generality, it is possibleto expressformulae(3, 2 & 4) using
operatorsof a ConstraintProgramminglanguage.However,
real-life planning and schedulingproblemsnecessitateto
dealsimultaneouslywith differentresources,distances,and
time representations,leadingto more complex constraints
involving w � x� and/orseveralweights.
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Figure 2: Exampleof multiplepaths(bold arrows)andas-
sociatedweights
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Predicatesfor constraint-basedplanning
For many problems,suchasplanningfor multiple collabo-
rative agents,genericconstraintschemesarenecessaryfor
defining transitionsynchronizations,coordination,and in-
teroperabilityrequirements.To formally definethosecon-
straintpredicates,we needto considersimultaneouslymul-
tipe paths,representedasa setof activities

�
Φk � n

0 andtheir
associatedweights

�
Wk � n

0. Wherek � �
0
�	787	7

n � is a given
activity (seeexamplefigure2). By allowing multiple paths,
whentheweightsrepresenttime,activitiesmaybeconducted
in parallel.

Most of thegenericconstraintsdefinedin this sectionare
compositionand/orspecializationof severalconstraints(7)
describinga causalitybetweentwo verticesx andx- of dif-
ferentactivities k andk- .

'
k
�
k-:9 causal� k � x � k- � x- � c�<; wk � x��= wk+ � x� � c (7)

wherec � / is eithera constantor a variable.
By introducingtheseconstraints,it becomesvery diffi-

cult to take advantageof OR techniquesbasedon pathal-
gebra,multicommodityflowsor linearprogramming.How-
ever, specificconstraintscanbedesignedto solve thosedis-
junctions. By combining � 2��>4 � formula and disjunctive
constraints,onecansolvecomplex planningandscheduling
problemsinvolving severaldisjunctions.

Anothersetof planningconstraintsaddressesconditions
onverticesweights.For agivenvertex, conditionsondiffer-
entactivitiesmayconstrainweightsof outgoingor incoming
vertices.For example,constraint(8) imposesequalweights
on outgoingverticesx- � x- - from transitionx, opposedto (9).

'
k � � 0 �87	7	7 n � � ' x- � x- -?9)� x � x-@� � � x � x- -?� � U

�
wk � x-�� � wk � x- -@�

(8)'
k � �

0
�	787	7

n � � alldiff
x+BA " x , x+ $C U

� wk � x- �	� (9)

Constraints(8)and(9) illustratehow elementaryCLPuni-
fication anddisequation(Dincbaset al. 1990)2 canbe used
for planning.Obviously, asshown in furtherexamples,more
complex constraintsmay be applied on ingoing/outgoing
edgesof thegraph.

2Theconstraintalldi f f � V � specifiesthatall variablesin theset
V have to bedifferent.

Predicatesfor constraint-basedscheduling

When the weight definesa temporal metric, many con-
straintscanbedefinedasmultiple compositionandspecial-
izationsof constraint(7).D Disjunctive transitions

In many casessuchas multiple vehicle trajectoryplan-
ning or exclusive resourcehandling, exclusion con-
straintscanbeassociatedwith transitions.Thepredicate
exclusive� k � k- � x� specifiesthat transitiontime (resp.dis-
tance)on x areexclusive for activities k andk- (12).

'
k
�
k- 9 exclusive� k � k- � x�E causal� k � x � k- � x � 1�GF causal� k � x � k- � x � 1�
px
�

min� tk
x
�
tk+
x � (12)

This constraintis useful to specify temporal(resp. spa-
tial) exclusion when two activities hold the sametran-
sition (suchthat in figure 2, if weightsare correspond-
ing to timing information). The 0-1 variable px states
whetherbothk andk- triggertransitionx. This additional
variablecomplementsthe usual formulation of disjunc-
tive constraintsin taskschedulingproblems(Aggounand
Beldiceanu1993).D Orderedtransitions
Thepredicatepred� k � k- � x� specifiesthat theweightfor k
is lower thantheweightfor k- on transitionx (13).

'
k
�
k- 9 pred� k � k- � x� E causal� k � x � k- � x � 1� (13)

Hereagain,whentheweightdefinesatiming concept,this
constraintis usefulto specifyinvarianttemporalcausali-
tiesbetweenactivities.D Sametransitionsweight
Thepredicateeq� k � k- � x� specifiesthat transitionweights
onx arethesamefor activities k andk- (14).

'
k
�
k-@9 eq� k � k- � x�H; wk � x� � wk+ � x� (14)

Whentheweightrepresentstime,thisconstraintbecomes
asynchronizationpoint betweenactivity k andk- .D Towardcumulativeconstraints
Different kinds of cumulative and capacitive resources
can be addressedusing the flow-basedrepresentation.
When consideringa given activity, the total (or cumu-
lated)weight of a pathmustnot exceeda given limit L
(15). For agivenvertex x � X, thetotalamountof weight
mustnot exceeda givencapacityC. If the edgeweights
areall positive,equation(16) is enough,becausethetotal
weightincreasesmonotonicallywith thenumberof nodes
in the path(GondranandMinoux 1995). Whenthe edge
weightsare not all positive, then, the capacitymust be
checkedfor eachtransition(17).



'
w � x� � W

�
w � x��I L (15)

∑
k  �J 0 K K nL wk � x��I C (16)

'
d � M

k  �J 0 K K n L dk � x� � ∑
k  �J 0 K K nL A dk " x$CN d

wk � x��I C (17)

In equation(17),eachd correspondsto a particularevent
on vertex x, thesetof datesassociatedto a givenvertex.
This last constraintsholdsthe samecomplexity thancu-
mulative constraint(AggounandBeldiceanu1993)in job
shopscheduling. A similar constraintset (15,16& 17)
canalsobeformulatedfor edges.

Problem instances
A planning and schedulingsolution subsequentlycorre-
spond to a partial or complete assignmentof variables
w � x� � tx

�
wu
�

φu, accordingto the goalsto satisfy. By us-
ing CLP capabilities,any subpartof the variablescan be
statically instantiatedand any subpartof the modelscan
be solved accordingto the goal to satisfy. Additional con-
straintsareaddedby assigninga subsetof variablesor op-
timising a cost function suchaspathweight like distance,
timing or aglobalresourceconsumption.

Concurrent constraint solving
Planning and schedulingproblemsare modelledusing a
constraint-basedmultiple modelsapproach(Jourdan1995;
Saraswat et al. 1993). Therefore,eachmodel represents
a differentaspectof thewholeproblemandownsinternally
a setof variablesandconstraints,sothatit canbesolvedei-
therindependentlyor commonlywith othermodels.Models
arecomposedby unifying partof their variablesandadding
inter-modelconstraints.Hence,concurrentsearchstrategies
over several scheduling,planningandresourcemodelscan
be implementedusing ask and tell operators(Van Henten-
ryck etal. 1995)ascoordinationmechanism.By usingthese
operators,it is possibleto freezethe solving over a model,
waiting for externalconstraintsto beentailed.For example,
concurrentsearchstrategiesover multiple activities andre-
sourcescanbe designedby taking advantageof the graph
structure. Using a graphexploration, eachactivity builds
a forwardsearchalongfeasibletransitions,while satisfying
resourcesandschedulingconstraints.In practice,few tran-
sitionsareactuallyexplored,dueto constraintpropagation
andearly inconsistentpartialsolutions.Many otherconcur-
rentstrategiescanbedefinedasshown in theexperiments.

Problemexamples
Two probleminstanceswill beconsideredto illustratetheef-
fectivenessof our approach.Thefirst oneis amilitary aero-
nauticproblemwhereformationshave to coordinatethem-
selvesto performa strike on a giventarget.Thesecondone
illustratestheapplicationof thegenericmodelto aspaceob-
servationproblemfor aspacecraftformationwhereresource
utilization is critical.

Figure3: Expertsolutionon thereal map.

Multiple path planning for air operations

The discussedmodelhasbeeninstantiatedandspecialized
for modellinganaircraftmissionplanningproblem.Thefo-
cusedair missioninvolvesmultiple formationswhich have
their own objectives. Moreover, overall missionobjectives
areachieved thanksto coordinatedactionsbetweenforma-
tions. In the addresseddomainof air missionplanning,a
completeplanis a setof edgesto fly by for eachformation,
constrainedby feasiblemechanicalparameters(altitude,air-
craftattitude,speed.. . ), on-boardresources(kerosene,jam-
ming, decoys.. . ), coordination, interoperability between
aircraftandby objectivesto achieve (imposedtime window
for corridorentry/exit).

Figure3 describesthe missionenvironment. All forma-
tions arecoming from the samenav point s1. Formations
F1 andF2 mustcrosssimultaneouslynav points6 to perform
Suppressionof EnemyAir Defence(SEAD).FormationsF3
andF4 mustcrossnav points5, andthentakedifferentroutes
(resp.by s7, s10, s12 ands9, s12). Threatsarelocalizedin the
s9
�

s8 zone,wherethe missionobjective is (imposedas a
constraint).

Figure 4 shows missionobjectives. FormationF2 must
crossnav point s7 before formationF3, to performa Battle
DamageAssessment(BDA). In thesameway, to satisfysys-
tem inter-operability, formationF3 mustcrossnav point s7
before formationF4 crossesnav point s9. FormationsF1, F3
andF4 mustescapeby nav points12 andformationF2 by nav
point s11. Thosemissioninteroperabilityrequirementshave
beenrepresentedusingthe coordinationformalisms(12 &
13).



Figure4: Detailedview of threatsandtargets.

Extending planning formulations for realisticnavigation
model In thiscontext, theplanningphaseconsistsin solv-
ing all themodels,findinga routefor eachformationwithin
the set of possiblenavigation points to achieve the whole
mission. The graph G

� � X � U � correspondsto possible
paths,whereX correspondsto navigationpoints, andU to
fly-by areas. Linked navigation points are entry and exit
pointsof the definedarea. A transitionis a manoeuvreon
a navigationpoint anda statea nominalflight throughafly-
byarea. Themodelis extendedto considercomplex tactical
needs:holding patternswithin an areais allowed by intro-
ducingadecisionvariablefor eachedgeu � U : cu � / . The
formationcanhold on in anareaby flying backto theentry
pointaftertheexit navigationpointhasbeenreached,defin-
ing elliptic patterns.However, theformationmustleave the
areathroughthe exit navigation point. Thusthe formation
canfly by the area2

7
cu
�

1 times. The variablecu corre-
spondsto the numberof waiting cyclesperformedon the
edgeu. Whenu doesnot belongto thepath,thenumberof
waitingcyclesis zero(18):'

u � U
�

φu
�

0 ; cu
�

0 (18)

Severalweightsarespecifyingthenavigationmodel.For
instance,let su bethespeedof theaircraftwhenflying along
the edgeu. The domainof su correspondsto a discretisa-
tion of the continuousspeeddomain(tenthof machin the
implementedexample).

In addition,themodeltakesinto accounttwo physicalas-
pectsof the air mission. Thespatialrepresentationaimsat
modellingthestaticgeographicalmapof the areain which
the missiontakesplace. The threatmodelmatchesthe en-
emy’spositions.D Navigationpointsaredefinedwith theircoordinatesin the

three-dimensionalspacesothatthelengthlu andacostof
fly in termsof keroseneresourceareweightingthe edge
u. Constantsαu andβu correspondto consumptionchar-
acteristicsof theaircraftalongtheedgeu. Theseparam-
eterstake into accountaltitude,air pressureandcovered
distance.D The different formationsare threatenedby a group of
groundair defencesdistributedalongthe way to the tar-
get. Eachaircraftcanprotectitself from theenemyby a

limited ability to hide. Basedon air-grounddefencepo-
sitions,this is modelledusinga self-protectionweight pu
cumulatedalongthemissionpathvertices.Oneachvertex
x, theself-protectionused,cumulatedfrom thebeginning
of thepath,mustnot exceedanavailableamountPx. This
weight is computedaccordingto two componentsalong
vertical and horizontalaxis. Threatvalue is integrated
along thesetwo axesaccordingto the distancebetween
thethreatsourceandtheedgevertices,andusinga threat
distribution law.

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

'
x � X

�
w � x� � ∑" x+O, x$# ω % " v$

P
φ " x+Q, x$R

w " x+ , x$ R 2 7 c " x+ , x$ � 1S � w � x-Q�8S5T
(19)

Themultiple resourcemodelsareformalizedby replicat-
ing eq. (19), constrainingtheweight formulation(15), and
substitutingthe following specificformulationsto the ver-
ticesandedgesweights(resp.w � x� andwu).D Self-protection

The self-protection p � x� on each vertex x is given
by directly substituting p " x , x+B$ to w " x , x+O$ in eq. (19).
An additional limit constraint is also applied (20).'

x � X
�

p � x��I Px (20)D Timing
With the introduction of aircraft speedsu, the
timing d � x� as the flyby datesover eachnaviga-
tion point x, leadsto considerthe following edge
weightdu (21).'

u � Φ
�

du
�VU lu

su W (21)D kerosene
Lastly, whenconsideringC asthetotalavailablekerosene,
theconsumptionc � x� whenarriving to a navigationpoint
x, leadsto the following edgeweight cu (22). The con-
sumptionon eachvertex alsosatisfiesa given limit (23).'

u � Φ
�

cu
�

αu
�

βu
7
su (22)'

x � X
�

c � x��I C (23)

Theaircraftperformancesarealsotakingadvantageof the
graphrepresentation,by constrainingadjacentedgesspeed
pairwise.D Acceleration

For eachpair of adjacentedgesu and u- , we statically
calculatea new coefficient ψ " u , u+ $ thatdependson thean-
gle betweenthe two edgesand the maximumaccelera-
tion worth both to thecell structureandthepilot. Speed



on successive followed edgesis then linked by the con-
straints(24): '

u
�
u- 9 adjacent � u � u- � �� su+ � su � 7 � su+ � su � * ψ " u , u+ $ (24)D Turning

Similarly, we calculateanotherparameterγ " u , u+ $ thatalso
dependson the angle betweentwo adjacentedgesu
and u- , and the aircraft turning capabilities. The av-
eragespeedduring the turn is approximatedby

su � su+
2

which is then constrainedwith γ " u , u+B$ , leading to (25):'
u
�
u-X9 adjacent � u � u-B� �

su
�

su+
2

I γ " u , u+ $ (25)

Bothstaticparametersψ " u , u+ $ andγ " u , u+ $ arecharacterizing
aircraft performanceson the transition � u � u- � . This model
couldbeeasilyrefinedwith additionalconstraintssetsmod-
elling otherperformanceaspectssuchasaircraft accelera-
tion andbrakingcapabilities.

Lastly, several constraintscomposedwith planningand
schedulingpredicates(7), (8) and(12-17)enableto define
tactical constraintssuch as exclusive or joint flyby of an
areausingdisjunctions(eq. (12)) or timing equalities(eq.
(14)), formationcovering while entering,crossingor exit-
ing an area,andsuccessive operationin an areausing(eq.
(13)). In all theseconstraints,the useof a timing intervalY
dmin

�
dmaxZ remainsusefulfor definingminimumandmaxi-

mumdelaysusingcausalpredicates(eq. (7)). Thewidth of
theinterval makesconstraintsmoreor lessflexible.

Experimentations In our approach,solving the global
problemcorrespondsto along-termplanningfunctionwhich
is solvedbeforethemissionstarts.Theproblemundercon-
sideration3 involvessolving a conjunctionof all the mod-
elspreviously describedandminimizing a costobjective 4.
Oncea first globalplanhasbeendelivered,eachformation
leadercanrefineandadaptits own planaccordingto amore
accuraterepresentationof its immediateenvironment. In
this case,coordinationconstraintshave beenalreadysolved
in theinitial planandarerelaxedasacostobjectivefor each
formation. Startingfrom the initial global plan, eachfor-
mationcansolve incrementallyits own planby minimizing
delayswith pre-plannedmeetingdates.Then,scalabilityis-
suescanbe addressed,decentralizingthe solving onto the
differentformations.

Theglobalproblemis decomposedinto independentsub-
problemsaccordingto the mission hierarchy. When the
solvingtime is limited, all theformationleaderscanbedes-
ignatedto solve locally easierinstancesby recastingcoor-
dinationconstraintsasobjective function. On theopposite,
if an importanttime is allowedfor searchinga global plan-

3ExperimentshavebeenrunusingaSICStusPrologimplemen-
tationona Pentium400Mhzwith 128MB RAM.

4Thecostfunctioncanbetakenfrom cumulative models,min-
imizing a critical data.A combinationof datacanalsobeusedin
caseof a multi-criterionobjective.
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Figure 5: Planningand schedulingsolutionupdatesfor a
group of two formationsafter limiting resources. 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. Intermediatecasescanbe consideredwhensome
sub-leaderssolve the planningandschedulingproblemfor
differentsubsetsof theformations.

Figure5 givesanexampleof distribution of theplanning
processontwo differentformations.Thetwo formationsare
nomoreexactlysynchronized,but they fly by theirprevious
synchronizationpoint with a shortdelay. In this case,the
pre-plannedmeetingdateswill beconsideredasa heuristic
onthebestplanto guidethesearchfor eachformation.This
heuristicis not optimal,sinceit removessolutionsfrom the
searchspace(thestrategy is notcomplete),but quickly gives
solutionsandallow local reasoningschemes.

A globalcoordinationquality (26)canbedefinedto eval-
uatesolutionseffectivenessemergingfrom thedecentralized
solvingprocess.In this case,thequality is a scalarproduct
definedasfollows:

q � t � �\[
s
7O[
c � t � � (26)

where
[
s is a probability of successvector5 and

[
c � t � a

0
�

1vectorrepresentingcoordinationconstraintsviolatedat
a givenmomentt of thesolvingprocess.Becausethequal-
ity characterizestheglobalstateof thedecentralizedsystem,
it cannotbepartof a costfunction,but only evaluatedstati-
cally overseveralscalesof decomposition.

Realizedontovariationsof the specificationof an actual
strike scenario,experimentspresentedin figures 6 and 7
show worstandaveragecasesof quality measureaccording
to different level of decentralization.Becausethe full de-
compositioninvolvesmorelocalexplorations,solutionscan
be found incrementallyandfaster. On the opposite,global
searchalwaysprovidecompletesolutions(with 100of qual-
ity) but areslower.

Search strategy For this experimentation,decisionvari-
ablesarepathvariables(φu), waitingcycles(cu) andaircraft
speeds(su). Thevariableselectionis donein this order, so

5This is generallya predefineddomain-dependentvector, that
is outof thescopeof thispaper.
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Figure 6: Average quality of planningandschedulingwith
decentralizationtrade-offs (timesare in ms).
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Figure7: Worstqualityof planningandschedulingwith de-
centralizationtrade-offs (timeare in ms).

that the pathis entirely resolvedbeforea coarsegrain syn-
chronizationcanbe donewith the waiting cycle enumera-
tion, andlastly refinedwith a speedadjustment.The vari-
ablesdomainenumerationis donein increasingorder for
pathandcyclesvariables,andin decreasingorderfor speeds.

SpacecraftMission Planning and Scheduling
Problems
Planningspecializationfor spacedomainconsidersa forma-
tion of spacecraftin adeepspacemission.This formationis
madeof lessthana tenof spacecraft,flying closeonefrom
eachother (few hundredsof meters). The set of possible
trajectoriesthat can be usedby formation are represented
througha graphG � X � U � containingnavigationpoint joined
by transitiontrajectoryedges(figure8).

Orbitograph y planning According to the specificity of
spacetrajectory, the spacecraftformation can place itself
onto an halo orbit arounda celestialbody or virtual point
(likeaLagrangepoint). Thisnecessitatesto introducein the
graph-basedrepresentationspecificverticescalledorbit ver-
tices in order to modelorbital trajectories(8)(Guettierand
Poncet2000). Theseverticesarecharacterizedby a transi-
tion time (exit dateis differentfrom entrydate)anda tran-
sition matrix M expressingthe time d � x � y� betweeninjec-
tion andextractionorbit points(GuettierandPoncet2001).

Theseenlargedgraphrepresentationallows oneto express
trajectorytimed modelfor the whole formation. However,
traditionalverticesarealsoconsideredasnavigationpoints.
They arecharacterizedby a dateof exit thatequalsthedate
of entry. Thisway, formationpathplanningalwaysrelieson
genericpathconstraints(2) and(3).
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Figure8: Orbits selectionusingpathconstraints

Goal Scheduling Consideringthespacedomain,goalsto
be realisedby a deepspaceformation are slightly differ-
entfrom aircraftmissiondomain.Goals(observation,mea-
surements,manoeuvres,earthcommunications.. . ) have to
be scheduledaccordingto time constraints(possibletime
realizationwindows), spacecraftposition in spaceand, re-
sourceavailability (electric power, fuel, on-boardmem-
ory. . . ). They can be operational(i.e. goalsnecessaryto
theformationsafetyandliveness)or missionoriented.Both
the numberof goalsrealizedandcumulative resourcesare
representedusingmultiple weights(4) on the graphrepre-
sentation. Theseweightsare respectively a 0

�
1 variable

specifyingthe realizationof a goal on a given vertex and
theamountof resourceconsumption/productiononanedge.
Exclusive resources,are definedas disjunctive transitions
(12). Additionally, someof the goalsshall be realizedreg-
ularly accordingto a givenperiod,like communicationsbe-
tweenspacecraftformationandearthbasedcontrolstations.
This is definedusinga causality(7) predicateanda period
of P:



'
x
�
x- � k � P� periodic � x � x- � k � P�E causal� k � x � k � x- � c�] causal� k � x- � k � x � c � P� (27)

A goal also owns a priority level directly relatedto its
importancefor missionsuccessandliveness(High priority
goalsaremandatory).This mechanismensuresthat space-
craft formation security, safety and livenesswill be pre-
servedateachmomentduringthemissionlife assafetycrit-
ical actionsareincludedin theplan.
Spaceplanninggoalsare scheduledalong the path deter-
minedontothetrajectorygraph,but only ontoverticesof the
graph(Poncetetal. 2001)(28). Genericplanningconstraints
inheritedfrom predicates(7), (8) and (12-17) are usedto
constraingoalsexecutionontoagivenvertex of thegraphin
a giventimewindow.

'
k
� '

x ; Let d � k � x� therealizationdateof k on x

if x is anorbit vertex then Ex I d � k � x�^I Sx

else d � k � x� � Ex
�

Sx (28)

WhereEx is thedateof entryontovertex x andSx is thedate
of leaving vertex x.
Obviously, it remainsnecessaryto determineall verticesand
edgespropertiesusingadvancedtrajectographycomputing
modelsbeforestartingtheplanelaboration.

ResourceAllocation In orderto obtaina feasiblemission
plan, it is necessaryto representthe evolution of main re-
sourcesvaluesthroughtime, accordingto vehiclemotions
andgoal realization. Resourcelevels dependson the goal
affectationmodelthatspecifieswhich spacecraftof thefor-
mationis involvedin whichgoalrealization.Thus,resource
consumptionmodelis instantiatedfor eachresourceof each
spacecraftof theformation.

Consideringresourceconsumption,it is necessaryto dis-
tinguishexclusive,cumulativeandcapacitiveresources.The
figure9 illustratestheevolutionof resourceslevelsfor three
differentresources(namelyR1,R2andR3). R1 is anexclu-
sive resource,R2 is a capacitiveresourceandR3 is acumu-
lative resource.

_`__`_a`aa`a b`b`b`bb`b`b`bb`b`b`bb`b`b`bc`c`cc`c`cc`c`cc`c`c d`d`dd`d`de`e`ee`e`e R1

R2

R3

time

Figure 9: Resource consumptionexamplesaccording to
plan.

Cumulative resourceR1 evolves during plan execution
becausesomeof the weight termscanbe positive or neg-

ative accordingto planaction(eq. 17)6. Exclusive andca-
pacitiveresourceconsumptionareinterestingonly whenre-
alizinggoals.It is thennecessaryto checktheavailability of
exclusiveresourcesneededfor goalexecutionandthesuffi-
cientlevelof capacitiveresourcesinvolvedin thisrealization
(likeelectricalpower, for instance).
Cumulative resourcesnecessitateadoptinga different ap-
proach. Obviously, a goal will be feasibleonly if the re-
quiredresourcesareavailableat thestartingdateof thegoal,
solevel of resourcesshallbeknown beforeeachgoalexecu-
tion in orderto stateits possiblerealization.'

k
� '

x
�

f easible
R
k
�
d � k � x� S Egf ' R � required� k � R� N �h

r � R
�
r
R
d � k � x� S = N

(29)
Constraint(29) expressesthatan activity k will be feasible
on a vertex x at a dated � k � x� if andonly if for eachclass
of resourceof classRneededto realizek it existsa physical
resourcer � R suchthat theamountof r at dated � k � x� is a
leastequalsto thelevel N requiredto realizek.

Obviously, levels of resourcemust also be known after
eachgoalexecutionin orderto computeremainingpartsof
theplan. Moreover, thecumulativeresourcelevel shallalso
be expressedwhencomingon andleaving out eachvertex
of theformationpathinto thetrajectorygraph.

rs � Ex � � P
∑

ui � jx+ x  ω !x
R
rs � Sx+ � � ∆c � u�	S 4 δuT (30)

Equation(30) expressesthevalueof resourcer of space-
craft s when enteringon vertex x at dateEx as the value
rs � Sx+ � of theresourcewhenexiting from thepredecessorx-
of x in thepath,minusthevalue∆c � u� of resourcespenton
the edgeleadingfrom x- to x. Constraintexpressingvalue
of acumulativeresourcebetweentwo goalsexecutionlooks
like (30) exceptthat it mustexpresspossibleresourcevalue
accordingto all possiblegoalsschedule,introducingnumer-
ousdisjunctions.

Experimentations In this example, mission plans have
beensearchedfor a single spacecraft,for a formation of
two spacecraftandthenfor a formationof four spacecraft.
Several planningexperimentshave beenrun requiring the
schedulingfrom 10 andup to 100goals.Experimentshave
beendivided into two classes,the first one including re-
sourceconstraints(figure10), thesecondonewith exclusive
constraintsonly (figure11). Constraintresourceshavebeen
statedin this examplesfor cumulative resources(memory
andpropellant),capacitive resources(electricalpower) and
exclusive resource(payloadinstrument).Both experiments
include modesynchronizationconstraintsfor the 2 space-
craftand4 spacecraftformations.

Figuresreportedin 10 and11 show thatsolvingduration
doesnot explode accordingto the numberof goals. This
is due to the multiple constraintpropagationsbetweenthe
differentweightsof the globalproblem. Likewiseschedul-
ing problems,cumulative resourcesgeneratemoredifficult

6For instance,on-boardmemorycanbe consumed(occupied)
whenrealizingobservationandfreedwhenuploadingdatato earth
stationor transmittingresultsto anotherspacecraft.
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Figure 10: Planning and schedulingwith cumulativeand
exclusiveresources.
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Figure11: Planningandschedulingwith exclusiveresource
only.

problemsthan exclusive ones7. Thoseexperimentsshow
that decentralizingthe searchaccordingto the numberof
spacecraftis moreinterestingwhendealingwith cumulative
resourcesandlarge setof goals. Hence,without changing
themodelling,differentsearchstrategiescanbedynamically
selectedaccordingto planningand schedulingparameters
(numberof goals,spacecraft,resourcesproperties).

Search strategy The strategy usedto solve theseprob-
lem instancesis basedon a dynamicgoal schedulingap-
proach. Goal schedulesareexploredoneafter an other, so
thateachschedulepropagatesfeasibilityconstraintsoverre-
sourcemodelsthroughconsumptionconstraintsalong the
pathof feasibleorbits. Associatedto dedicatedscheduling
heuristics,thisenablesanefficientsolvingevenif thissearch
strategy canbeimprovedin furtherworks.

RelatedWorks in Planning
Much planningwork hasbeenled by Honeywell for both
military or civilian purposes,usingdynamicprogramming.
In their approach,potential fields are definedto describe
the environment. Attractive fields representtargetsandre-
pellingfieldsmodelthreats.Theoptimisationprocessis then
to find an appropriatepath in the resultingpotentialfield.

7Resultshave beenobtainedusinganIlog Solver Implementa-
tion ontoa SunUltra 5 workstationwith 128MB RAM.

Severalcriteriacanbeconsideredsuchasfuel consumption
or synchronizationtime. Anotherclassicalapproachrelies
onHierarchicalTaskNetwork (HTN). This is whathasbeen
implementedon MACBeth (see(Goldmanet al. 2000)),
which providesa largesetof possibilitiesto specifya prob-
lem constrainedin time and resource. This plannercom-
binesHTN with constraintpropagationandis moregeneric
thanthepreviously citedsystems,sinceit hasalreadybeen
appliedto groundvehicles(UGV DemoII), UAVs andsol-
dierplatoons.
On the other hand,our work can be comparedto generic
planningunderresourcemanagement.Accordingto (Long
andFox 2000),our problemcanbeidentifiedasaninstance
of transportationproblemusinga setof pre-planningalgo-
rithms. Then,onceidentified,theclassof problemcanori-
entatethechoiceof heuristics.Thepre-planningalgorithms
can be usedin many planners,and so allows to consider
genericplannersasapossibilityto solveourproblem.
Comparedto domain-independentplanningusingthePDDL
formalism (see(Ghallab et al. 1998) for a definition of
PDDL), the expressivenessof constraintsatisfactionprob-
lemsgivesa larger freedomin the problemswhich canbe
designed.Nevertheless,thelatestversionof PDDL extends
thelanguageto take into accountresourcemanagementand
timing concerns.Thelanguageallows thedefinitionof con-
tinuousor discreteresourcesandthe managementof time-
consumingactions. Thesenew improvementsof the lan-
guagetraducerecentwork ledon thissubject.
Two alternativesare currentlyusedfor planningunderre-
sourcemanagement.Thefirst approachusesdatastructures
to model the resources,and apply the solving processto
the problemcomposedof actionsand resources.This ap-
proachis fairly similar to ours, except that our formalism
allows a greaterexpressivenessin the specificationof re-
sourcesmanagementfor intermediarystates.Usually, only
the final stateis specifiedusing this approach.Specifying
otherstatesurgesto considertime resourceasa parameter
of everyaction.Thisapproachis usedin IxTeT(Laborieand
Ghallab1995),HSTS(Muscettola1994)or RIPP(Koehler
1998)for example.LPSAT usesfloatsandfluentsto model
constantsandvariablesandcouplesaSAT solverwith asim-
plex methodto managebothactionsandresources.RIPPis
animplementationof Graphplan(Blum andFurst1997)al-
lowing resourcemanagement.
Anotherorientationconsistsin selectingtheactionsin afirst
planningprocessand then considerthe resourcemanage-
mentasasecondschedulingprocess.This is thecasein par-
cPlan(Lever andRichards1994)andRealPlan(Srivastava
2000). In RealPlan,both the planningand the scheduling
problemaremodeledandsolved usingdynamicCSP, and
dependency directedbacktrackingcanbeprovidedbetween
thetwo processesaccordingto definedpolicies.
Lastly, the use of ConcurrentConstraint(CC) language
hasbeenthe focus of researchesled in NASA and MIT.
This approachtakesadvantageof theaskandtell paradigm
to respectively 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 plannerembeddedin the RemoteAgent
Experiment(Muscettola1998)(Williams & al 2001)mission
launchedwithin theDeepSpaceOnespacecraftin October
1998.Remoteagentis ableto build missionplan,usingcon-
straintandprevioussetof existing partialplans.

At the moment,few genericplannersareable to handle
both resourceand timing issues. Recentstudiesgave first
resultsin this domain,but the resultsremainstill far less
goodthanthoseobtainedwith dedicatedplanningsystems.

Conclusion

Generallyinvestigatedseparately, planningandscheduling
algorithmsmay becomeincreasinglycomplex anddifficult
to designwhenconsideringadditionalconstraints(flight dy-
namicsandcoordinationfor air missionplanning,spacecraft
behaviour) andreal sizeproblems. This paperproposeda
genericconstraint-basedrepresentationfor solving concur-
rentlyplanningandschedulingproblems.Flow modelsover
graphappearto bea genericandpowerful meansto formal-
ize thecompositionof schedulingandplanningmodels.

Therefore,on the modelling side, propertiesoffered by
ConstraintProgramminglanguagesallow designersto elab-
orateglobal modelsthat can be specializedonto different
problems.For this purpose,genericconstraint-basedpred-
icateshave beenprototypedand implemented,addressing
resourceconsumptionsaswell asactivities synchronization
andcoordination.On thesolvingside,searchmethodcom-
pletenesscanbecompromisedin differentways. Usingthe
samemodellingandaccordingto systemrequirements(such
astrade-off betweendurationandquality),onecandecideto
performacompletesearch,relaxsomeconstraintsor decen-
tralizethesolvingin independentstrategies.

Theeffectivenessof theapproachhasbeendemonstrated
on real-world planningandschedulingexampleswith real-
istic parameters.Despitethe numerousdomaindependent
constraints,the planningandschedulingfunction givesre-
sultscompliantwith systemrequirementsandrealisticprob-
lem size.Moreover, for theseparticularexamples,practical
rules for automaticselectionof searchstrategy have been
emphasized.As a result,thoserulesdo not breakthe con-
currency betweenplanningandschedulingmodels.
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