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Abstract. An importantrequiremenfor autonomousystemss the ability to detect
andrecover from exceptionalsituationssuchasfailuresin obsenations.In this paper
we investigatehow traditional Al planningtechniquescan be usedto reasonabout
obsenationsandto recover from thesesituations.In this first stepwe concentraten

failuresin perceptuabinchoring We illustrate our approachby shaving experiments
run on amobilerobotequippedvith acolorcamera.

1 Intr oduction

Oneof the main requirementgor an autonomousystemis the ability to copewith excep-
tional situationsin the executionof its assignedasks.Oneapproactto facethis requirement
is to endav the systemwith the ability to useknowledge-basedechniquedo reasonabout
the flow of execution,detectanomaliesand automaticallygeneratea contingeng plan for
recovery. Most existing systemge.g.,[8, 3, 11, 16, 17]) tendto focuson the external state
of the world, comparingthe obsened statewith the expectedone. Discrepanciegsanorigi-
natein thefailure of actionsperformedby therobotaswell asin exogenousvents.Thereis
however anothercommoncauseof problemsin the executionof robot plans,which is more
relatedto the internal stateof the robot: failuresin perceptionjncludingtheinability to ac-
quirethe perceptuatlataneededo performthe desiredactionsandtheincorrectnessf these
data.Theability of therobotto detectperceptuafailuresandto recover from themis pivotal
to its providing autonomousndrobustoperation.

Several works in the field have addressedhe problemof planningfor perceptualac-
tions.Perceptiorplanninghasbeenstudiedasameandor gatheringoettervisualinformation
[14, 1], for achieving saferlandmark-basedavigation[15, 9], andfor performingtasksthat
involve sensingactions[10, 13]. None of theseworks, however, dealwith the problemof
failuresin the perceptuahctionsandof theautomatiaecovery from thesefailures.

In this paperwe proposeo useAl planningtechniquedo automaticallygeneratea plan
to recover from failuresin the perceptuaprocessesWe focushereon one specifictype of
perceptualprocessperceptualandoring. Perceptuabnchoringis the processof creating
andmaintainingthe right correspondencbetweerthe symbolsusedby a symbolicplanner
to denoteobjectsin the world and the perceptualdatain the sensori-motoricsystemthat
referto the sameobjects.This processnayfail if theuncertaintyin the sensodatabecomes



too high to allow the robotto unambiguoushassociatéhesedatato a givensymbol.In this
paperwe shav how we canmodeltheanchoringprocessn a planningformalism,andusea
plannerto generatea sequencef actionsto recover from a failure duethe accumulatiorof
uncertaintyIn this context, the main contributionsof this paperare:

1. Weisolateoneof the cause®f perceptuafailurein robotplanexecution;and

2. We give anexampleof how therobotcanrecorerautonomouslyrom thesefailuresusing
knowledge-baseglanning.

In the next section,we give a brief reminderof perceptualanchoring.ln section3 we
discusssomeways in which anchoringcould fail and somepossiblerecovery actions.In
sectiord we shov how theanchoringprocessanbemodeledn aplannerandarecoveryplan
generate@utomaticallyFinally, we presentanactualexperimentrun onamobilerobot. This
experimentis admittedlysimple. The main purposeof this paperis to opena new research
directionin the useof knowledge-baseglanningin robotics,shoving how it canbe used
to dealwith autonomousecovery from errors.Our first resultsindicatethatthis directionis
promising,but morework will be neededo furtherexplorethis possibility.

2 Perceptual Anchoring

Autonomoussystemsembeddedn the physicalworld typically incorporatetwo different
typesof processeshigh-level cognitive processeshat performabstracteasoningandgen-
erateplansfor actions;andsensory-motoriprocesseghat obsene the physicalworld and
actonit. Theseprocessebave differentwaysto referto physicalobjectsin theernvironment.
Cognitive processesypically (althoughnot necessarilyusesymbolsto denoteobjects like

“cup-22”. Sensory-motoriprocessesgypically operatefrom sensomatathat originatefrom

observingtheseobjects like aregionin aseggmentedmage.lf the overall systemhasto suc-
cessfullyperformits tasks,it needs¢o make surethattheseprocesseétalk about’the same
physicalobjects.This hasbeendefinedasthe andoring problem([5], illustratedin Fig. 1:

Anchoringis the processof creatingand maintainingthe correspondencbetween
symbolsandsensodatathatreferto the samephysicalobjects.

In our work, we usethe computationaframeavork for anchoringdefinedin [4]. In that
framework, the symbol-datacorrespondencéor a specificobjectis representedby a data
structurecalledananchor. An anchorincludespointersto the symbolandsensodatabeing
connectedtogethemwith a setof propertieusefulto re-identifythe object,e.qg.,its colorand
position. Thesepropertiescanalsobe usedasinputto the controlroutines.

Considerfor concretenesa mobilerobotequippedwith avision systemandwith a sym-
bolic planner Supposehat the plannerhasgeneratedhe action ‘GoNear(cup-22)’where
thesymbol‘cup-22’ denotesan objectdescribedn the planneras’a greencuponthetable’.
The'GoNear’ operatoris implementedyy a sensori-mototoop thatcontrolstherobotusing
the positionparametergxtractedfrom aregion in the cameramage.In orderto executethe
‘GoNear(cup-22)’action, the robot mustmake surethatthe imageregion usedin the con-
trol loop is exactly the onegeneratedyy observingthe objectthatthe plannercalls‘cup-22'.
Thus,therobotusesafunctionality calledFind to link thesymbol‘cup-22’ to aregionin the
imagethatmatcheghedescriptiona greencuponthetable’. Theoutputof Findis ananchor
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Figurel: Theanchoringproblem.

that contains,amongother propertiesthe (z, y) positionof the cup, which is usedby the
‘GoNear’ routine.While the robotis moving, a functionality called Track is usedto update
this positionusingnew perceptuatiata.Shouldthe cup go temporarilyout of view, e.g.,be-
causdt is occludedby anothermbject,the Reacquire functionalitywould be calledto update
the anchorassoonasthe cupis in view again.More detailsaboutperceptuabnchoringand
its useto performactionsin arobotcanbefoundin [4, 6, 5].

3 DetectingPotential Failur esin Anchoring

Perceptuahnchoringcan be affectedby mary sourcesof uncertainty rangingfrom the in-
trinsic vaguenes®f symbolslike “green” to the errorsand imprecisionsin the obsened
propertiesof objects.This uncertaintycanleadto differenttypesof failuresin the anchor
ing processsuchasfailing to find/reacquirean objector reacquiringthe wrong object.Our
approacho dealingwith theseproblemsis to explicitly modelthe sourceof uncertaintyin
theanchoringprocessandto useAl techniqueso reasoraboutthem. Thiswill increaseour
chancedo detectpotentialfailuresandto recover from them.

Oneof thesesource®f uncertaintystemsrom predictingthepropertieof anobjectwhen
it is re-obsered after sometime. For mobile robots,this uncertaintyis mainly dueto the
accumulatiorof odometricerrorsaswell asto errorsin the estimateof the stateof a moving
object.Both factorsmay induceuncertaintyin the expectedpositionof the objectrelative to
therobot.An effectof thisuncertaintyis thatsimilar objectsatnearbylocationsbecomeamore
difficult to discriminateafteralong motion,which canleadto errorsin reacquiringanobject.

Anothersourceof uncertaintyis dueto varyingobsenation conditions.For instancethe
estimatectolor, sizeandpositionof anobjectin animagemay changewvhenobservingthe
sameobjectfrom differentviewpointsor underdifferentlighting conditions.In thescenarios
we have run, the apparenthangeof positionsof objectscausedy miscalculatingthe dis-
tanceto thoseobjectsfrom differentobsenation pointsis the mainsourceof errors.We will
thereforeconcentrat®n this type of uncertaintyandshov how it canbe modeledn orderto
detectandrecover from situationswhereuncertaintycreatesambiguity

To illustrateambiguitiescausedy bothkindsof uncertaintieswe will considerascenario
inspired by our on-goingwork on a fire-rescuerobot, wherewe want a robot to perform
somesensingactionson a gasbottle. A schematiaiew of the setupcanbe seenn Figure?2.
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Figure2: Theinitial setupof thetestscenario

Initially therobotonly recevesperceptdor onegasbottle approximately2.5min front of it,
andanchorsa newly createdsymbol’gb-1’ to theseperceptsSincethe robotstartsat (0, 0)
it knows that’gb-1’ is approximatelyat coordinateq2.5, 0.0). The robot then movesto a
new obsenation point D andturnsto facethesecoordinatesFrom hereit recevespercepts
from two gasbottles.Sincetherearesmallerrorsin positioning(afew centimetersandlarge
errorsin therelative positionsof objects(afew decimetersit recevesperceptsndicatinggas
bottlesat (2.3,0.1) and(2.7,0.0). It hasa choiceof which of the two perceptgo anchorto
'gb-1". To simply pick the oneclosesto the expectedpositiongivesusno warningthatthere
is alarge possibility of reacquiringhewrongobjectandno meando recover.

To dealwith this issuewe usetwo functionspogo ~ p) andnedo ~ p) giving the
degreesof possibilityresp.necessity7] for anchoringobjecto to perceptp. The possibility
function representhiow well o0 matchesp by a real numberbetweenO and 1, and canbe
definedin adomainspecificway. For our scenariove have definedit asafuzzy conjunction
of functionscomparingattributes(eg. position,color, shapeetc.)of the objectandpercepts.
By modelingthe sourcesof errorwe canadjustthe fuzzinessof thesefunctionsto allow for
largerdeviationswhenthe predictedpositionof the objecthasa high uncertainty

Thenecessitfunctionreflectsto whatextenta givenpercepts theonly onematchingan
object.lt is definedasnedo ~ p) = 1 — poqo % p), wherepodo % p) is computedasthe
maximumof the possibilitiesfor anchoringo to the otherperceptsvailable,or to no percept
atall. By computingthe necessityof anchoringwe caneasilydetecta numberof situations
in which thereis a risk of failure andtake appropriateactions.In the example above the
necessitiesf matchingthe original objectwith ary of thetwo gasbottleswould below even
thoughtheindividual possibilitiesarehigh. This indicatesa risk for failures.

For ahumanuserthe correctsolutionto dealwith thisanchoringfailureis easy:by going
backto a placecloseto the original position,wherewe hada goodestimateof the position
of the object,we canreacquireit again.Next, we would move toward the desiredobsena-
tion pointin smallstepsandconstantlyreobsere the object.By incrementallyobservingthe
objectaswe aremoving we get updatedestimatesof its positionandcaneasilytrackit all
the way to the destinationpoint. In the next sectionwe shall seehow this solutioncanbe
generatecutomaticallyby modelingthe uncertaintieof the anchoringsystemin a system
for plangeneration.



4 Planning and Recovery

The symboliclevel of the robotic systemwe usefor planningandrecovery is basedon the
plannerPTLplan[12]. It is a progressie conditionalplannerthat supportsreasoningabout
incompletanformation,sensinganduncertaintybothin probabilisticandpossibilisticterms.

Being a symbolicplanner PTLplanusesa statebasedrepresentationyhereactionsare
definedin termsof what conditionsshouldhold beforeandwhatwill hold afterthe action.
Typical examplesof actionscould be to pick up or put down an object,to move from one
part of a roomto anotheror to anotherroom, andto checkif a dooris openor closed.A
planningproblemconsistsof a descriptionof theinitial situation,a setof actions,andagoal
formula,andPTLplanfinds plansby addingoneactionat atime, in differentcombinations,
until a situationis reachedwvherethe goalis sufiiciently likely to hold. By usingheuristics
expressedn logical formulas,the efficiency of the plannercanbe greatlyenhanced.

In orderto usePTLplanto solve problemsrelatedto anchoringandambiguity we needto
provideit with theinitial situationandthepredicatesneededo describat, andspecifications
of theactionsthattherobotcanexecute . Theseneedto modelrelevantaspect®f the external
world aswell asof theanchoringandactionexecutionsystemsOncethe modelis in place,
PTLplancanautomaticallygeneratglansthatcanthenbe executedby therobot. For therest
of this sectionwe focuson the predicatesandactions whichinclude:

e Topologicalinformationabouttheworld, giving placeqp1, . . ., p,) andconnections.
e Therobotsposition(ROBOT-AT=p, ) andactionsto move betweerplaceqGOTO-POS(p;)).

e Objectscurrentlyin theanchoringdatabaséoBJECT (g ),0BJECT(b,),. . . ) andtheirprop-
erties(GASBOTTLE(g;),COLOR(g; ,RED),...).

e Sensingactions(OBSERVE(g;)) andmetainformationrelatingto our ability to reacquire
objectsunderdifferentcircumstances.

Thefirst threepartsabove arequite standardn Al planningandwe will ratherfocuson
thefourth part. The purposeof this partis to represenin the plannerthe metainformationof
objectsusedin theanchoringprocess.

Two kinds of information are neededfrom what positionthe objectwe are attempting
to reacquirewas last anchoredand given that, how likely are we to reacquirethe object
at the currentposition. The first kind is encodedby a function LAST-SEEN-FROM (0; )=p;
mappingeachobjectto thepositionit waslastobseredfrom. Thesecondind is encodedsa
predicatecAN-REACQUIRE (o, pos, pos) signifyingthatwe estimatehato canbereacquired
from pos if it waslastseenfrom pos;.

The CAN-REACQUIRE predicatedependson two factors:how differentthe viewpoints
areat the two positionspos andpos;, whichwill affect our positionestimategor obsered
objects;andwhetherarny similar objectsarenearby The combinatiornof large positionuncer
tainty andnearbysimilar objectswill make anchoringdifficult. Note thatalthoughwe don't
know in advancewhat perceptsof similar objectswe will actually receve whentrying to
reacquireo from positionposm we canconsiderthe objectsthatwe know of beforehandind
assumehatfor eachsuchobjecto’ visible from pos we will receve a perceptmatchingo’.
This givesusthefollowing expectedneccessityf reacquiringo:

predict-reacquire, pos, pos;) = 1 — H}gx comparéo, o', pos;, pos,)



wherecomparéo, o', pos, po%) performsa fuzzy matchon o anda percepty’ actuallycom-
putedfrom nearbyobjecto’ andreturnsa valuein [0, 1]. The matchfunctionis selectedn
thecontext thatwe arecurrentlyat pos andthato waslastobseredatpos. If thefinal com-
putedvalue (i.e. 1 minusthe bestmatching)exceedsa thresholdC for conflict givento the
anchoringsystemthenwe add CAN-REACQUIRE (o, pos, pos;) to theinitial situationgiven
to the planner This represents high expectednecessitydegreenedo ~ p) (asdescribedn
section3) whenthe anchoringsystemeventuallywill try to reacquireo. The compleity of
computingonespecificinstanceof CAN-REACQUIRE is linearon thenumberof objects.
TheactionOBSERVE (o, pos, pos) is thendefinedto have the preconditions:

ROBOT-AT =p0§ A LAST-SEEN-FROM (0)=p0S; A CAN-REACQUIRE (0, pos, pos)

andthe effect: LAST-SEEN-FROM (0) = pos. Thatis, in orderto reacquirean object,it must
be“reacquirable’from the currentpositionpos giventhatit waslastseenat pos;. Thus,the
plannemwill generatglanswheretherobotonly triesto reacquireobjectsin situationswhere
the conditionsfor reacquisitiorarepredictedio be good.Theresultof reacquirings thatwe
registera new “last-seen-from’positionfor the object.NotethatREACQUIRE canbemadeto
have otherkinds of effectsaswell, e.g.providing informationaboutpropertiesof o, but the
above representatiosufiicesfor the purpose®f this paper

5 Integrating Planning, Sensingand Action

To testthe conceptdiscussedn this paperwe have built a systemrunningon a Magellan
Prorobotwhichintegratesananchoringsystemandthe plannerdescribedibove. This allows
us to autonomouslydeliberateand act on objectsin orderto fulfill somegoal. The system
consistof thefollowing parts:

e A controllerallowing usto performmovementsaanduseodometryfor positioning.

e A simplevision systemservingperceptsgeneratedrom an onboardcamera.The sys-
temrunsonboardtherobotandis segmentingcameramagesusingstandardalgorithms,
extractinginformationsuchasshapesndcolorsat approximatelyl frame/sec.

e An executorwhich translatesigh level plansinto controlcommands.

e An anchoringmodulewhich continuouslyupdatesa databasef real-world objectsand
their sensedattributes. This systemalso implementsthe ideasfrom section3 and can
interruptcurrentlyexecutingactions/plans.

e Theplannerandtheworld modeldescribedn this section.

In our systentheplanneris usedto generate planfrom theinitial situationandtheresult
is givento theexecutionandanchoringnodules As the planis executedthe anchoringmod-
ule candiscover potentialfailuresby examiningthe computedchecessityaluesandpossibly
interruptthe currentplan. Whenthis happensa new world modelwill be constructedrom
the databasef currentlyobsened objectsandtheir properties.This modelis thengivento
the plannemwhich generates new planfulfilling thegoalunderthesemodifiedconditions.

Sincethe vision systemusedis quite simplethereis a large degreeof uncertaintyin the
perceptsAn exampleof the outputof the vision processingvherewe have two regions of
pixelsmatchingpredefinedshapescanbe foundbelow.



((object (shape gasbottle)(color red)(pos 2.70 0.12)..)
(object (shape box)(color yellow)(pos 3.70 -1.75)...)

In additionto propertiessuchasshapeandcolor which canbe extractedfrom theregion
assuch,the systemalsotries to estimatethe would-beobject’s position andsize basedon
its positionin the cameramage.Eventhoughthereis a large degreeof errorin the percepts
thefinal systemmplementinghe anchoringunctionalitiesdiscussedh the previoussection
manage# mostcasego maintaina correctmodelof theworld andto operateonthis model.

Next, we describean experimentin which our systemcandetectandrecover from a sit-
uationwhereincompleteinitial knowledgeleadsto ambiguities.In this scenariowe have a
simplified world consistingonly of the robot, predefinedplacesandstatic objects.Further
more,the planneris givenonly two actionsGoT0-POS and OBSERVE.

We setup the scenariodepictedin Figure 2 in which we have two identicalgasbottles.
GasbottleG; which is initially seenby the robot and which we want to investigatefrom
anotherangle(eg. in orderto look for damagespand G, which is initially occludedby the
first gasbottleWe gave theplannerthegoal LAST-SEEN-FROM (G )=D andtheplannerafter
someexploration,returnedthefollowing plan:

GoT0-Pos(D) ; OBSERVE(G:, D, H)

This plan is expectedto succeedsincethe lack of other objectsmeansthat the predicted
neccessityof reacquiringG, is 1.0. However, whenthe robothadmovedto position D the
anchoringsystengot perceptgrom bothgasbottleg@ndsincethe distancerom thelastpoint
whereG; wasobsenedwaslarge (3m) the matchingfunction allowedfor large errorsin the
apparenpositionof percepts-objectd.his meanghatbothpercepimatchedbjectG; with a
high possibility andthe necessityof reacquiringG; becameoo low (0.11).After notingthe
conflict the systemtriggereda replanningfrom the currentsituationcontainingtwo similar
objects.Theinitial planwould notwork sincethe estimatedecessityof reacquiringa; from

D, whenit hadlastbeenobseredfrom H is toolow becausef the presencef G5. Thusthe
plannerinsteadgeneratedhe someavhatlongerplan:

GoOT0-POoS(M;) ; OBSERVE(G1, M1, H) ; GOTO-POS(Ms) ; OBSERVE(G1, My, M) ;
GoT0-Pos(D) ; OBSERVE(G1, D, M>)

This planusesa morecautiousapproachfirst observingGG; from M; meanghata narrover
matchfunction for positionwill be usedwhen later observingG; from M; and D which
makestheobsenre actionsmorelik ely to succeedExecutingthis plansuccededvithouterrors
andtheneccessityf thefinal reacquirevas0.93.

6 Conclusions

Knowledge-baseglannershave beenusedto plan perceptuabctions,andto recover from
executionfailures.The approachproposedn this paperputsthesetwo ideastogether Al-
thoughthe proposedapproacthis very simple,we believe thatit constitutesa first steptoward
thelong termobjective of usingknowledge-basetechniquedo detectandrecoverfrom per
ceptualproblemsn orderto increaseghe autonomyof aroboticsystem.

Oneway of proceedingvould beto augmentheworld modelwith simplereasoningbout
occlusionswhich would provide the meansto detectandrecover efficiently from a larger



rangeof situations We would alsolik e to considemorecomplex perceptuafailuresanduse
more sophisticatedliagnosisand recovery techniquesOf furtherinterestfor this approach
is alsothe work on SRIPPsby Beetzet al.[2] wherethe authorsusehigh level planningto

generatendreasorabouttheimageprocessingoutinesneededor someperceptuactions.
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