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ABSTRACT

We describea delggation-basedolutionto theplanningoverconstrainetAV missions.SIFT's Playbook" approach
to UAV control allows single operatorgo requestservicesfrom multiple-UAV teams,without excessve workload,
specializedraining, or platform-speci cgroundcontrol systems.We usethe metaphoiof a sportsteams playbook:
a user“calls a play” for a mission,relying on the systemto esh out the details. As in a sportsplaybook,the user
hasthefreedomto addspeci csatwill. We have integratedPlaybookwith Genea Aerospaces VACS systemground
station,to control multiple, heterogeneousoptorcraftand x ed-wingUAVs. Using PVACS, we have discoveredthat
overconstrainednissionsare particularly challenging,becauset is dif cult for operatorsnd appropriatewaysto
relax constraints.To solve this problemwe have addeda “best-efort” planningmodeto the Playbook. Best-efort
plansmaybedirectly useful,or canbeusedasaguidelinein relaxingconstraints.

1 Intr oduction

As UnmannedAir Vehicles(UAVS) becomemorecom-
mon, several operationalchallengesemepe. First, cur-
rent operatofto-platformratios on the orderof 4-1 will
no longer be acceptable. Second,the current practice
of providing a dedicatedvorkstationfor eachvehicleor
vehicletype will alsobe unacceptablevhenindividuals
mustinteractwith multiple, heterogeneougehicles.Op-
eratorswill needa commoninterfacefor multiple vehi-
cles. Third, new usability andtraining requirementsvill
beimposed.Not all operatorswill spendmonthstraining
to beratedfor avehicle,norwill they devotefull attention
to vehiclemanagemenimuchlessto managinga single
vehiclesubsystem)Instead,UAVs mustbe controllable
with muchlesstrainingandwhile engagedn mary other
actiities.

We have developedan approachto UAV control that
addressethesechallengeq7]. We usethe metaphorof
a sportsteams playbookto enableboth quick andcom-
plex variable-initiatve control with a variety of UAVS.
The userof our Playbook" “calls a play” to requesta
servicefrom a teamof UAVsS. We have implemented
this approachn the Playbook-enhancedariableAuton-
omy Control System(PVACS) project, which combines
SIFT's Playbook interfaces and Geneva Aerospaces
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VariableAutonomyControl System(VACS).

As we beganto make useof theimplementedPVACS
system, we discovered a new, pressingchallengefor
users.Thatchallengéds how to handlesituationsgn which
the operatorhasoverconstrainedhe solutionspace.For
example,anoperatoicannow call an“overwatch”playto
provide sustainedsuneillanceof a givenlocation, with
a givenradius,for somewindow of time. Playbookre-
spondsby attemptingto developa planfor the requested
play within the users constraints.But what shouldhap-
penwhenthe Playbooks plannercannotprovide a plan
thatmeetgheseconstraintsThisis no easymatter since
the planningfailure could be a resultof UAVs beingtoo
farfromthetargetto reachit in time, or of having no UAV
availableto provide coveragein somesub-intenal of the
time window (perhapsheitherthe beginningnor theend,
but somepieceof themiddle).

Simply notifying the userthatno plancould be devel-
opedis undesirablesincethis givesthe operatomo idea
whatwaswrong or how to revise the request.Similarly,
the causef planningfailure aregenerallyfar too com-
plex to admitany simple Ul-basedexplanationstrateyy.
It mayseemthatthe operatorcouldsimply relaxthecon-
straintsandaskfor adifferentplan,but which constraints
(surely not thosethat re ect physicalreality)? andin
what order? Worse,eachattemptto generatea plan for
somenew, relaxed subproblem,is computationallyex-
pensve andfrustratingto a humanoperatorwhosetime
maybeneedectlsavhere.

Throughout our developmentof the Playbook ap-
proachwe have beenguidedby thefactthatthe problem
of humancontrolof multiple comple, semi-autonomous



agentsis onethat humanshave beenwrestlingwith for

milennia. The key differenceis that up to know the
“agents” controlled have generallybeenother humans.
This long history meandghatthe methodshumanityhas
developedfor “supervisorycontrol” — including dele-
gatingandmanagingasks— arevery familiarto usand
reasonablyeffective. Whenerer possible,we try to use
human-humardelggation and supervisorycontrol as a

modelfor human-machinéteraction.

Taking this approachwe seethat a subordinatevho
simply reportsthat s/he cannotdo what the supervisor
hasrequestedyithout providesadditionalexplanationor
alternatvves,is not very helpful. On the otherhand,one
thing that subordinatemight do, which would be seen
asreasonablyhelpful, would be to say*“l can't do what
you've asled, but I cando this thing, which is closeto
whatyou wanted’. While perhapdessinformative than
a detailedexplanation,this approachhasthe strengthof
potentiallysaving time (if the supervisoiis satis ed with
thealternateplan)andof providing the basisfor negotia-
tion andplanrevisionif the supervisomwantsto adjustit
further.

To supportthis style of interaction,we have devel-
opedarelaxedplanningmethod basedn cost-basedp-
timization. Our underlyingplanningmethod[9] supports
generatingplansof minimum cost. Building on this, we
have developeda methodfor generatingelaxedplansfor
the playsin the system. Using this cost-basednethod,
we provide usersthe ability to requestthat the system
give a “best-efort” plan, whenthe systemcannotmeet
all the stipulatedconstraints.The best-efort plancanbe
producednan“anytime” basig1], whichmeanghatwe
caninterruptit atany time, with abestanswersofar. This
meetsour needfor promptresponsdéimes.Oneironic as-
pectof thisis thatsatis cing' wasoriginally proposedas
away of overcomingthe computationalemand®f opti-
mal reasoningaspartof a programof “boundedrational-
ity,” but we arebringing backoptimizationin serviceof
satis cing.

2 Playbook™ delegationinterfaces

Human supervisorsof human subordinateshave been
solving this problemfor millennia. Humansgenerally
don't control other humanagentsat the level of indi-
vidualmovements—roughlgnalogousgo thecurrentstate
of affairs where UAVs must be controlledvia joystick
commands—anth fact,therearestrongreasonsvhy this
is never an effective managemerstratey (e.g.,[1]). In-
stead humansupervisorglelegatetasksto subordinates,
or they requesterviceghatsubordinatesleterminehow
bestto satisfy In eithercase,someobjective or partial
planis communicatedo the subordinateperhapsalong
with constraintson how that objectve may be achieved,

1Justproviding a constraint-satisfyingolutionto a problem,rather
thantrying to ®nd anoptimalsolution.

but simultaneouslysomeauthority/autonomyor exactly
how to achieve that objective in contet is alsogivento
thesubordinate.

When interactionwith subordinatess effective it is
becausehe effort the supervisorequiresto request;n-
struct,overseeandmanagehe subordinate(sis lessthan
s/hewould requireto do the task without them, and/or
becausenoretaskscanbe accomplishedasteror better
via delegationthan would otherwisebe the case. This
saving or extendingof the supervisoor requestors effort
comesaboutspeci cally becausehe s/hedoesnot have
to planandexecuteevery detail of the desirecbehaior at
thelowestlevelsof controlavailablein the system.Gen-
erally, more efciency will be achieved the greaterthe
degreeof responsibilityfor planningand executionthe
requestercan reliably delegateto his/her subordinates.
Wherethereliability of delegation(in termsof having the
desiredoutcomeachieved via a desiredmethod)breaks
down, supervisorscan actually incur greaterworkload
thanif they had donethe taskthemseles, becausenot
only did the supervisordiave to instructandmonitorthe
subordinatebut now they hadto repairerrorsaswell.

Domains with a long history of attentionto how
to communicatantent effectively while simultaneously
minimizing supervisorworkload include businesscon-
struction, military command and control and sports
teams. The latter two are of specialinterestto us for
the designingof a control architecturefor UAVs. Many
sportsteams(particularly but not exclusively, American
footballteamsyachieze complex formsof coordinatede-
havior by meansof a "playbook”. A playbookcontains
prede nedpatternsof behaior thatareunderstoody all
participantontheteam.By meanof asingle,shortplay
nameor label, the quarterbaclkor team captaincan ex-
presshis/herintentfor alargenumberof independenac-
torsto beharein adynamically-changingetcoordinated,
focusedconstrainedndeffective fashion.Furthermore,
playscansene asasharedoint of referencdrom which
to build novel variationswith minimal effort. But it is
worth notingthatplaysalsorequirethatthe actorsbe ca-
pableof interpretingandapply-ingthe play to the context
thatexistswhenthe play is called. This may be assim-
ple asdecidingwhetherto stepleft or right dependingn
whatdirectionthe opponenis comingfrom in a football
play, but it precludescompletelyrote behaior. Actors
mustbe allowed someautonomyabouthow to perform
their delegatedrolesif thereis to be any ef ciency gain
in thesystem.

Servicerequestsarelike play calling in all but the de-
greeof authoritywieldedby therequestar A supervisor
is delgyatingtasksor goalsto subordinatesvho are,pre-
sumablyunderhisor hercontrolandhave noothersuper
visor concurrentlytaskingthem. A requestenf service
mayusethesamevocahulary of goalsandtasks but since
his/her”commands”are not going to subordinateghat
areunderhis/herfull andexclusive control,therequester
has someavhat less authority than the true supervisor—



andsomavhatlessguaranteghattherequeswill be sat-
is ed completely This tradeof may be useful,however,
especiallyif (asis thecasefor mary proposedattle eld
UAVs) the subordinatesrein high demandand canbe
usedmore effectively overall if they are sharedamong
multiple users.

3 Playbook™ architecture

We have beendevelopinga "playbook” approactto the
controlof UAVs thatstrivesto build thesamekind of rela-
tionshipbetweenthemanda humansupervisorasexists
betweena captainand his/herteam. Figure 1 presents
the basicarchitecturefor our Playbook. We will pro-
vide a brief discussiorof the Playbookarchitecturehere,
followed by a detailedwalkthroughof a speci ¢ usage
exampledesignedo illustrateboththe users experience
andtheinternalrepresentatioandreasoningf the Play-
bookin theremaindeof the paper

Operatorscaninteractwith andrequestservicesfrom
automationin highly sophisticate@nd e xible waysvia
Playbook. Like the quarterbackof a football team, a
PVACSoperatocancommandavery comple, very high
level "play”-even oneinvolving a heterogeneousix of
actors(vehicles)-viaa fastand simple action. Also like
the quarterbackthe operatorcanissuemorespeci c re-
guestsaboutindividuals' behaiors,albeitspendingnore
time to ” esh out” the requestproviding more instruc-
tionsaboutspeci cally how it shouldbesatis ed.

A full Playbooksystentonsistof auserinterface(Ul)
communicatingwith a Playbooksener. The userinter
faceallowsoperator¢o commandautomatedystemsia
a sharedmodelof the tasksthatcanbe performed.This
taskmodelis both hierarchicallyand sequentiallyorga-
nizedallowing the stringingtogetherof tasksor "plays”
in commandablsequenceand/ordrilling down within a
givenplayto selectalternatgperformancenethods.

3.1 UserInterfaces

Decomposingthe systeminto a sener and Ul allows
SIFT to provide different user interfacesto meet the
needof differentclasse®f user Therearethreeuserin-
terfacesthatwork with the currentversionof the sener:
a PDA interface, a consoleinterface,and an engineer
ing interface. The engineeringnterfaceis written in the
scriptinglanguagd®ython allowing usto rapidly testnew
facilitieson awide variety of platforms.

The PDA interface (seeFigure 2) is aimed at time-
pressuredisers,notionally including membersof small
military units, SWAT teams.etc. We expectthatthe pri-
maryinterestof theseuserswill bethe endresultsof the
plays(in our currentscenariosthis would be streaming
video of suneillancetargets);andthat they will not be
interestedn the detailsof platform control. Indeed,we
wouldliketo provide usersvho arenotratedUAV opera-
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Figure 2: PDA userinterface.

torswith thebene tsof UAVs. Usingthe PDA interface,
suchuserscancall a play to establishsuneillancewith
threemouseclicks, in muchlessthan15 seconds.

TheConsoleUl (seeFigure3) meetgheneedf users
who have moretime attheir disposalandaremoreinter-
estedin the detailsof platform control. The ConsoleUl
alsofeaturesaninterfaceto the PersonaFlight Planning
System(PFPS)suite of tools, and can use PFPS' Fal-
conMew? ight mappingsoftwareto display Playbook-
generatedoutes(seeFigure4). With FalconMew, Play-
bookuserscanprojectthe executionof missionplansus-
ing FalconMew'srehearsatapability

3.2 Playbookserver

The Playbooksener hasthreemajor components.The
rst is thesenerlayeritself, which providestheservices
to clients,tracksclient sessionsetc. We will notdiscuss
thiscomponenin ary detailhere. Thetwo majorcompo-
nentsarethe Analysisand PlanningComponen{APC),
which translatesuserplay requestsnto executablemis-
sion plans,andthe Executve. The Executive manages
communicationwith any connectedyroundcontrol sta-
tion(s),anddoesary necessarglosed-loogontrol: read-
ing platform statusinformationfrom the groundcontrol
system(GCS), and keepingthe missionplan on track.
SeeFigurel. All threeof thesecomponentgirav upon
thesharedaskmodel.

The Playbook Analysis and Planning Component
(APC) evaluatesthe feasibility of alternatemethodsof
satisfyingrequesteglays. Whengivena high-level play
request,the APC selectsamongvariousfeasiblemeth-
ods,issuesdnstructionsto the groundcontrol systemex-
ecutionernvironment(seebelon) andmonitorsfor neces-
sary revisions during performance.When given lower

2www.falconview.org
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Figure 1: Playbooksystemarchitecture.
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level, morespeci ¢ anddetailedrequestgsuchasa spe-
ci ¢ platformto use,a speci ¢ pathto be followed, or
speci ¢ scanpatterngo use),the APC reviews themfor
feasibility and either (a) reportswhenrequestedactions
areinfeasible (b) passesvalidated'usefrequestegblans
to the executionervironmentand monitorstheir perfor
mancepr (c) eshesouthighlevel operatorequestglike
“Overwatch”)to anexecutabldevel (for example,choos-
ing amongavailable platforms, selectingwaypointsfor
ingressand egress,identifying sensorsteeringparame-
ters,etc.)within theconstraintsheoperatohasimposed.

The APC is built on top of the SHOP2planningsys-
tem,whichwasdevelopedatthe Universityof Maryland,
College Park [9]. As partof our work on Playbook,we
have addedacilitiesfor temporareasoningscheduling),
recovery of statetrajectoriesenhancegblanlibrary facil-
ities, etc. We expectto make thesenew facilities avail-
able throughthe SHOP2opensourceeffort (seewww.
sourceforge.net/projects/shop ).  SHOP2
providesa planoptimizationfacility, which we have em-
ployedin thework reportedhere.We will discusghisin
greaterdetaillater

The APC providespre-missiorplanning(andcanpro-
vide in-missionreplanning),however it doesnot close
the loop aroundthe UAV autopilots. Closed-loopcon-
trol is the responsibilityof the Executive componeniof
the Playbooksener® The ExecutivetracksUAV state as
transmittecby the GCS,executescommandshroughthe
GCSduring ight, and managegranslationand down-
load of missionplans. Sincewe areprimarily concerned
with the planningand userinterfacecomponentof the
system,we will not discussthe Executive furtherin this
paper

Playbookby itself doesnot include innerloop con-
trol capabilities. In the programin question,we have
beenworking with Genera Aerospaces VACS™ control
system, the Playbook Executive controlling the UAVs
throughthe VACS GCS? Genaa Aerospaces Variable
AutonomyControl System(VVACS) providesa robustin-
tegratedcontrolarchitectureenablinga singleoperatotto
controlmultiple UAVs[2].

The VACS architectureincludes an Internet Proto-
col (IP) basednetwork-centriccommunicationgpackage
linking teamsof UAVs and remote operatorworksta-
tions. VACS fusessensorand databasenformation to
autonomouslyadjust ight pro les to avoid terrainand
mid-air collisions. OnceVACS adjuststhe ight pro le,
however, it relieson the humanoperatorto decideif the
missionplanmustberevised(e.g.,perhapdecausd¢ime
ontargetconstrainthave beenviolated). Further thehu-
manusermustmake all missionlevel decisionsandin-
teractwith thevariouscontrollevels. VACShasrecently

SProperlyspeaking the Executize doesnot directly commandthe
UAVs, but worksthroughthe UAVs' GCS.

4We are concurrentlyworking to add Playbook facilities to 1A
Techs MIIIRO immersive multi-UAV simulation (www.ia- tech.
com).

beenextendedfrom its original x ed-wingbasisto also
controlsmallrotorcraftUAVs[11].

Integration with PlaybookadvancesVACS to higher
levelsof autonomyby providing automatedneansof de-
veloping and adjustingplansto achievze missionobjec-
tives. Playbookpossessea hierarchicalunderstanding
of the operationaintent and speci ¢ targettasking,and
canprovide high-level commanddo the vehicleandsen-
sor control systemdollowing the commandstructureal-
readyin placein the VACS.In essenceYACS provides
a "library” of control execution behaiors from which
plays,aswell asmorecomplex sequencesf playswhich
form overall missionplans,canbe composed.The inte-
gratedPlaybook+ VACS (PVACS) capabilitiesare par
ticularly relevantto projectedoperationatonceptsvhere
busyand/ornon-ratedoperatorsmustsupervise¢eamsof
heterogeneousehicles. PVACS' combinationof very
high level andvariableautonomycontrolwill allow busy
operatordo commandsophisticated¢oordinatedoehar-
iors simply andrapidly and/orallow operatorsvith more
time or training to imposehighly speci c commandgo
customizevehiclebehaior to their exactneeds.

More detailsaboutthe Playbookarchitectureandvar
ious Ul designsareprovidedin [6]. In previouswork,
we have developedprototypeplaybooksor UCAV teams
[8], TacticalMobile Robots[3], andthe RoboFlaggame
(aroboticversionof “capturethe ag”) [10]. Theremain-
derof thispapemwill focusonissuesn providing mission
plantaskingwith the Playbook,andmoreparticularlyon
our useof optimizationfor this purpose.

4 The Challengeof overconstrained
missions

The basicPlaybookconceptputsan Al plannerin ser
vice of auser attemptingo emulateanintelligentsubor
dinate. For example,in our applicationfor mixed UAV
reconnaissancteams,we allow a userto say*“l would
like sunweillanceof this areafor that periodof time? In
responsethe Ul will senda requesto the planner The
plannerwill generatea planto meetthis requesttasking
oneor more UAVs to y to the suneillancearea,point
their camerasetc. This freesthe userfrom the need
to identify what UAVs are available, nd an acceptable
ight path,etc. If the userlikesthe proposedlan,it can
be downloadedo the GCSfor automaticexecution.

Until now, however, whenthe Playbookplannerwas
unableto satisfya playrequestit effectively said,simply,
“no.” Eventhe systemdevelopersfoundit very dif cult
to decidewhy a play requesthadfailed. We expectthat
a systemthat fails this way will generatehe samesort
of frustration(andinef ciencies) aswould a subordinate
who, whenasledto performa task, simply responds
cant.” It is certainlyusefulfor thesuperiorto know if his



orderscannotbeobeyed? but it would befar moreuseful
to know why s/hecan't andknow whatmight be feasible
in moving towardthe superiors goals.

In even moderatelycomple< domains,it canbe very
dif cult to determinewhy a requestcannotbe satis ed.
Considera suneillancerequesfor a particularlocation.
Here arethreereasonsvhy sucha requestmight be in-
feasible:

1. Thereis no UAV thatis ableto reachthetargetarea
by thetime thatthe userwantssurweillanceto start.

2. It is possibleto geta UAV to thetargetareain time,
but that UAV mustleave beforethe endof the cov-
erageperiodthe userhasrequestedandthereis no
otherUAV availableto take overthejob).

3. Thereis aUAV thatcangetto thetargetin time, but
it mustreturnto basebeforea secondJAV canget
to thetamgetareato take over surweillance.

Theseare a few simple casesthat have to do with the
time boundson the request;there could be mary other
reasongor missionfailure (no UAV available,targettoo
far away, etc.). Note alsothat thereis no crisp, easily
mechanizablalistinction betweenthe differentexplana-
tions for failure. The additionalinvestigationto disen-
tanglethe causegnay be quite burdensome.For exam-
ple,onemightneedto nd the ight distancego thetar-
get for all available UAVs, and thenfuse this informa-
tion with informationaboutthe availability windows of
eachplatform,in orderto determinewhy no UAV could
reachthetargetin time. Indeed,our work on this facility
waspromptedby dif culties we ourseheshadin calling
plays.

Note thatthereis no easy obvious x to the problem
of searchfailures. Thereare potentially a large number
of constrainton ary play, andthereis no obviousindi-
cation of which constraintis to be relaxed. It might be
possibleto addresshis problem, by requiring the user
to supplysomeform of objective function over the con-
straints but suchobjective functionsarevery dif cult for
usergo provide.

To take a someavhatridiculousexample,shouldwe re-
lax the constrainton the time on target, or should we
changethe targetlocation? Worse,thereis no guarantee
thatrelaxinga single constraintwill be sufcient. Com-
putationally thisis averydif cult problem.Proving plan
non-eistenceis more dif cult than proving plan exis-
tence.Furthermoresearchindor a setof constraintghat
mustberelaxedwouldinvolve searchingverthealready
dif cult planningproblem.And worstof all would beto
requiretheuserto searchtthroughthis spacevia atedious
combinationof “Can you do this? No? Well, how about
this?” questions.

5The agreeablesubordinatewho simply assentgo every request,
feasibleor not, canwreakhavocin anorganization.

Given thesedif culties, we have turnedbackto our
original inspiration: attemptingto have our systemsac-
ceptresponsibilitiesn wayssimilar to thewaysa human
would acceptdelggation. Accordingly, we have built our
systemto be ableto effectively say“l cant give you ex-
actlywhatyouwant,but heres somethind think is close
thatl cando”

5 Best-efort planning using opti-
mization

Let usreturnto thethreeexamplesabove, whichwe have
testedin the currentPlaybook. Figure5 shaovs an aerial
photographof the areaof interest(aroundthe McKenna
MOUT facility), togetherwith two UAVs, one a rotor-
craft,andone x ed-wing.For simplicity, all of ourexam-
pleswill usethesetwo UAVs, startingat thesepositions
(but with varying periodsof availability), andall will in-
volve suneillanceof thesamearget(but for differentpe-
riods). Figure 6 givesdetailsof the time constraintsfor
thethreeproblems® Timesaregivenin minutes:seconds
(optionallywith hours).

AsthePlaybookinterfaceworksnow, if auserequests
aplaythatis overconstraineds/hewill getamessagee-
porting that no plan can be found that meetshis or her
constraintsThentheuserwill be offeredthe opportunity
to geta best-efort planfor the samerequest. Consider
our rst casewheretherearetwo UAVs suitablefor per
formingthemission,but neitherof themcangetontarget
asquickly asthe userhasrequested.n this case,if the
userrequestarelaxedplan,thenthesystemwill provide
a planwherethe scanningoeginstwo minuteslaterthan
requestedbut thatotherwisesatis estherequestthero-
torcraftwill take off and y to thetargetimmediatelyand
begin suneillance until theendof thedesiredberiod,and
then y backto its startingposition (the x ed-wingair-
craftis notneeded).

How are such“best effort” plansgenerated?To un-
derstandhis, we mustunderstanda little bit aboutthe
functioningof the Playboolkplanner(APC). TheAPCisa
hierarchical tasknetwork(HTN), or decompositiomplan-
ner. Sucha plannertakestask descriptiongsuchasthe
inputplayrequestn PVACS),anddecomposet, stepby
step,matchingagainsimethodde nitions, until it reaches
a fully eshed-outplan, whereall the taskshave been
speci eddown to a setof de ned, executableprimitives.

Threecomplicationamalke this morethana simpleex-
ercisein tree-walking:

1. Theremaybemultipledifferentmethodgor asingle
task,andthe plannermustchoosebetweenthemto
nd onethatis feasible(andpossiblyoptimal).

SNotethatthetimesin questionareoften rathershort, possiblyun-
realistically so. Thesewere chosento be so shortfor demonstration
purposenly, becauseour simulationrunsin 1:1 time. Longertime
constantsvould not changethe way our techniquesvork, but would
male for runsthataretediousto watch.
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UAV | availability Requestedunillance
101 | t+ 8:20—t+ 90:00 t+ 1:00—t+ 6:00
201 |t —t+ 16:40

(a) No UAV availableearlyenough

UAV | availability

Requestedurillance

101 | t—t +40:00 t+ 3:00—t+ 40:00
201 | t—t+ 20:00

(b) UAVs not availablelong enough
UAV | availability Requesteduneillance
101 | t+ 30:00-t +4:00:00 t+ 4:00—t+ 44:00
201 |t —t+ 30:00

(c) UAVs availableto covertheentireperiod,but no smoothhandof.

UAV | Traveltimeto target
101 | approx.3:00
201 | approx.5:00

Traveltimes(all problems)

Figure6: Threeoverconstrainegroblems.UAV tail numberl01lis the x ed-wingaircraftand201is the rotor-
craft. All timesaregivenin minutesandseconds.

2. Theremay be variable-bindingdecisionsthat have
to be made, such as choosing betweendifferent
UAVs to performa sortie. Again, the plannermust

nd afeasible(resp.optimal)solution.

3. The plannermust check that the sequenceof ac-
tions generatectorresponddo a feasiblestatetra-
jectory. This is complicatedbecauseactionsmay
have side-efects,andtasksmaydestructvely affect
eachother For example,if a planwereto causea
UAV to passoveralocationoccupiedoy theenemy
it might destrg thedesiredelemenbf surprisefor a
following UAV.

For thosemorefamiliarwith numericalttechniquesit is a
reasonabl@nalogyto think of a plannerasa constraint
solver, like a linear programming(or mixed-integer)
package,but one that operatesin a primarily discrete
spaceratherthanacontinuousone.

The currentplannerprimarily operatesn a constraint
satisfction, or satis cing mode. l.e., it returnsthe rst

planthatit can nd that meetsthe users requirements.

Becausedhe planningproblemis not tractable we time-
limit the planner In theory this could causeus to fail

to nd solutionsto solvable problems. In practice,we
nd thattheproblemswe areworking on eitherterminate
fairly rapidly, with eithersuccessr failure,or fail aftera
greatdealof search.For practicalpurposesit is accept-
ableto terminateaftera x edperiodof time,althoughthe

preciseperiodof time differsbetweerapplications’

Our approachto best-efort planningis to relax the
userimposedconstrainton the objective of atask,asso-
ciatea costfunctionto plans,and nd the bestavailable
plan (within a x edtime bound). The SHOP2planner
which we have usedasthe basisfor the APC is ableto
performaverylimited form of optimization,which min-
imizesthe sumof auserde ned costfunctign,appliedto
eachof thestepsof aplan,P. l.e.¢(P) = s2 Pc(s),
andwe chooseargming,, ¢(P). This optimizationis
performedusing branch-and-boundand can be time-
limited.

Thereweretwo challengeghatfacedusin providing
best-efort search. The rst wasto overcomethe limits
of SHOP2S optimizationfunctions,andthe secondwas
to identify appropriatecostfunctions. The currentopti-
mization functions,basedon functions,are not suitable
for our purposessinceour optimizationsmustbe done
over statetrajectories. For example,for our overwatch
play, the costshouldbe somefunction of the portion of
thedesiredtime thatthetargetis not beingwatched.The
costis a function of the setof states,not of the actions
takenby the system.Usinghigherorderfunctions,it was
possiblefor usto modify the planningsystemto permit
usto associatestatetrajectoryfunctionswith plans.

With the technicalimplementatiorout of the way, we
turnedour attentionto composingcostfunctions.In gen-

"ThePlaybookintegratedwith MIIIR O hasdifferenttime behaiors
thanthe PVACS Playbook.



Figure7: Relaxedplanfor casewith no UAV avail-
ableearlyenough.

eral,it isaverydif cult problemto composautility func-
tions for complex optimization (see,for example [5]),
and comple optimizationsystemsoften yield solutions
unexpectedto (and often unwelcometo) their users[4].
Theproblemathand however, is farmoresimple.We are
nottrying to nd solutionsthat optimize utilities; rather
we aretryingto nd solutionsthatwill comecloseto the
usersdesiresprwill guidetheuser For example evenif
theuserdoesnt like the planthatresultsfrom relaxation
in the precedingexample,it will provide someguidance
in termsof how long it might take to reachthe target,
allowing the userto reconsidetis or hertasking. Prob-
ably the mostdif cult problemin formulatingan objec-
tive functionis to handletradeofs betaveencompeting
objectives: how much of one objective are you willing
to payto do betteron another But this problemlargely
doesnot arisein our context, sincewe arejust trying to
getascloseto feasibleaspossible not closeto optimal.
We have found that appropriateoptimization functions
for the reconnaissancmissionsinvolve simply penaliz-
ing the missionfor partsof the suneillancewindow that
arenotcovered.

Using such optimization functions, give the results
shawvn in Figures?, 8, and 8 for our sampleproblems.
In these gures, thelinesmarked“request’shav the pe-
riod of sunweillancerequestedy the user In eachcase,
the centralbandshaws the sunweillancepart of the mis-
sion(or thesunweillancerequest).

We nd that userspresentedwith this kind of infor-
mationcanreadily understandvhy their requestscould
not be met, andarein a positionto modify themappro-
priately. For example,a userwho wasattemptingto get
earlycoveragefor ve minutes,asin Figure7, mightsee
this, recognizethat no UAV wasableto reachthetarget
soonenoughandeitheracceptheplanor, if durationwas
whats/hecaredabout,morethantime on target, modify
theoriginalrequesto be ve minutes'suneillancestart-

Figure8: Relaxed plan for case with UAVs not
availablelong enough.

Figure9: Relavedplanfor casewith UAVs available
to cover the entire period, but no smooth
handof.



ing att + four minutesratherthant + oneminute.

6 Conclusions

In this paper we have presentedn approachto provid-
ing usersupportfor overconstrainedissionplanningin
the context of a Playbook-styledelegationinterface.Our
approachusesoptimizationto provide feasible closeap-
proachego the users preferredsolution. We have in-
corporatedthis techniqueinto a Playbookcontrol sys-
tem for UAVs (both rotorcraftand x ed-wing), that is
integratedwith Geneva Aerospaces VariableAutonomy
Control System.

In future work, we will extendthe approachandbet-
ter integrateit with the userinterface. Currently while
userscan requestbest-efort plansfor overconstrained
problemsthe userinterfacedoesnot helpthemcompare
therelaxed planswith the original requestsWe will de-
signadditionaldisplayelementgo shov how therelaxed
plansdeviate from requestedfor example,shaving de-
siredtimelinesmatchedagainstthe plannedones,show-
ing actualplay parametersnatchedagainstthe desired
choices,and highlighting the differences. We will also
extend the relaxed planning approachitself to cover a
wider variety of problemsjncluding multiple concurrent
plays,andmoreplaytypes.
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