
Proc. of the 8th Int. Conf. on Intelligent Autonomous Systems.
Amsterdam, The Netherlands, March 2004 (to appear).

StepsTowardDetectingandRecovering
from PerceptualFailures

MathiasBroxvall, LarsKarlsson,AlessandroSaffiotti
Centerfor AppliedAutonomousSensorSystems

Dept.of Technology, ÖrebroUniversity
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Abstract. An importantrequirementfor autonomoussystemsis the ability to detect
andrecover from exceptionalsituationssuchasfailuresin observations.In this paper
we investigatehow traditionalAI planningtechniquescanbe usedto reasonabout
observationsandto recover from thesesituations.In this first stepwe concentrateon
failuresin perceptualanchoring.We illustrateour approachby showing experiments
run on amobilerobotequippedwith a colorcamera.

1 Intr oduction

Oneof the main requirementsfor an autonomoussystemis the ability to copewith excep-
tional situationsin theexecutionof its assignedtasks.Oneapproachto facethis requirement
is to endow thesystemwith theability to useknowledge-basedtechniquesto reasonabout
the flow of execution,detectanomalies,andautomaticallygeneratea contingency plan for
recovery. Most existing systems(e.g.,[8, 3, 11, 16, 17]) tendto focuson the external state
of theworld, comparingthe observedstatewith theexpectedone.Discrepanciescanorigi-
natein thefailureof actionsperformedby therobotaswell asin exogenousevents.Thereis
however anothercommoncauseof problemsin theexecutionof robotplans,which is more
relatedto the internal stateof therobot: failuresin perception,includingthe inability to ac-
quiretheperceptualdataneededto performthedesiredactionsandtheincorrectnessof these
data.Theability of therobotto detectperceptualfailuresandto recover from themis pivotal
to its providing autonomousandrobustoperation.

Several works in the field have addressedthe problemof planningfor perceptualac-
tions.Perceptionplanninghasbeenstudiedasameansfor gatheringbettervisualinformation
[14, 1], for achieving saferlandmark-basednavigation[15, 9], andfor performingtasksthat
involve sensingactions[10, 13]. Noneof theseworks, however, dealwith the problemof
failuresin theperceptualactionsandof theautomaticrecovery from thesefailures.

In this paper, we proposeto useAI planningtechniquesto automaticallygeneratea plan
to recover from failuresin the perceptualprocesses.We focushereon onespecifictype of
perceptualprocess:perceptualanchoring. Perceptualanchoringis the processof creating
andmaintainingtheright correspondencebetweenthesymbolsusedby a symbolicplanner
to denoteobjectsin the world and the perceptualdatain the sensori-motoricsystemthat
referto thesameobjects.Thisprocessmayfail if theuncertaintyin thesensordatabecomes



too high to allow therobot to unambiguouslyassociatethesedatato a givensymbol.In this
paper, we show how wecanmodeltheanchoringprocessin a planningformalism,andusea
plannerto generatea sequenceof actionsto recover from a failureduetheaccumulationof
uncertainty. In thiscontext, themaincontributionsof this paperare:

1. We isolateoneof thecausesof perceptualfailurein robotplanexecution;and

2. Wegiveanexampleof how therobotcanrecoverautonomouslyfrom thesefailuresusing
knowledge-basedplanning.

In the next section,we give a brief reminderof perceptualanchoring.In section3 we
discusssomeways in which anchoringcould fail and somepossiblerecovery actions.In
section4 weshow how theanchoringprocesscanbemodeledin aplannerandarecoveryplan
generatedautomatically. Finally, wepresentanactualexperimentrunonamobilerobot.This
experimentis admittedlysimple.Themain purposeof this paperis to opena new research
direction in the useof knowledge-basedplanningin robotics,showing how it canbe used
to dealwith autonomousrecovery from errors.Our first resultsindicatethat this directionis
promising,but morework will beneededto furtherexplorethis possibility.

2 Perceptual Anchoring

Autonomoussystemsembeddedin the physicalworld typically incorporatetwo different
typesof processes:high-level cognitive processes,thatperformabstractreasoningandgen-
erateplansfor actions;andsensory-motoricprocesses,that observe thephysicalworld and
acton it. Theseprocesseshavedifferentwaysto referto physicalobjectsin theenvironment.
Cognitive processestypically (althoughnot necessarily)usesymbolsto denoteobjects,like
“cup-22”. Sensory-motoricprocessestypically operatefrom sensordatathatoriginatefrom
observingtheseobjects,likea region in a segmentedimage.If theoverall systemhasto suc-
cessfullyperformits tasks,it needsto make surethat theseprocesses“talk about” thesame
physicalobjects.Thishasbeendefinedastheanchoringproblem[5], illustratedin Fig. 1:

Anchoring is the processof creatingand maintainingthe correspondencebetween
symbolsandsensordatathatreferto thesamephysicalobjects.

In our work, we usethe computationalframework for anchoringdefinedin [4]. In that
framework, the symbol-datacorrespondencefor a specificobject is representedby a data
structurecalledananchor. An anchorincludespointersto thesymbolandsensordatabeing
connected,togetherwith asetof propertiesusefulto re-identifytheobject,e.g.,its colorand
position.Thesepropertiescanalsobeusedasinput to thecontrolroutines.

Considerfor concretenessamobilerobotequippedwith avision systemandwith asym-
bolic planner. Supposethat the plannerhasgeneratedthe action ‘GoNear(cup-22)’,where
thesymbol‘cup-22’ denotesanobjectdescribedin theplanneras’a greencupon thetable’.
The‘GoNear’ operatoris implementedby a sensori-motorloop thatcontrolstherobotusing
thepositionparametersextractedfrom a region in thecameraimage.In orderto executethe
‘GoNear(cup-22)’action,the robot mustmake surethat the imageregion usedin the con-
trol loop is exactly theonegeneratedby observingtheobjectthattheplannercalls‘cup-22’.
Thus,therobotusesa functionalitycalledFind to link thesymbol‘cup-22’ to a region in the
imagethatmatchesthedescription’a greencuponthetable’.Theoutputof Find is ananchor
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Figure1: Theanchoringproblem.

that contains,amongotherproperties,the
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positionof the cup, which is usedby the
‘GoNear’ routine.While therobot is moving, a functionalitycalledTrack is usedto update
this positionusingnew perceptualdata.Shouldthecupgo temporarilyout of view, e.g.,be-
causeit is occludedby anotherobject,theReacquire functionalitywouldbecalledto update
theanchorassoonasthecupis in view again.More detailsaboutperceptualanchoringand
its useto performactionsin a robotcanbefoundin [4, 6, 5].

3 DetectingPotential Failur esin Anchoring

Perceptualanchoringcanbe affectedby many sourcesof uncertainty, rangingfrom the in-
trinsic vaguenessof symbolslike “green” to the errorsand imprecisionsin the observed
propertiesof objects.This uncertaintycanleadto different typesof failuresin the anchor-
ing process,suchasfailing to find/reacquireanobjector reacquiringthewrongobject.Our
approachto dealingwith theseproblemsis to explicitly modelthesourcesof uncertaintyin
theanchoringprocessandto useAI techniquesto reasonaboutthem.This will increaseour
chancesto detectpotentialfailuresandto recover from them.

Oneof thesesourcesof uncertaintystemsfrompredictingthepropertiesof anobjectwhen
it is re-observed after sometime. For mobile robots,this uncertaintyis mainly due to the
accumulationof odometricerrorsaswell asto errorsin theestimateof thestateof a moving
object.Both factorsmayinduceuncertaintyin theexpectedpositionof theobjectrelative to
therobot.An effectof thisuncertaintyis thatsimilarobjectsatnearbylocationsbecomemore
difficult to discriminateaftera longmotion,whichcanleadto errorsin reacquiringanobject.

Anothersourceof uncertaintyis dueto varyingobservationconditions.For instance,the
estimatedcolor, sizeandpositionof anobjectin an imagemaychangewhenobservingthe
sameobjectfrom differentviewpointsor underdifferentlighting conditions.In thescenarios
we have run, theapparentchangesof positionsof objectscausedby miscalculatingthedis-
tanceto thoseobjectsfrom differentobservationpointsis themainsourceof errors.We will
thereforeconcentrateon this typeof uncertaintyandshow how it canbemodeledin orderto
detectandrecover from situationswhereuncertaintycreatesambiguity.

To illustrateambiguitiescausedbybothkindsof uncertainties,wewill considerascenario
inspiredby our on-goingwork on a fire-rescuerobot, wherewe want a robot to perform
somesensingactionson a gasbottle.A schematicview of thesetupcanbeseenin Figure2.
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Figure2: Theinitial setupof thetestscenario

Initially therobotonly receivesperceptsfor onegasbottleapproximately2.5min front of it,
andanchorsa newly createdsymbol’gb-1’ to thesepercepts.Sincetherobotstartsat

�
	���	��
it knows that ’gb-1’ is approximatelyat coordinates

�
�������	���	��
. The robot thenmovesto a

new observationpoint � andturnsto facethesecoordinates.Fromhereit receivespercepts
from two gasbottles.Sincetherearesmallerrorsin positioning(afew centimeters)andlarge
errorsin therelativepositionsof objects(afew decimeters)it receivesperceptsindicatinggas
bottlesat

���������	������
and

�
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. It hasa choiceof which of the two perceptsto anchorto

’gb-1’. To simplypick theoneclosestto theexpectedpositiongivesusnowarningthatthere
is a largepossibilityof reacquiringthewrongobjectandnomeansto recover.

To deal with this issuewe usetwo functionspos
�
���! "�

and nec
�
�#�$ "�

giving the
degreesof possibilityresp.necessity[7] for anchoringobject

�
to percept

 
. Thepossibility

function representshow well
�

matches
 

by a real numberbetween0 and1, andcanbe
definedin a domainspecificway. For our scenariowe havedefinedit asa fuzzy conjunction
of functionscomparingattributes(eg. position,color, shapeetc.)of theobjectandpercepts.
By modelingthesourcesof errorwe canadjustthefuzzinessof thesefunctionsto allow for
largerdeviationswhenthepredictedpositionof theobjecthasahighuncertainty.

Thenecessityfunctionreflectsto whatextentagivenperceptis theonly onematchingan
object.It is definedasnec

�%�&�' "� �( �*)
pos

�
�,+�' "�
, wherepos

�%�,+�' "�
is computedasthe

maximumof thepossibilitiesfor anchoring
�

to theotherperceptsavailable,or to nopercept
at all. By computingthenecessityof anchoringwe caneasilydetecta numberof situations
in which thereis a risk of failure and take appropriateactions.In the exampleabove the
necessitiesof matchingtheoriginalobjectwith any of thetwo gasbottleswouldbelow even
thoughtheindividualpossibilitiesarehigh.This indicatesa risk for failures.

For ahumanuserthecorrectsolutionto dealwith thisanchoringfailureis easy:by going
backto a placecloseto theoriginal position,wherewe hada goodestimateof theposition
of the object,we canreacquireit again.Next, we would move toward the desiredobserva-
tion point in smallstepsandconstantlyreobserve theobject.By incrementallyobservingthe
objectaswe aremoving we get updatedestimatesof its positionandcaneasilytrack it all
the way to the destinationpoint. In the next sectionwe shall seehow this solutioncanbe
generatedautomaticallyby modelingthe uncertaintiesof 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 progressive conditionalplannerthat supportsreasoningabout
incompleteinformation,sensing,anduncertaintybothin probabilisticandpossibilisticterms.

Beinga symbolicplanner, PTLplanusesa statebasedrepresentation,whereactionsare
definedin termsof what conditionsshouldhold beforeandwhatwill hold after the action.
Typical examplesof actionscould be to pick up or put down an object,to move from one
part of a room to anotheror to anotherroom, andto checkif a door is openor closed.A
planningproblemconsistsof a descriptionof theinitial situation,a setof actions,anda goal
formula,andPTLplanfindsplansby addingoneactionat a time, in differentcombinations,
until a situationis reachedwherethe goal is sufficiently likely to hold. By usingheuristics
expressedin logical formulas,theefficiency of theplannercanbegreatlyenhanced.

In orderto usePTLplanto solveproblemsrelatedto anchoringandambiguity, weneedto
provide it with theinitial situationandthepredicatesneededto describeit, andspecifications
of theactionsthattherobotcanexecute.Theseneedto modelrelevantaspectsof theexternal
world aswell asof theanchoringandactionexecutionsystems.Oncethemodelis in place,
PTLplancanautomaticallygenerateplansthatcanthenbeexecutedby therobot.For therest
of this section,we focuson thepredicatesandactions,which include:

- Topologicalinformationabouttheworld, giving places(
 /.0�1�1�1�2�� 43

) andconnections.

- Therobotsposition(ROBOT-AT=
 /.

) andactionstomovebetweenplaces(GOTO-POS(
 45

)).

- Objectscurrentlyin theanchoringdatabase(OBJECT( 6 . ),OBJECT( 7�8 ),. . . ) andtheirprop-
erties(GASBOTTLE( 6 . ),COLOR( 6 . ,RED),. . . ).

- Sensingactions(OBSERVE( 6 . )) andmetainformationrelatingto our ability to reacquire
objectsunderdifferentcircumstances.

Thefirst threepartsabove arequitestandardin AI planningandwe will ratherfocuson
thefourthpart.Thepurposeof thispartis to representin theplannerthemetainformationof
objectsusedin theanchoringprocess.

Two kinds of informationareneeded:from what positionthe objectwe areattempting
to reacquirewas last anchored,and given that, how likely are we to reacquirethe object
at the currentposition.The first kind is encodedby a function LAST-SEEN-FROM(

�95
)=
 ;:

mappingeachobjectto thepositionit waslastobservedfrom.Thesecondkind is encodedasa
predicateCAN-REACQUIRE

�
�;�
pos

5 �
pos

: �
signifyingthatweestimatethat

�
canbereacquired

from pos
5
if it waslastseenfrom pos

:
.

The CAN-REACQUIRE predicatedependson two factors:how different the viewpoints
areat thetwo positionspos

5
andpos

:
, which will affect our positionestimatesfor observed

objects;andwhetherany similarobjectsarenearby. Thecombinationof largepositionuncer-
tainty andnearbysimilar objectswill make anchoringdifficult. Note thatalthoughwe don’t
know in advancewhat perceptsof similar objectswe will actually receive when trying to
reacquire

�
from positionpos

5
m wecanconsidertheobjectsthatweknow of beforehandand

assumethat for eachsuchobject
�9<

visible from pos
5
we will receive a perceptmatching

�9<
.

Thisgivesusthefollowing expectedneccessityof reacquiring
�
:
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wherecompare
�
�;��� < �

pos
5 �

pos
: �

performsa fuzzy matchon
�

anda percept
 <

actuallycom-
putedfrom nearbyobject

� <
andreturnsa valuein H 	��1�JI . The matchfunction is selectedin

thecontext thatwearecurrentlyatpos
5
andthat

�
waslastobservedatpos

:
. If thefinal com-

putedvalue(i.e. 1 minusthebestmatching)exceedsa thresholdK for conflict givento the
anchoringsystemthenwe addCAN-REACQUIRE

�
�;�
pos

5 �
pos

: �
to the initial situationgiven

to theplanner. This representsa high expectednecessitydegreenec
�%�L�' "�

(asdescribedin
section3) whentheanchoringsystemeventuallywill try to reacquire

�
. Thecomplexity of

computingonespecificinstanceof CAN-REACQUIRE is linearon thenumberof objects.
TheactionOBSERVE

�
�;�
pos

5 �
pos

: �
is thendefinedto have thepreconditions:

ROBOT-AT ( pos
5&M

LAST-SEEN-FROM
�%�N� ( pos

:OM
CAN-REACQUIRE

�%���
pos

5 �
pos

: �
andtheeffect: LAST-SEEN-FROM

�
�P� ( pos
5
. That is, in orderto reacquireanobject,it must

be“reacquirable”from thecurrentpositionpos
5
giventhat it waslastseenat pos

:
. Thus,the

plannerwill generateplanswheretherobotonly triesto reacquireobjectsin situationswhere
theconditionsfor reacquisitionarepredictedto begood.Theresultof reacquiringis thatwe
registeranew “last-seen-from”positionfor theobject.NotethatREACQUIRE canbemadeto
have otherkindsof effectsaswell, e.g.providing informationaboutpropertiesof

�
, but the

aboverepresentationsufficesfor thepurposesof thispaper.

5 Integrating Planning, Sensingand Action

To test the conceptsdiscussedin this paperwe have built a systemrunningon a Magellan
Prorobotwhich integratesananchoringsystemandtheplannerdescribedabove.Thisallows
us to autonomouslydeliberateandact on objectsin orderto fulfill somegoal.The system
consistsof thefollowing parts:- A controllerallowing usto performmovementsanduseodometryfor positioning.- A simplevision systemservingperceptsgeneratedfrom an onboardcamera.The sys-

temrunsonboardtherobotandis segmentingcameraimagesusingstandardalgorithms,
extractinginformationsuchasshapesandcolorsatapproximately1 frame/sec.- An executorwhich translateshigh level plansinto controlcommands.- An anchoringmodulewhich continuouslyupdatesa databaseof real-world objectsand
their sensedattributes.This systemalso implementsthe ideasfrom section3 and can
interruptcurrentlyexecutingactions/plans.- Theplannerandtheworld modeldescribedin this section.

In oursystemtheplanneris usedto generateaplanfrom theinitial situationandtheresult
is givento theexecutionandanchoringmodules.As theplanis executedtheanchoringmod-
ule candiscoverpotentialfailuresby examiningthecomputednecessityvaluesandpossibly
interruptthe currentplan.Whenthis happensa new world modelwill be constructedfrom
thedatabaseof currentlyobservedobjectsandtheir properties.This modelis thengiven to
theplannerwhich generatesanew planfulfilling thegoalunderthesemodifiedconditions.

Sincethevision systemusedis quitesimplethereis a largedegreeof uncertaintyin the
percepts.An exampleof the outputof the vision processingwherewe have two regionsof
pixelsmatchingpredefinedshapes,canbefoundbelow.



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

In additionto propertiessuchasshapeandcolor which canbeextractedfrom theregion
assuch,the systemalsotries to estimatethe would-beobject’s positionandsizebasedon
its positionin thecameraimage.Eventhoughthereis a largedegreeof error in thepercepts
thefinal systemimplementingtheanchoringfunctionalitiesdiscussedin theprevioussection
managesin mostcasesto maintainacorrectmodelof theworld andto operateonthismodel.

Next, we describeanexperimentin which our systemcandetectandrecover from a sit-
uationwhereincompleteinitial knowledgeleadsto ambiguities.In this scenariowe have a
simplified world consistingonly of the robot,predefinedplacesandstaticobjects.Further-
more,theplanneris givenonly two actionsGOTO-POS andOBSERVE.

We setup the scenariodepictedin Figure2 in which we have two identicalgasbottles.
GasbottleQ . which is initially seenby the robot and which we want to investigatefrom
anotherangle(eg. in orderto look for damages)and QR8 which is initially occludedby the
first gasbottle.WegavetheplannerthegoalLAST-SEEN-FROM( Q . )= � andtheplanner, after
someexploration,returnedthefollowing plan:

GOTO-POS( � ) ; OBSERVE( Q .P� � ��S )

This plan is expectedto succeedsincethe lack of other objectsmeansthat the predicted
neccessityof reacquiringQ . is

����	
. However, whenthe robot hadmovedto position � the

anchoringsystemgotperceptsfrom bothgasbottlesandsincethedistancefrom thelastpoint
where Q . wasobservedwaslarge(3m) thematchingfunctionallowedfor largeerrorsin the
apparentpositionof percepts-objects.Thismeansthatbothperceptmatchedobject Q . with a
high possibilityandthenecessityof reacquiringQ . becametoo low (0.11).After notingthe
conflict the systemtriggereda replanningfrom thecurrentsituationcontainingtwo similar
objects.Theinitial planwouldnotwork sincetheestimatednecessityof reacquiringQ . from
� , whenit hadlastbeenobservedfrom

S
is too low becauseof thepresenceof QT8 . Thusthe

plannerinsteadgeneratedthesomewhatlongerplan:

GOTO-POS( U .
) ; OBSERVE( Q .C� U .0��S

) ; GOTO-POS( UV8 ) ; OBSERVE( Q .C� UV8 � U .
) ;

GOTO-POS( � ) ; OBSERVE( Q .C� � � UV8 )
This planusesa morecautiousapproach;first observingQ . from U .

meansthata narrower
matchfunction for positionwill be usedwhen later observing Q . from UV8 and � which
makestheobserveactionsmorelikely to succeed.Executingthisplansuccededwithouterrors
andtheneccessityof thefinal reacquirewas

	���W��
.

6 Conclusions

Knowledge-basedplannershave beenusedto plan perceptualactions,andto recover from
executionfailures.The approachproposedin this paperputs thesetwo ideastogether. Al-
thoughtheproposedapproachis verysimple,webelievethatit constitutesafirst steptoward
thelong termobjectiveof usingknowledge-basedtechniquesto detectandrecover from per-
ceptualproblemsin orderto increasetheautonomyof a roboticsystem.

Onewayof proceedingwouldbetoaugmenttheworld modelwith simplereasoningabout
occlusionswhich would provide the meansto detectand recover efficiently from a larger



rangeof situations.Wewouldalsolike to considermorecomplex perceptualfailuresanduse
moresophisticateddiagnosisandrecovery techniques.Of further interestfor this approach
is alsothe work on SRIPPsby Beetzet al.[2] wherethe authorsusehigh level planningto
generateandreasonabouttheimageprocessingroutinesneededfor someperceptualactions.
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