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ABSTRACT

Wedescribeadelegation-basedsolutionto theplanningoverconstrainedUAV missions.SIFT'sPlaybookTM approach
to UAV control allows singleoperatorsto requestservicesfrom multiple-UAV teams,without excessive workload,
specializedtraining,or platform-speci�cgroundcontrolsystems.We usethemetaphorof a sportsteam's 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 GenevaAerospace'sVACSsystemground
station,to controlmultiple, heterogeneous,rotorcraftand�x ed-wingUAVs. UsingPVACS,we have discoveredthat
overconstrainedmissionsareparticularlychallenging,becauseit is dif�cult for operators�nd appropriateways to
relax constraints.To solve this problemwe have addeda “best-effort” planningmodeto the Playbook. Best-effort
plansmaybedirectlyuseful,or canbeusedasaguidelinein relaxingconstraints.

1 Intr oduction

As UnmannedAir Vehicles(UAVs) becomemorecom-
mon, several operationalchallengesemerge. First, cur-
rent operator-to-platformratioson the orderof 4-1 will
no longer be acceptable. Second,the currentpractice
of providing a dedicatedworkstationfor eachvehicleor
vehicletype will alsobe unacceptablewhenindividuals
mustinteractwith multiple,heterogeneousvehicles.Op-
eratorswill needa commoninterfacefor multiple vehi-
cles. Third, new usabilityandtrainingrequirementswill
beimposed.Not all operatorswill spendmonthstraining
to beratedfor avehicle,norwill they devotefull attention
to vehiclemanagement(muchlessto managinga single
vehiclesubsystem).Instead,UAVs mustbecontrollable
with muchlesstrainingandwhile engagedin many other
activities.

We have developedan approachto UAV control that
addressesthesechallenges[7]. We usethe metaphorof
a sportsteam's playbookto enablebothquick andcom-
plex variable-initiative control with a variety of UAVs.
The userof our PlaybookTM ”calls a play” to requesta
servicefrom a teamof UAVs. We have implemented
this approachin thePlaybook-enhancedVariableAuton-
omy Control System(PVACS) project,which combines
SIFT's Playbook interfaces and Geneva Aerospace's
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VariableAutonomyControlSystem(VACS).
As we beganto make useof the implementedPVACS

system, we discovered a new, pressingchallengefor
users.Thatchallengeis how to handlesituationsin which
theoperatorhasoverconstrainedthesolutionspace.For
example,anoperatorcannow call an“overwatch”playto
provide sustainedsurveillanceof a given location,with
a given radius,for somewindow of time. Playbookre-
spondsby attemptingto developa planfor therequested
play within theuser's constraints.But whatshouldhap-
penwhenthe Playbook's plannercannotprovide a plan
thatmeetstheseconstraints?This is noeasymatter, since
theplanningfailurecouldbea resultof UAVs beingtoo
farfromthetargetto reachit in time,orof havingnoUAV
availableto providecoveragein somesub-interval of the
time window (perhapsneitherthebeginningnor theend,
but somepieceof themiddle).

Simply notifying theuserthatno plancouldbedevel-
opedis undesirablesincethis givestheoperatorno idea
whatwaswrongor how to revise therequest.Similarly,
thecausesof planningfailurearegenerallyfar too com-
plex to admit any simpleUI-basedexplanationstrategy.
It mayseemthattheoperatorcouldsimply relaxthecon-
straintsandaskfor adifferentplan,but which constraints
(surely not thosethat re�ect physical reality)? and in
what order? Worse,eachattemptto generatea plan for
somenew, relaxed subproblem,is computationallyex-
pensive andfrustratingto a humanoperatorwhosetime
maybeneededelsewhere.

Throughout our development of the Playbook ap-
proach,wehavebeenguidedby thefactthattheproblem
of humancontrolof multiplecomplex, semi-autonomous



agentsis one that humanshave beenwrestlingwith for
milennia. The key differenceis that up to know the
“agents” controlledhave generallybeenother humans.
This long historymeandsthatthemethodshumanityhas
developedfor “supervisorycontrol” — including dele-
gatingandmanagingtasks— arevery familiar to usand
reasonablyeffective. Whenever possible,we try to use
human-humandelegation and supervisorycontrol as a
modelfor human-machineinteraction.

Taking this approach,we seethat a subordinatewho
simply reportsthat s/hecannotdo what the supervisor
hasrequested,withoutprovidesadditionalexplanationor
alternatives,is not very helpful. On theotherhand,one
thing that subordinatemight do, which would be seen
asreasonablyhelpful, would be to say“I can't do what
you've asked, but I cando this thing, which is closeto
what you wanted.” While perhapslessinformative than
a detailedexplanation,this approachhasthestrengthof
potentiallysaving time (if thesupervisoris satis�edwith
thealternateplan)andof providing thebasisfor negotia-
tion andplanrevision if thesupervisorwantsto adjustit
further.

To support this style of interaction,we have devel-
opedarelaxedplanningmethod,basedoncost-basedop-
timization.Ourunderlyingplanningmethod[9] supports
generatingplansof minimumcost. Building on this, we
havedevelopedamethodfor generatingrelaxedplansfor
the plays in the system. Using this cost-basedmethod,
we provide usersthe ability to requestthat the system
give a “best-effort” plan, whenthe systemcannotmeet
all thestipulatedconstraints.Thebest-effort plancanbe
producedonan“anytime” basis[1], whichmeansthatwe
caninterruptit atany time,with abestanswersofar. This
meetsourneedfor promptresponsetimes.Oneironic as-
pectof this is thatsatis�cing1 wasoriginally proposedas
awayof overcomingthecomputationaldemandsof opti-
mal reasoningaspartof aprogramof “boundedrational-
ity,” but we arebringingbackoptimizationin serviceof
satis�cing.

2 PlaybookTM delegationinterfaces

Human supervisorsof human subordinateshave been
solving this problemfor millennia. Humansgenerally
don't control other humanagentsat the level of indi-
vidualmovements–roughlyanalogousto thecurrentstate
of affairs whereUAVs must be controlledvia joystick
commands–andin fact,therearestrongreasonswhy this
is never aneffective managementstrategy (e.g.,[1]). In-
stead,humansupervisorsdelegatetasksto subordinates,
or they requestservicesthatsubordinatesdeterminehow
bestto satisfy. In eithercase,someobjective or partial
plan is communicatedto the subordinate,perhapsalong
with constraintson how thatobjective maybe achieved,

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

but simultaneouslysomeauthority/autonomyfor exactly
how to achieve that objective in context is alsogiven to
thesubordinate.

When interactionwith subordinatesis effective it is
becausethe effort the supervisorrequiresto request,in-
struct,overseeandmanagethesubordinate(s)is lessthan
s/hewould requireto do the task without them, and/or
becausemoretaskscanbeaccomplishedfasteror better
via delegation than would otherwisebe the case. This
saving or extendingof thesupervisoror requestor'seffort
comesaboutspeci�cally becausethes/hedoesnot have
to planandexecuteeverydetailof thedesiredbehavior at
thelowestlevelsof controlavailablein thesystem.Gen-
erally, more ef�ciency will be achieved the greaterthe
degreeof responsibilityfor planningand executionthe
requestercan reliably delegate to his/her subordinates.
Wherethereliability of delegation(in termsof having the
desiredoutcomeachieved via a desiredmethod)breaks
down, supervisorscan actually incur greaterworkload
than if they had donethe task themselves,becausenot
only did thesupervisorshave to instructandmonitor the
subordinate,but now they hadto repairerrorsaswell.

Domains with a long history of attention to how
to communicateintent effectively while simultaneously
minimizing supervisorworkload include business,con-
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
footballteams)achievecomplex formsof coordinatedbe-
havior by meansof a ”playbook”. A playbookcontains
prede�nedpatternsof behavior thatareunderstoodby all
participantsontheteam.By meansof asingle,shortplay
nameor label, the quarterbackor teamcaptaincanex-
presshis/herintentfor a largenumberof independentac-
torsto behavein adynamically-changingyetcoordinated,
focused,constrainedandeffective fashion.Furthermore,
playscanserveasasharedpointof referencefrom which
to build novel variationswith minimal effort. But it is
worth notingthatplaysalsorequirethattheactorsbeca-
pableof interpretingandapply-ingtheplayto thecontext
thatexistswhentheplay is called. This maybe assim-
pleasdecidingwhetherto stepleft or right dependingon
whatdirectiontheopponentis comingfrom in a football
play, but it precludescompletelyrote behavior. Actors
mustbe allowed someautonomyabouthow to perform
their delegatedrolesif thereis to be any ef�ciency gain
in thesystem.

Servicerequestsarelike play calling in all but thede-
greeof authoritywieldedby therequestor. A supervisor
is delegatingtasksor goalsto subordinateswho are,pre-
sumably, underhisor hercontrolandhavenoothersuper-
visor concurrentlytaskingthem. A requesterof service
mayusethesamevocabularyof goalsandtasks,but since
his/her”commands”are not going to subordinatesthat
areunderhis/herfull andexclusivecontrol,therequester
hassomewhat lessauthority than the true supervisor–



andsomewhatlessguaranteethattherequestwill besat-
is�ed completely. This tradeoff maybeuseful,however,
especiallyif (asis thecasefor many proposedbattle�eld
UAVs) the subordinatesare in high demandandcanbe
usedmore effectively overall if they are sharedamong
multiple users.

3 PlaybookTM architecture

We have beendevelopinga ”playbook” approachto the
controlof UAVs thatstrivestobuild thesamekindof rela-
tionshipbetweenthemanda humansupervisorasexists
betweena captainand his/herteam. Figure 1 presents
the basicarchitecturefor our Playbook. We will pro-
videa brief discussionof thePlaybookarchitecturehere,
followed by a detailedwalkthroughof a speci�c usage
exampledesignedto illustrateboththeuser's experience
andtheinternalrepresentationandreasoningof thePlay-
bookin theremainderof thepaper.

Operatorscaninteractwith andrequestservicesfrom
automationin highly sophisticatedand�e xible waysvia
Playbook. Like the quarterbackof a football team, a
PVACSoperatorcancommandaverycomplex, veryhigh
level ”play”-evenoneinvolving a heterogeneousmix of
actors(vehicles)-viaa fastandsimpleaction. Also like
thequarterback,theoperatorcanissuemorespeci�c re-
questsaboutindividuals'behaviors,albeitspendingmore
time to ”�esh out” the request,providing more instruc-
tionsaboutspeci�cally how it shouldbesatis�ed.

A full Playbooksystemconsistsof auserinterface(UI)
communicatingwith a Playbookserver. The userinter-
faceallowsoperatorsto commandautomatedsystemsvia
a sharedmodelof the tasksthatcanbeperformed.This
taskmodel is both hierarchicallyandsequentiallyorga-
nizedallowing thestringingtogetherof tasksor ”plays”
in commandablesequencesand/ordrilling down within a
givenplay to selectalternateperformancemethods.

3.1 User Interfaces

Decomposingthe systeminto a server and UI allows
SIFT to provide different user interfacesto meet the
needsof differentclassesof user. Therearethreeuserin-
terfacesthatwork with thecurrentversionof theserver:
a PDA interface,a consoleinterface,and an engineer-
ing interface.Theengineeringinterfaceis written in the
scriptinglanguagePython,allowingusto rapidlytestnew
facilitiesonawidevarietyof platforms.

The PDA interface (seeFigure 2) is aimed at time-
pressuredusers,notionally including membersof small
military units,SWAT teams,etc. We expectthat thepri-
maryinterestof theseuserswill betheendresultsof the
plays(in our currentscenarios,this would be streaming
video of surveillancetargets);and that they will not be
interestedin the detailsof platform control. Indeed,we
would liketo provideuserswhoarenotratedUAV opera-

Figure2: PDA userinterface.

torswith thebene�tsof UAVs. UsingthePDA interface,
suchuserscancall a play to establishsurveillancewith
threemouseclicks, in muchlessthan15seconds.

TheConsoleUI (seeFigure3) meetstheneedsof users
whohavemoretimeat theirdisposal,andaremoreinter-
estedin thedetailsof platformcontrol. TheConsoleUI
alsofeaturesaninterfaceto thePersonalFlight Planning
System(PFPS)suite of tools, and can usePFPS' Fal-
conView2 �ight mappingsoftwareto displayPlaybook-
generatedroutes(seeFigure4). With FalconView, Play-
bookuserscanprojecttheexecutionof missionplansus-
ing FalconView'srehearsalcapability.

3.2 Playbookserver

The Playbookserver hasthreemajor components.The
�rst is theserver layeritself, which providestheservices
to clients,tracksclient sessions,etc. We will not discuss
thiscomponentin any detailhere.Thetwo majorcompo-
nentsarethe AnalysisandPlanningComponent(APC),
which translatesuserplay requestsinto executablemis-
sion plans,and the Executive. The Executive manages
communicationwith any connectedgroundcontrol sta-
tion(s),anddoesany necessaryclosed-loopcontrol: read-
ing platform statusinformationfrom thegroundcontrol
system(GCS), and keepingthe missionplan on track.
SeeFigure1. All threeof thesecomponentsdraw upon
thesharedtaskmodel.

The Playbook Analysis and Planning Component
(APC) evaluatesthe feasibility of alternatemethodsof
satisfyingrequestedplays.Whengivena high-level play
request,the APC selectsamongvariousfeasiblemeth-
ods,issuesinstructionsto thegroundcontrolsystemex-
ecutionenvironment(seebelow) andmonitorsfor neces-
sary revisionsduring performance.When given lower-

2www.falconview.org
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Figure1: Playbooksystemarchitecture.

Figure3: Consoleuserinterface. Figure4: FalconView working with Playbookcon-
soleUI.



level, morespeci�c anddetailedrequests(suchasa spe-
ci�c platform to use,a speci�c path to be followed, or
speci�c scanpatternsto use),theAPC reviews themfor
feasibility andeither(a) reportswhenrequestedactions
areinfeasible,(b) passes̀validated'user-requestedplans
to the executionenvironmentandmonitorstheir perfor-
mance,or (c) �eshesouthighleveloperatorrequests(like
“Overwatch”)to anexecutablelevel (for example,choos-
ing amongavailable platforms,selectingwaypointsfor
ingressand egress,identifying sensorsteeringparame-
ters,etc.)within theconstraintstheoperatorhasimposed.

The APC is built on top of the SHOP2planningsys-
tem,whichwasdevelopedat theUniversityof Maryland,
College Park [9]. As part of our work on Playbook,we
haveaddedfacilitiesfor temporalreasoning(scheduling),
recoveryof statetrajectories,enhancedplanlibrary 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 discussthis in
greaterdetail later.

TheAPC providespre-missionplanning(andcanpro-
vide in-missionreplanning),however it doesnot close
the loop aroundthe UAV autopilots. Closed-loopcon-
trol is the responsibilityof the Executive componentof
thePlaybookserver.3 TheExecutivetracksUAV state,as
transmittedby theGCS,executescommandsthroughthe
GCS during �ight, and managestranslationand down-
loadof missionplans.Sincewe areprimarily concerned
with the planninganduserinterfacecomponentsof the
system,we will not discusstheExecutive further in this
paper.

Playbookby itself doesnot include inner-loop con-
trol capabilities. In the programin question,we have
beenworking with Geneva Aerospace's VACSTM control
system,the PlaybookExecutive controlling the UAVs
throughthe VACS GCS.4 Geneva Aerospace's Variable
AutonomyControlSystem(VACS)providesa robustin-
tegratedcontrolarchitectureenablingasingleoperatorto
controlmultiple UAVs[2].

The VACS architectureincludes an Internet Proto-
col (IP) basednetwork-centriccommunicationspackage
linking teamsof UAVs and remoteoperatorworksta-
tions. VACS fusessensorand databaseinformation to
autonomouslyadjust�ight pro�les to avoid terrainand
mid-air collisions. OnceVACSadjuststhe �ight pro�le,
however, it relieson thehumanoperatorto decideif the
missionplanmustberevised(e.g.,perhapsbecausetime
ontargetconstraintshavebeenviolated).Further, thehu-
manusermustmake all missionlevel decisionsandin-
teractwith thevariouscontrol levels. VACShasrecently

3Properlyspeaking,the Executive doesnot directly commandthe
UAVs, but worksthroughtheUAVs' GCS.

4We are concurrentlyworking to add Playbook facilities to IA
Tech's 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 automatedmeansof de-
veloping and adjustingplansto achieve missionobjec-
tives. Playbookpossessesa hierarchicalunderstanding
of the operationalintent andspeci�c target tasking,and
canprovidehigh-level commandsto thevehicleandsen-
sorcontrolsystemsfollowing thecommandstructureal-
readyin placein theVACS. In essence,VACS provides
a ”library” of control executionbehaviors from which
plays,aswell asmorecomplex sequencesof playswhich
form overall missionplans,canbecomposed.The inte-
gratedPlaybook+ VACS (PVACS) capabilitiesarepar-
ticularly relevantto projectedoperationalconceptswhere
busyand/ornon-ratedoperatorsmustsuperviseteamsof
heterogeneousvehicles. PVACS' combinationof very
high level andvariableautonomycontrolwill allow busy
operatorsto commandsophisticated,coordinatedbehav-
iorssimplyandrapidlyand/orallow operatorswith more
time or training to imposehighly speci�c commandsto
customizevehiclebehavior to their exactneeds.

More detailsaboutthePlaybookarchitectureandvar-
ious UI designsareprovided in [6]. In previous work,
wehavedevelopedprototypeplaybooksfor UCAV teams
[8], TacticalMobile Robots[3], andtheRoboFlaggame
(aroboticversionof “capturethe�ag”) [10]. Theremain-
derof thispaperwill focusonissuesin providing mission
plantaskingwith thePlaybook,andmoreparticularlyon
ouruseof optimizationfor this purpose.

4 The Challengeof overconstrained
missions

The basicPlaybookconceptputs an AI plannerin ser-
viceof auser, attemptingto emulateanintelligentsubor-
dinate. For example,in our applicationfor mixed UAV
reconnaissanceteams,we allow a userto say “I would
like surveillanceof this areafor that periodof time.” In
response,theUI will senda requestto theplanner. The
plannerwill generatea planto meetthis request,tasking
oneor moreUAVs to �y to the surveillancearea,point
their cameras,etc. This frees the user from the need
to identify what UAVs areavailable, �nd an acceptable
�ight path,etc. If theuserlikestheproposedplan,it can
bedownloadedto theGCSfor automaticexecution.

Until now, however, when the Playbookplannerwas
unableto satisfyaplayrequest,it effectivelysaid,simply,
“no.” Even thesystemdevelopersfound it very dif�cult
to decidewhy a play requesthadfailed. We expectthat
a systemthat fails this way will generatethe samesort
of frustration(andinef�ciencies) aswould a subordinate
who, whenasked to performa task,simply responds“I
can't.” It is certainlyusefulfor thesuperiorto know if his



orderscannotbeobeyed,5 but it wouldbefarmoreuseful
to know whys/hecan't andknow whatmight befeasible
in moving towardthesuperior'sgoals.

In even moderatelycomplex domains,it canbe very
dif�cult to determinewhy a requestcannotbe satis�ed.
Considera surveillancerequestfor a particularlocation.
Herearethreereasonswhy sucha requestmight be in-
feasible:

1. Thereis no UAV that is ableto reachthetargetarea
by thetime thattheuserwantssurveillanceto start.

2. It is possibleto geta UAV to thetargetareain time,
but thatUAV mustleave beforetheendof thecov-
erageperiodtheuserhasrequested(andthereis no
otherUAV availableto takeover thejob).

3. Thereis aUAV thatcangetto thetargetin time,but
it mustreturnto basebeforea secondUAV canget
to thetargetareato takeoversurveillance.

Theseare a few simple casesthat have to do with the
time boundson the request;therecould be many other
reasonsfor missionfailure(no UAV available,target too
far away, etc.). Note also that thereis no crisp, easily
mechanizabledistinctionbetweenthe differentexplana-
tions for failure. The additional investigationto disen-
tanglethe causesmay be quite burdensome.For exam-
ple,onemight needto �nd the�ight distancesto thetar-
get for all available UAVs, and then fuse 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 ourselveshadin calling
plays.

Note that thereis no easy, obvious �x to theproblem
of searchfailures. Therearepotentiallya large number
of constraintson any play, andthereis no obvious indi-
cationof which constraintis to be relaxed. It might be
possibleto addressthis problem,by requiring the user
to supplysomeform of objective functionover thecon-
straints,but suchobjectivefunctionsareverydif�cult for
usersto provide.

To takea somewhatridiculousexample,shouldwe re-
lax the constrainton the time on target, or shouldwe
changethetarget location?Worse,thereis no guarantee
that relaxinga singleconstraintwill besuf�cient. Com-
putationally, this is averydif�cult problem.Proving plan
non-existenceis more dif�cult than proving plan exis-
tence.Furthermore,searchingfor asetof constraintsthat
mustberelaxedwould involvesearchingoverthealready
dif�cult planningproblem.And worstof all would beto
requiretheuserto searchthroughthisspacevia atedious
combinationof “Can you do this? No? Well, how about
this?” questions.

5The agreeablesubordinatewho simply assentsto every request,
feasibleor not,canwreakhavoc in anorganization.

Given thesedif�culties, we have turnedback to our
original inspiration: attemptingto have our systemsac-
ceptresponsibilitiesin wayssimilar to thewaysahuman
would acceptdelegation.Accordingly, we have built our
systemto beableto effectively say“I can't give you ex-
actlywhatyouwant,but here'ssomethingI think is close
thatI cando.”

5 Best-effort planning using opti-
mization

Let usreturnto thethreeexamplesabove,whichwehave
testedin thecurrentPlaybook.Figure5 shows anaerial
photographof theareaof interest(aroundtheMcKenna
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 varyingperiodsof availability), andall will in-
volvesurveillanceof thesametarget(but for differentpe-
riods). Figure6 givesdetailsof the time constraintsfor
thethreeproblems.6 Timesaregivenin minutes:seconds
(optionallywith hours).

As thePlaybookinterfaceworksnow, if auserrequests
a play thatis overconstrained,s/hewill geta messagere-
porting that no plan canbe found that meetshis or her
constraints.Thentheuserwill beofferedtheopportunity
to get a best-effort plan for the samerequest.Consider
our �rst case,wheretherearetwo UAVs suitablefor per-
formingthemission,but neitherof themcangetontarget
asquickly asthe userhasrequested.In this case,if the
userrequestsa relaxedplan,thenthesystemwill provide
a planwherethescanningbegins two minuteslater than
requested,but thatotherwisesatis�estherequest:thero-
torcraftwill takeoff and�y to thetargetimmediatelyand
beginsurveillance,until theendof thedesiredperiod,and
then�y backto its startingposition(the �x ed-wingair-
craft is notneeded).

How are such“best effort” plansgenerated?To un-
derstandthis, we must understanda little bit aboutthe
functioningof thePlaybookplanner(APC).TheAPCis a
hierarchical tasknetwork(HTN), or decompositionplan-
ner. Sucha plannertakestaskdescriptions(suchasthe
inputplayrequestin PVACS),anddecomposesit, stepby
step,matchingagainstmethodde�nitions, until it reaches
a fully �eshed-out plan, whereall the taskshave been
speci�eddown to a setof de�ned,executableprimitives.

Threecomplicationsmake this morethana simpleex-
ercisein tree-walking:

1. Theremaybemultipledifferentmethodsfor asingle
task,andtheplannermustchoosebetweenthemto
�nd onethatis feasible(andpossiblyoptimal).

6Notethat thetimesin questionareoftenrathershort,possiblyun-
realistically so. Thesewere chosento be so short for demonstration
purposesonly, becauseour simulationruns in 1:1 time. Longer time
constantswould not changethe way our techniqueswork, but would
make for runsthataretediousto watch.



Figure5: Areaof simulatedoperationsat theMcKennaMOUT (screenshotfrom VACSGCS).



UAV availability
101 t+ 8:20– t+ 90:00
201 t – t+ 16:40

Requestedsurveillance
t+ 1:00– t+ 6:00

(a)No UAV availableearlyenough

UAV availability
101 t – t + 40:00
201 t – t+ 20:00

Requestedsurveillance
t+ 3:00– t+ 40:00

(b) UAVs notavailablelong enough

UAV availability
101 t+ 30:00– t + 4:00:00
201 t – t+ 30:00

Requestedsurveillance
t+ 4:00– t+ 44:00

(c) UAVs availableto cover theentireperiod,but nosmoothhandoff.

UAV Travel time to target
101 approx.3:00
201 approx.5:00

Travel times(all problems)

Figure6: Threeoverconstrainedproblems.UAV tail number101is the �x ed-wingaircraftand201is the rotor-
craft. All timesaregivenin minutesandseconds.

2. Theremay be variable-bindingdecisionsthat have
to be made, such as choosingbetweendifferent
UAVs to performa sortie. Again, theplannermust
�nd a feasible(resp.optimal)solution.

3. The plannermust check that the sequenceof ac-
tions generatedcorrespondsto a feasiblestatetra-
jectory. This is complicatedbecauseactionsmay
haveside-effects,andtasksmaydestructively affect
eachother. For example,if a plan wereto causea
UAV to passovera locationoccupiedby theenemy,
it mightdestroy thedesiredelementof surprisefor a
following UAV.

For thosemorefamiliarwith numericaltechniques,it is a
reasonableanalogyto think of a plannerasa constraint
solver, like a linear programming(or mixed-integer)
package,but one that operatesin a primarily discrete
space,ratherthana continuousone.

The currentplannerprimarily operatesin a constraint
satisfaction,or satis�cing mode. I.e., it returnsthe �rst
plan that it can �nd that meetsthe user's requirements.
Becausetheplanningproblemis not tractable,we time-
limit the planner. In theory, this could causeus to fail
to �nd solutionsto solvable problems. In practice,we
�nd thattheproblemsweareworkingoneitherterminate
fairly rapidly, with eithersuccessor failure,or fail aftera
greatdealof search.For practicalpurposes,it is accept-
ableto terminateaftera�x edperiodof time,althoughthe

preciseperiodof timediffersbetweenapplications.7

Our approachto best-effort planning is to relax the
user-imposedconstraintson theobjectiveof a task,asso-
ciatea costfunction to plans,and�nd thebestavailable
plan (within a �x ed time bound). The SHOP2planner,
which we have usedasthe basisfor the APC is ableto
performa very limited form of optimization,whichmin-
imizesthesumof auser-de�nedcostfunction,appliedto
eachof thestepsof aplan,P. I.e. c(P) =

P
s 2 Pc(s),

and we chooseargminP 2 ! c(P). This optimizationis
performedusing branch-and-bound,and can be time-
limited.

Thereweretwo challengesthat facedus in providing
best-effort search.The �rst was to overcomethe limits
of SHOP2's optimizationfunctions,andthesecondwas
to identify appropriatecost functions. The currentopti-
mizationfunctions,basedon functions,arenot suitable
for our purposes,sinceour optimizationsmustbe done
over statetrajectories. For example,for our overwatch
play, the costshouldbe somefunction of the portion of
thedesiredtime thatthetargetis not beingwatched.The
cost is a function of the setof states,not of the actions
takenby thesystem.Usinghigher-orderfunctions,it was
possiblefor us to modify the planningsystemto permit
usto associatestatetrajectoryfunctionswith plans.

With the technicalimplementationout of theway, we
turnedourattentionto composingcostfunctions.In gen-

7ThePlaybookintegratedwith MIIIRO hasdifferenttimebehaviors
thanthePVACSPlaybook.



Figure7: Relaxedplan for casewith no UAV avail-
ableearlyenough.

eral,it is averydif�cult problemto composeutility func-
tions for complex optimization(see,for example [5]),
andcomplex optimizationsystemsoften yield solutions
unexpectedto (andoften unwelcometo) their users[4].
Theproblemathand,however, is farmoresimple.Weare
not trying to �nd solutionsthat optimizeutilities; rather
we aretrying to �nd solutionsthatwill comecloseto the
user'sdesires,or will guidetheuser. For example,evenif
theuserdoesn't like theplanthatresultsfrom relaxation
in theprecedingexample,it will provide someguidance
in termsof how long it might take to reachthe target,
allowing theuserto reconsiderhis or her tasking.Prob-
ably themostdif�cult problemin formulatingan objec-
tive function is to handletradeoffs beteweencompeting
objectives: how much of oneobjective are you willing
to pay to 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 reconnaissancemissionsinvolve simply penaliz-
ing themissionfor partsof thesurveillancewindow that
arenot covered.

Using such optimization functions, give the results
shown in Figures7, 8, and8 for our sampleproblems.
In these�gures, thelinesmarked“request”show thepe-
riod of surveillancerequestedby theuser. In eachcase,
the centralbandshows the surveillancepart of the mis-
sion(or thesurveillancerequest).

We �nd that userspresentedwith this kind of infor-
mationcanreadily understandwhy their requestscould
not be met,andarein a positionto modify themappro-
priately. For example,a userwho wasattemptingto get
earlycoveragefor � veminutes,asin Figure7, might see
this, recognizethatno UAV wasableto reachthe target
soonenough,andeitheraccepttheplanor, if durationwas
whats/hecaredabout,morethantime on target,modify
theoriginal requestto be� veminutes'surveillancestart-

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

Figure9: Relaxedplanfor casewith UAVs available
to cover the entireperiod,but no smooth
handoff.



ing at t + four minutes,ratherthant + oneminute.

6 Conclusions

In this paper, we have presentedan approachto provid-
ing usersupportfor overconstrainedmissionplanningin
thecontext of a Playbook-styledelegationinterface.Our
approachusesoptimizationto provide feasible,closeap-
proachesto the user's preferredsolution. We have in-
corporatedthis techniqueinto a Playbookcontrol sys-
tem for UAVs (both rotorcraft and �x ed-wing), that is
integratedwith Geneva Aerospace's VariableAutonomy
ControlSystem.

In future work, we will extendthe approachandbet-
ter integrateit with the userinterface. Currently, while
userscan requestbest-effort plans for overconstrained
problems,theuserinterfacedoesnot helpthemcompare
therelaxedplanswith theoriginal requests.We will de-
signadditionaldisplayelementsto show how therelaxed
plansdeviate from requested,for example,showing de-
siredtimelinesmatchedagainsttheplannedones,show-
ing actualplay parametersmatchedagainstthe desired
choices,andhighlighting the differences.We will also
extend the relaxed planning approachitself to cover a
widervarietyof problems,includingmultiple concurrent
plays,andmoreplay types.
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