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Abstract

Robotcontrol in nonlinearand nonstationaryrun-time
ernvironmentspresentschallenges to traditional softwae
methodolgies. In particular, robotsystemsn “open” do-
mainscan only be modeledprobabilisticallyand mustrely
onrun-timefeedbak to detectwhetherhardware/softwae
con gurations are adequate Modi cations mustbe ef-
fectedwhile guaranteeingcritical performanceproperties.
Moreover, in multi-robotsystemsthere are typically many
waysin which to compensatéor inadequateperformance
The computationakcompleity of high dimensionalkenso-
rimotor systemgprohibits the useof manytraditional cen-
tralizedmethodolgies.

We presentan applicationin which a redundantsensor
array, distributedspatially over an of ce-lik e ervironment
can be usedto track and localize a humanbeing while
reactingat run-timeto variouskinds of faults, including:
hardwarefailure, inadequatesensoigeometriespcclusion,
and bandwidthlimitations. Respondingat run-time re-
quiresa combinationof knowled@ regarding the physical
sensorimotordevice, its usein coordinatedsensingoper
ations, and high-level processdescriptions.We presenta
distributedcontmol architecture in which run-timebehavior
is bothpreanalyzedndrecoreredempiricallyto informlo-
cal schedulingagentsthat commitresoucesautonomously
subjectto processcontmol speci cations.Exampleswill be
availablefromour seach andrescueplatformt.

1 Intr oduction

High-level deliberation and low-level reactvity are
valuablein the control of autonomousand self-adaptie
systems. A successfuimplementationof sucha hybrid
architecturewvould permitthe systemto make useof prior
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knowledgewhenappropriateandto respondjuickly torun-
time data. The centralopenquestionappeargo be decid-
ing how reactinganddeliberatingshouldinteractin a con-
structive fashion.We have adopteda perspectie in which
the control hierarchyis adaptve at every level. Low-level
controlprocesseparameterizetdy resourcesnteractwith
thedomaincontinuouslyandrecovercontect obsenableby
the working setof control. This kind of contet feedback
canbe usedto identify the currentrun-time environment
andpermitsthe high-level procesglannerto re-deply re-
sourcesso as to addressthe goals of the systemand to
changehekindsof contet feedbackavailable. Overtime,
robustplansfor interactingwith speci ¢ problemdomains
arecompiledthesepoliciesinto rich, comprehensie reac-
tive policies. Statedescriptionsevolve to expresslikely
run-timecontext at the highestlevelsandreactve policies
adaptto handlerun-timecontingenciestthelowestlevels.

We areconcentratingn how sensoryandcomputational
resourcesdistributedin a non-uniformmannerover mul-
tiple mobile platformscanbe coordinatedo achieve mis-
sion objectives. Our approactrelies on technologieghat
producee xibility , resourcefulnes$iigh performanceand
fault tolerance. Speci cally, we areinterestedn (1) how
cross-modasensoryfront-endscanbe designedo provide
mission-speci cpercepts(2) how perceptuabehaior can
incorporatesensoryinformationderivedfrom two or more
roboticplatformscarryingdifferentsensorandfeatureex-
tractionalgorithms,and(3) how teamresourceganbe or-
ganizedeffectively and how low-level sensoryand motor
activity canbe scheduledo achievze multiple simultaneous
objecties.

A family of resourceschedulingpolicies,calledBehay-
ior ProgramgB-Pgms),is downloadedinto eachmember
of a working group of robotsas part of the con guration
process.EachB-Pgm containsa setof (previously evalu-
ated)contingeng planswith which to respondto a vari-
ety of likely run-time contets. This policy is responsible
for orchestratinghe run-timebehaior of the systemin re-
sponseo perceptgatheredn-line. Thetemporalhistory
of stateproduceddy aparticularB-Pgmde nesarun-time



context andsupportgprobabilisticperformanceredictions
for the team. Thesepredictionsare continuouslyre ned

and updatedfor usein higherlevel planning. Run-time
contexts thathave may be handledby makinguseof con-
tingeng plansin the B-Pgm,by re-deplging resourcesor

by replanningat the mission/procesglanninglevel if re-

quired.

TheUMasshybrid architectures basenasetof prim-
itive, closed-loopcontrol processes.This framawork al-
lows hierarchicalcompositionof the controllersinto be-
havior programs(B-Pgms)for tracking, recognition,mo-
tion control,andfor a morecomplex humantrackingsce-
nario. We are developingschemedor automaticallypro-
grammingbehaior in avarietyof meaningfulcontextsand
subsequentlysing thesepolicies as abstractactionsin a
growing Semi-Marlov Decision ProcesSMDP). These
hierarchically organizedprocessesre implementedin a
distributed, real-timeervironmentin which we are devel-
opingmechanism$or multi-threadedehaior. Moreover,
themulti-robotplatformis designedo respondo multiple,
simultaneou®bjectvesandreasonsboutresourcesising
a high-level procesdescriptionand control procedureus-
ing thelittle-JIL procesdescriptionlanguage Our goalis
anambitious vertically integratedsoftwareervironmentin
whichrun-timedatasetsdrive the organizatiorof behaior
andcontributeto the managemenf largeandcomprehen-
sive software systems. This documentdescribeghe very

rst experimentemploying this paradigm.

2 SensoryPrimiti vesfor Motion Tracking

A multi-objective systenrequireshatthe sensoryalgo-
rithmsare e xible to supportadaptatiorandrecon gurable
on-line to facilitate fault-tolerance. Our approachis de-
signedto provide asetof sensoiprocessingechniqueshat
canfulll both low-level and high-level objectvesin an
openervironment. Cooperatie interactionamongmem-
bersof the robot teamrequiresthe missionplannerto be
effective in utilizing systemresourcesacrossteammem-
bers,including robot platforms,sensorscomputationand
communication.In particulay we are constructingvirtual
robotbehaiors acrosamultiple coordinatecplatformsand
multiple sensors. To achieve the desiredrobustnesspur
platformis con gured with a variety of sensorsandalgo-
rithms. Vision is the primary sensingmodality, but it is
complementedby inexpensve pyroelectricsensorssonar
infraredproximity sensorsand(in thefuture)acousticsen-
sors. Multiple typesof sensorsare consideredo be dis-
tributedacrosamultiple robotplatformsto allow e xibility
in missionplanningandresourceschedulingn responsé¢o
hardwareandalgorithmfailures.

2.1 Panoramic Imaging

Effective combinationof transductiorandimagepro-
cessings essentiafor operatingin an unpredictablesnvi-
ronmentandto rapidly focusattentionon importantactiv-
ities in the ervironment. A limited eld-of-view (aswith
standardoptics) often causesthe cameraresourceto be
blocked when multiple targetsare not closetogetherand
panningthe camerao multiple tamgetstakestime. We em-
ploy acamerawith apanoramidens’ to simultaneouslyle-
tectandtrack multiple moving objectsin afull 360-deyree
view [4, 10,13].

Figurel. Original panoramidmage(768x 576)

Figuresl, 2, and3 depictthe processingtepsinvolved
in detectingand tracking multiple moving humans. Fig-
ure 1 shawvs one of the original panoramidmagesfrom a
stationarysensor Four moving objects(people)were de-
tectedin real-timewhile moving in the scenein an un-
constrainednanner A backgroundmageis generatecu-
tomatically by tracking dynamicobjectsthroughmultiple
frames.The numberof framesneededo completelybuild
the backgroundmodeldependson the numberof moving
objectsin thesceneandtheir motion. Thefour moving ob-
jectsareshavn asanun-warpedcylindrical imageof Fig-
ure2, whichis amorenaturalpanoramiaepresentatiofor
userinterpretation Eachof the four peoplewereextracted
from thecomple clutteredbackgroundindannotatedvith
aboundingectangleadirection,andanestimatedlistance
basedon scalefrom the sensor The systemtrackseach
objectthroughthe imagesequenceas shovn in Figure 3,
evenin the presencef overlapandocclusionbetweertwo
people. The dynamictrackis representeds an elliptical
headandbody for the last 30 framesof eachpersonand
the nal positionon the imageplaneis illustratedin Fig-
ure2. Thehumansubjectgeverseddirections,overlapped,

2pAL-3802 systemmanufcturedby OptechnologyCo.



Figure3. Trackthroughimagesequencéor thelast32 frames

andoccludedon anotherduring this sequenceThe vision
algorithmscan detectself-motionof the robot, changein
theervironment,llumination, andsensoffailure,while re-
freshingthe backgroundaccordingly The detectionrate
of the currentimplementationfor tracking two objectsis
about5Hz.

Themotiondetectioralgorithmreliesheavily ontheac-
curag/ of thebackgroundnodelatary giventimein order
to detectmoving objects. Typesof changesn the back-
groundcanbebroadlygroupednto two categories.

changeglueto theillumination affecting pixel inten-
sitiesata ne scale;and

changesof surfacesin the ervironmentsuchas the
movementof objects.

It is quitedif cult to take careof both casesimultane-
ouslybecaus¢he rst typerequiresaconstanupdatewhile
the seconatype requiresa context-dependantipdate. The
low-level backgroundestimatiorprocedurds quitesimple.
The constantupdateis doneon thoseregionsof theimage
thatarenot classi ed asa moving objectby themotionde-
tectionalgorithm. We track eachregion andkeepa history
of velocity for eachaswell. Whenthevelocity falls below
athresholdandremainssofor aperiodof time, it becomes
a suitablecandidatefor part of the background. The as-
sumptionis madethathumanswill benotbestill for along
periodof time. Therefore they do not becomepart of the
background. Similarly, only whenthe velocity of an ob-
jectexceedsathresholdjs it classi edasapossiblehuman
subject. This helpsto avoid detectingsomeobjectsthat
shouldremainpart of backgroundbut are not completely
stationarylik ethemotionof treebranchesor the ick erof
acomputemonitor.

The adaptve backgroundupdateimproved the perfor
manceof the panoramicsensorsconsiderably The above

adaptatioronly providesa low-level mechanisnto handle
the problemof maintaininganaccuratéackgroundnodel.
A moreelegantway would beto usethe context asinferred
by thereasoningathigherlevelsof knowledge-baseglan-
ning whereall resourceswvailablemightbe employed. For
example,an unconsciousiumanwill be still, so the low
level will infer this asthe backgroundappearanceHow-
ever, usingthe pyroelectricsensorwe might know where
the humanis, particularlyif the previous motion of that
bodyhadbeendetected.This informationcould be passed
to thevision sensorso updatethebackgroundaccordingly

2.2 Pyroelectricsensor
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Figure4. Pyroelectricsensor

The pyroelectricsensot is a Lithium Tantalatepyro-
electric parallel opposeddual elementhigh gain detector
with completeintegral analogsignal processind3]. The
detectoris tunedto thermalradiationin the rangethatis
normally emitted by humans. Sincethe pyroelectricde-
tectoritself only respondgo changesn heat,the detector

SModel 442-3IR-EYE IntegratedSensar manufcturedby Eltec In-
struments



mustbe scannedAs showvn in Figure4, athermaltargetis

identi ed asazerocrossingn thesensors datastream.We

haveimplementedsucha sensoionascanningseno motor

with two controlmodesthesensomaysaccadéo aregion

of spacedesignatedy anothersensoror pair of sensors,
andit cantrackthethermalsignaturglevenwhenthe sub-

jectis still) by oscillatingaroundthe targetheading. The

resultis a sensorthat respondgjuite preciselyto human
bodytemperaturdout with aratherpoorlateralbandwidth.
Thisis dueprimarily to the scanningequiredto measure

zerocrossing. To usethis sensorappropriatelyit mustbe

appliedonly whenthe predictedlateral bandwidthof the

subjectis relatively small.

2.3 StereoHead System

The sterecheadplatfornt is a high-performancéinoc-
ular camergplatformwith two independentergenceaxes.
As showvn in Figure 12, it hasfour mechanicabegreesof
freedomandeachlenshasthreeopticaldegreesof freedom
[6].

Thereareseveral state-of-the-artrackingalgorithmsin
theliterature[1, 9, 2]. Ourtrackingalgorithmusesone of
thecamerassanactive eye andtheotherasanpassve eye.
Theactiveeye detectsubsamplegixelsof greatesthange
in intensitybetweentwo consecutie frames. The passie
eye correlateanulti-resolutionfoveawith the framefrom
theactive eye. The sterecheadis thensernwedto bring the
pixel of greatestthangeinto the foveaof the active eye.
Subsequentlythe passve eye is vergedto point its fovea
to the sameworld featureasthe foveaof the active eye,
extractingthe spatiallocationof the object.

The accurag of the spatiallocationof the objectis de-
pendenbn its distancefrom the sterecheadsystem. This
algorithmcanonly tracksinglemoving objects.

2.4 SACCADE-FOVEATE B-Pgm for Recover-
ing Heading

The most primitive software processin this approach
is an asymptoticallystable closed-loopcontmller [5, 8].
Controllerssuppresdocal perturbationdy virtue of their
closed-loopstructure. Somevariationsin the context of
a control task are simply suppressetby the action of the
controller Controllersalsoprovide a basisfor abstraction.
Insteadof dealingwith a continuousstatespacea behar-
ioral schemeneedonly worry aboutcontrol activationand
convergenceevents. When a control objective is met, a
predicatds assertedn anabstracmodelof the systembe-
havior. The patternof booleanpredicatesover a working
setof controllersconstitutesa functional statedescription
in which policies can be constructed. The “state” of the
systemis a vector of suchfunctional predicatesgachel-
ementof which assertcornvergencefor somecontrol law
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andresourcecombination.The statevectoralso,therefore,
representshe setof discretesubgoalsavailableto a robot
giventhesenative controllaws andresources.

Two closed-loopprimitives are employed for motion
tracking(seeFigureb).
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Figure5. Closed-LoogPrimitivesfor Controlling At-
tention.

The rst, saccadeacceptsa referenceneadingin space
anddirectsthe sensors eld-of-view to thatheading.The
second,foveate is similar exceptthatit acceptsheading
referencesletermineddy the sensors signal. For example,
thepyroelectricsensoiscansa smallregion centerecnthe
currentgazeandidenti es the zeo crossingin the sensor
output. The headingo the zerocrossings usedastheref-
erenceheadingto control the sensors gaze. Within band-
width limitations, the resultis thatthe pyroelectricsensor
tracksthemoving thermalsource.

Localizing and tracking the motion of objectsin the
world is animportant,reusablebehaior that canbe real-
izeda numberof differentwaysusinga variety of different
sensors Eachsensolin a stereopair recoversthe heading
to afeaturein the ervironment. Whenthe imaginggeom-
etry of the pair is suitable the sensorgan,in principle,be
usedto triangulatehespatiallocationof thefeature.More-
over, thecontrolprocesdor eachsensoicanbecompletely
independentf the othersensomprocessesWe have hand-
crafteda B-Pgmfor accomplishinghis taskthat is para-
metricin sensoryresources.This B-Pgmis illustratedin
Figure6 - it represents family of run-timehardwarecon-

gurations for estimatingthelocationof moving objectsin
space.

SACCADE-FOVEATE B-Pgm:

state:
P=(PgP ;)

[ Target Lost ]

[ Sensor Fault] [ReportHeading]

Figure6. Behavior Programfor Detectingand Mea-
suringthe Headingto a Motion Cue.



Thestatein thenodesof Figureb6 is thecorvergencesta-
tusof thesaccadeontroller  , andthefoveatecontroller,

. Thatis,if iscorvergedand is not,thenthestate
of the saccade-feeateprocesss . An in the state
representatiomepresents “don't care” or “don't know”
condition.

The saccade-feeateB-Pgm (or template)for behaior
relieson a concurrent'saccade-faveate” approach. This
strat@y begins by directing a sensor to saccade
to aninterestingregion of space. If this procesdfails for
somereasonit is presumablyan errorin the motor com-
ponentfor the sensoandit reportsa fault. If no hardware
faultis detectedandthe sensofachiesesstate  , thenan
independentperiodic, closed-loopprocess is engaged
whosegoalit is to bring the centroidof the local motion
cueto thecenteror foveaof sensor 'simageplane.If no
motioncueis detectedthenareportof “no target” is gen-
erated.If atagetmotioncueis detectecandfoveatedthen
the sensorachievesstate  wherethetargetis foveated,
is actively tracked,andwhich likely is nolongerat the po-
sition speci ed by the original saccade.As long as sub-
sequenfoveationcycles presere this state,a headingto
the motion cueis reported. If, however, the sensorstate
becomes , thenthe target may be moving too quickly
anda “tar getlost” reportis generatedWhentwo sensors
aresimultaneoushjin state , thenthe pair of active B-
Pgmsarereportingsufcient informationfor triangulating
the spatiallocation of this motion cue. Underthesecir-
cumstancesthis B-Pgm producesa hypothesisregarding
the location of a motion cue. Eachuniqueresourceallo-
cation produceshypothese®f varying quality
dependingnthe context of thelocalizationquery

This policy doesnot rely on speci ¢ outputtype. In
fact,while incorrectcorrespondenceanleadto anomalous
results,cross-modalitycan be usedto advantage.For ex-
ample,if the locationis computedfrom consistentvisual
motion and pyroelectricinformation, thenwe may detect
“warm-moving” bodies.Sucha stratgy may be attractive
whendetectingandlocalizinghumanbeingsasopposedo
othertypesof maoving objects.

2.5 “Virtual” StereoPairs

Any x ed-baselinestereovision system has limited
depthresolutiondueto the imaging geometry whereasa
systemthat combinesmultiple views from mary station-
ary or movable platformsallows a policy to take advan-
tage of the currentcontext and goalsin selectingview-
points. A ‘“virtual steeo” policy is a policy that en-
gagesdifferent sensorpairs as the target moves through
ill-conditioned sensomgeometries.Although this policy is
more e xible thana x ed pair, this approachrequiresdy-
namic sensor(re)calibrationand accurag in the depthof
a tametis limited by the quality of calibration. The vir-

tual sterecstrateyy maybeparticularlyeffective with apair
of mobile panoramicsensordecausehey have the poten-
tial of alwaysseeingeachotherandestimatingcalibration
parameters[1]3 Once calibrated,they can view the en-
vironmentto estimatethe 3D information of moving tar
getsby triangulation,andmaintaintheir calibrationduring
movementby tracking eachother If two panoramicvi-
sion sensorcan seeeachotherand at the sametime see
the target motion cue, thenthey canbe usedto estimate
the bearinganddistanceof the targetwithout ary off-line
calibration.

1)

where is the distancebetweenthe target andthe rst
camera, isthedistanceébetweerthetwo cameras, and
arethebearingof thetargetin imagel andimage?2 re-
spectvely,and and istheimageof cameral in im-
age2, andcamer& in imagel respectiely. Severalpracti-
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Figure7. Panoramicstereageometry

calapproacheto estimatalistanceandanglesbetweertwo
panoramicsensordave beenproposedn [13]. Theerror
of  canbeestimatedy partialdifferentialsof Equation
las

— — )

where s thedistanceerror, and is the averagean-
gle error Thesmallertheangle and/orB, thelargeris
theerror Noticethat andB have someinherentdepen-
deng. Giventhedistance and , the changeof
andB arein the samedirection(increasingor decreasing).
We havedevelopedhealgorithmsfor mutualcalibration
and 3D localizationof motionsusinga pair of panoramic
vision systemseachrunning the saccade-feeateB-Pgm.
The rst implementatiorhasbeencarriedout by cooper
ation betweentwo stationarycameras.Figure 8 shows a
steredmagepair from two panoramicsensors.
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Figure8. 3D localizationby the panoramicsterecsystem

2.6 Peripheral and Foveal Vision Integration

The humaneye hasa very wide-anglelow resolution
eld in its peripheralview anda very high resolutionnar
row eld in its fovealview, acombinatiorthatworkscoop-
eratively in a highly robustmanner We can nd amoving
objectwithin the peripheral eld of view, and then start
atrackingbehaior by peripheral-fwealcooperation.The
key point hereis the naturalcooperatiorof peripheraland
foveal vision as a real-time behaior operatingwithin a
commoncoordinatesystem.

As we considera computerimplementatiorof this be-
havior, we notedifferencesvith humancapability Humans
mustrotatethe headso that the peripheralsystemcovers
the moving objectin its eld of view. Furthermoremul-
tiple objectsin very differentdirectionscannotbe tracked
simultaneously In our Track Human ContainmentUnit,
thepanoramic-panoramgensoipair (or any otherpairap-
plicable underthe run-time context) can provide the spa-
tial referencefor a saccade-feeateB-Pgm on a standard
zoom cameramountedon a small pan/tilt platform. The
pan/tilt/zoomimagingsystemmaythenundego a saccade
to the interestingmotion cue. From hereit canfoveateon
thecueandzoomif necessaryor detailedprocessing.

High resolution color images obtained from the
pan/tilt/zoomcameracan be usedto determinethe iden-
tity of the objectof interest. In particular a challenging
problemis to separateandtrackindividualsin a group(or
evena crowd). Using contourextractionalgorithmsbased
onmotioncuesthepixelsthatcorrespondo theobjectcan
be extractedfrom the background.

Our generalapproachis to apply suitablelocal image
operatorsto the imageto determinethe relevant features
of the object. Eachknown objectis representedsa his-
togramof theselocal features.Thehistogramof the object
beingtrackedcanbe matchedwith the histogramf other
known objectsfrom adatabasé orderto recognizeheob-
ject. Objectrecognitionis importantwhenthereare mul-
tiple objectsbeingtracked. Whenthe pathsof two mov-
ing objectsintersectanambiguityarisesasto whetherthe

pathsdid, indeed crossor whetherbothobjectsturnedback
uponmeeting. We presentedgucha situationin Figures2
and3.

We have successfullysetup a peripheralandfoveavi-
sion systemandimplementech cooperatie algorithmfor
processingnoving objects.Thesystendetectsarny moving
objectin theview of the panoramiaccameraandtracksand
identi es it throughthe zoom camera.If thereare multi-
ple motiontrackersorchestrateih the HumanTracker CU
andmultiple pan-tilt zoomcamerasn a distributedsensor
network of stationaryandmoving platforms,the function-
ality of the systemshouldrespondyracefullyin thefaceof
hardware and algorithm failures by deplogying applicable
subset®f sensors.

Figure9 illustratestheimageresultingfrom suchapro-
cessvherethespatialreferenceéo amotioncueis provided
by the panoramic-panoramiinagepair presentectarlier
in Figure 8. The suspiciouscharacterin this panoramic
image pair has been scrutinized successfullyusing the
pan/tilt/zoomcamera.

Figure 9. A closeup (zoom)image of the Human
Subjectlocalizedusinga panoramic-panoramigen-
sorpair.



3 The Containment Unit

B-Pgmscanbeusedo coordinatehebehaior of a x ed
setof resourceslin [7], we shav how to build policiesau-
tomaticallyusingreinforcementearningthatapproactop-
timal policiesfor a x edresourceallocation.The Contain-
mentUnit (CU) is anactive entity designedo represena
family of optimal contingeng plansparameterizedby re-
sourcecommitmentslts objectiveis to “contain” faults. A
faultis generallyconstruedo beary functionalviolation of
thespeci edbehaior associatedith thecontainmentinit:
real-timeconstraints)ivenessf constituenthardware, or
performanceconstraints.If a sensoffails, it is the role of
thecontainmenunit to selectanalternatve behaioral pro-
gramto providethesametypeof informationandto inform
the procesghatactivatedthe CU of the impacton the ex-
pectedperformanceContainmentinits,thereforemanage
a setof parametricB-Pgmsgiven resourcespeci cations
andreportthe propertyassociatedvith the CU andthe ex-
pectedquality of the result. The CU monitorsfault condi-
tions andrespondsautonomouslyto producethe informa-
tion requestedby a higherlevel CU.

R: resource
allocation

report:
property context
performance

[
MEM state

- estimation U pre-analyzed

_ <> B-Pgm
LEVEL k ) —" SUPERVISOR 9
Containment Unit:

e repository
property spec

LEVEL k+1 ‘ I
Containment Unit. [ ]
property spec = cu pre-analyzed

™ SUPERVISOR ™ B-Pgm

1 l repository

Figure10. The Structureof a ContainmentJnit.

Thestructureof a CU is presentedchematicallyn Fig-
ure 10. Multiple instanceof a CU may be active concur
rently, eachwith a resourcespeci cation that determines
the rangeof variationpermittedlocally in the strateyy for
executingthe CU directive. Global resourceconstraints
are achieved by limiting the rangeof autonomyeachCU
enjoys throughcareful speci cation of its proprietaryre-
sourcesThesetof alternatve B-Pgmsavailableto the CU
representsll possiblecoordinatedsensoryandmotor poli-
ciesfor achiezing the objective with systemgesourcesin
generalthesepoliciesmaybeapplicableonly in prescribed
contets. For example,adequatéllumination may be nec-
essaryto emplgy thoseB-Pgmswith vision sensorsor lim-

ited target velocity may be requiredin orderto track with
a scanningpyroelectricsensor These“contexts” canbe
loadedwhena CU is activatedand thenveri ed at run-
time, or they may be recoveredby monitoring the active
B-Pgm's performance.An inappropriaterun-time context
can be usedto recon gure the CU locally and/orpassed
upwardto the procesghatactivatedthe CU.

3.1 CU Supetvisor:
havioral Expertise

Domain-Independent Be-

Someaspectf a particularB-Pgm's performancen
situ aredeterminedentirely by attributesof the participat-
ing resources.The mostobvious exampleof critical local
stateis the livenessof the participatinghardware. Other
locally determinedattributescanalsobeimportantwith re-
spectto overall performanceConsidera pair of visionsen-
sorsperformingasavirtual steregpairto localizeamoving
target. Localizationwill be poor if the uncertaintyin the
positionof theparticipatingsensorss largeor thesaccade-
foveateB-Pgmmaybehae poorly if thetargetapproaches
a collinearspatialrelationshipwith the sensomair. These
conditionsareentirely determinedy examiningattributes
of the sensordtheir relative spatialarrangementandthe
resultof theB-Pgmcoordinatinghem(thetargetposition).

Circumstancesuchasthesearecompletelydetermined
in the local stateof the CU andshouldbe handledlocally
without higherlevel deliberation.The CU depictedn Fig-
ure 10 containsa local supervisorthat accomplisheghis
objective. Someof the policiesengagedy the supervisor
canbe hand-codedasedon knowledgeregardingthe in-
teractionsbetweerresourcesind/orknown de cienciesin
software processesisedto respondto feedbackfrom the
world. We will developanexampleof the CU supervisor
in Section5.

3.2 Context:
Models

Domain-Dependent Behavioral

Open environmentspresentdata setsto sensorimotor
processethatcannotbe predictedat processcon guration
time in generaland mustbe obsered at run-time. When
peculiaror unexpectedervironmentscausethe behaior of
the systemto deviate from expectationsa higherlevel re-
con guration must modify systemperformancewhile re-
mainingwithin speci cations. If a speci ¢ B-Pgmproves
to beinadequaten a particularrun-time contet, the con-
text is passedupwardin the control hierarchyto a process
managemhich may chooseto reinstantiatehe CU with a
differentresourcespeci cation. Over time, someof these
recon gurationdecisionghat dependstrongly on control-
lable systemcomponentsnight be compiledinto appropri-
ate CU supervisors.However, other contets will be de-
terminedby therun-timeernvironment,andthedeliberatve
procesplannemustmodelthesedependencieata higher



level. We are studyingmechanismsvherethe procesgle-
scription can incrementallymodel theseenvironmentally
determinedcontextsandmanageesourcesoasto recoser
critical run-time, ervironmentally determinedcontets in

the courseof the mission.

In self-adaptie softwaresystemsan additionaldimen-
sion of compleity in decision-makingand predictability
is introduced,namely adaptive changesmust be accom-
plishedwith someassurancef correctnesandsafety Ex-
haustve formal methodspr detailedre-planningareoften
tootime consumingo be executedcompletelyat run-time.
This systemexploits a dynamic composabilityapproach,
whereinpossibleexecutionmodelsarepre-analysect de-
sign time to determinewhich compositionscould poten-
tially executesuccessfullyTheapproactalsogeneratean
expectationof the successfutompletionof thesecompo-
sitionsunderdifferentanticipateccontingenciegincluding
hardwarefaults,algorithmfailures,anddeviationsfrom ex-
pectations)This pre-analysiwill greatlyreducethe over-
headof dynamicdecisionmaking, by ruling out alterna-
tivesunlikely to befruitful andby guidingthe searchpro-
cessat run-timewith this composabilityinformation. With
this, mary of the estimatesanbe tightenedand more ef-

cient planscanbe generated.Thus, whena fault is re-
ported, the ContainmentUnit executesa searchover the
repositoryof availableB-Pgmsandchooseshe onewhose
pre-analize¢omposabilitynformationis mostappropriate
for thetask,stateof the systemandstateof theworld.

The memorystructureillustratedin Figure 10 records
thereportedresultsof all participatingresourcesegstimates
the stateinformationrequiredby thelocal supervisorand
supportsnterpretationandreportingactionsgeneratedy
the CU. Task speci ¢ information such as target loca-
tion and currentfault conditionsare stored. The struc-
ture is maintainedby a communicationprotocol over in-
ternetsoclets betweenthe active B-Pgmsandthe CU. If
resourcegesideon disparatearchitecturesand operating
systems the memory structurewill also provide the CU

with acommoncommunicatiorninterfaceto all subsystems.

The memorystructureis alsoavailableto ary processun-
ning onthehostcomputerandformsthe basisfor the High
Level Interface.

4 The Little-JIL Agent Coordination Lan-
guage

Little-JIL [LJIL-ICSE] providesrich and rigorous se-
manticsfor the precisespeci cationof processethatcoor
dinatemultiple agentq11, 12]. In the context of SAFER,
the agentsconsistof individual sensorsindividual robots,
or combination®f these Little-JIL providesconstructdor
proactve andreactie control, exceptionhandlingandre-
sourcemanagement.

A Little-JIL processde nes a high-level planto coor
dinate agentsto act as a looseteam. A processis con-
structedof stepsthat are hierarchicallydecomposednto
ner-grainedsubsteps. The stepsand substepsare con-
nectedwith data ow and control o w edges. Eachstep
may have a resourcedeclarationidentifying the resources
neededto carry out that step. Theseresourcesnclude
the sensorandrobotsbut may alsoincludecomputational
platformsandcommunicatiorhardwareto allow reasoning
overthesharingof theseresourcesmongcomputationally
andcommunicationallyexpensve algorithms.

A processtypically speci es parts of the coordina-
tion quite preciselywhile leaving someopportunitiesfor
choicesto be deferreduntil runtime. For example, pre-
ciseresourceallocationdecisionsaretypically deferredto
runtime (or a pre-runtimeanalysisstage). In this way a
stepmay be implementedn one of severalways, eachof
which usesa differentcollectionof resources.The selec-
tion of which choiceis mostappropriatenay dependupon
whichresourcesreavailableat thattime, how quickly we
must perform the computation,how precisea result we
mustget, andthe physicalenvironmentat the time of ex-
ecution. Thesehigh-level decisionghatrequirereasoning
acrosghecollectionof loosely-coupledobotsandsensors
arethetypesof decisionamadewithin the process.

The processalso containsa reactve element. This is
particularlyusefulfor exceptionhandling. For example,a
certainamountof reactioncanbe handledwithin the con-
tainmentunits by dynamicallyselectingthe appropriateB-
programs. Somesituations,however, requirehigherlevel
support. A simpleexampleis that of a timeout. We may
wantto instantiatea particularcontainmenunit for a lim-
ited amountof time. To do this we inform the contain-
mentunit of atimeout. Whenthetimeoutoccurs,the pro-
cesgeactsby choosinganotheractivity baseduponthere-
sultsseenthusfar. Anotherexampleoccurswith a process
intendedto track multiple people. With sucha process,
we might wantto always have one sensomresponsibldor
watchingfor new motion enteringat a door, while allow-
ing the remainingresourcedo track targetsalreadyin the
room. If a new motion entersthe processeactsby reas-
signing resources. The actual selectionof resourcesand
containmentunits and thus the actualinstantiationof the
systemis madeby the integratedcapability of robot plan-
ning andschedulingechnologiesvhosedescriptionis out-
sidethe scopeof this paper

The Little-JIL processcontrol languageas discussed
above, providesa powerful meansof exploiting knowledge
to structureplanningandlearningby focusingpolicy for-
mationonasmallsetof legal programsMoreover, atlower
levels, new and enhancegrocessesire constructed.The
objectie is to constantlyoptimize and generalizethe ac-
tive B-Pgmduringtrainingtasks,andto returnit attheend



Figurell.Samplelittle-JIL Proces®escriptionfor Trackinga HumanSubiject.

of thetaskbetterthanwe foundit. TheseB-Pgmsactually
consistof mary coordinatedprimitive controllersbut are
thoughtof asdiscreteabstractactions. Subsequenplans
andlearningprocessesanexploit this abstraction.

Figure 11 shows a sampleLittle-JIL processhat uses
sensorso trackmultiple humansWe assumehatthis pro-
cessspeci cationis in the context of a partialmodelof the
run-timeernvironment.Therootstepof theprocesss Track
Humans. This stepis decomposedhto two stepsthatrun
concurrently(denotedby the blue parallellines). Onestep
is to track an individual humanwhile the other stepis to
watchthe door. The WatchDoor steprequiresuseof the
panoramicamera.

TrackHumanis a choicestep.Dynamically the system
will decidewhich of the threesubstepgo use. This deci-
sionwill bebasediponwhichresourcesreavailable what
time constraintsthereare on the tracking, and contetual
issues,suchaswhetherthereis goodlighting or whether
the target is moving quickly. One might easily imagine
mary morethanthreechoiceshere. Eachchoicerequires

oneor moreresourcesndhassomeexpectedoerformance.

Thescheduleandruntimesystenuseknowledgeaboutthe
context to assistin makingthedecision.

If anothethumanentergheroom,thisresultsn anevent
thatis handledby the secondTrack Humanstep. This is
simply areferenceo theoriginaltrackhumanstepandwill
resultin a new instanceof Track Human startingwith a
new setof resources.Of course,whena new humanen-
terstheroom, it could bethatthe existing resourcesreall
beingusedto track the peoplethat arein the room. This
would resultin anexceptioncausingsomereplanningand
reallocationof resource$o occur Otherexceptionscanbe
usedto adaptiocally (within the CU) duringexecution.For

example,if therehadbeennormallighting andthe lights
wereturnedoff, we would expectan exceptionwithin the
currentlyactive containmentnits thatemploy vision sen-
sors.

5 SAFER Experimental Platform

In our experimentalplatform, we have implemented
threetypesof motion detectorghat aredeployedat x ed
andknown positionsin anindoor of ce-lik e ervironment.
The platform consistsof an articulatedstereovision sys-
tem, andscanningpyroelectricsensorandtwo panoramic
vision sensors.In eachinstanceof the saccade-feeateB-
Pgmobsenationsare collectedfrom sensomairsthatare
sufcient to determinea spatiallocationof themoving fea-
turein the eld of view. This family of functionally equiv-
alentprogramsproduces spatialestimateof amotioncue
with varying quality that could sene asa spatialposition
referenceto a subsequensensoryor motor control task.
Indeed,combinationof thesestratgiesarethemselesB-
Pgmswith resenedresourcegor corroboratioror for fault
tolerance.Which of theseto usein a particularcontext is
dependenbn the task,the resourcesvailable,andthe ex-
pectedperformancéasedn accumulate@xperience.

5.1 Designing the CU Supelrvisor for Tracking
Human Subjects

The CU Supervisordetermineswhich B-Pgm (sensor
pair) is recommendedor triangulationand tracking give
thecurrentstateof theprocessin ourdemonstratiornthere
aresix uniquepairsof sensorsvailable. A statepredicate
describeghe “li veness”of eachpair. For a given pair, if
bothsensorarefunctioningandthey arenotin acollinear
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Figure12. The“SmartRoom” - Motion TrackingPlatform.

con guration, the correspondingredicateis setto 1, oth-
erwiseit is setto 0. Thisis therole of the stateestimation
componenbf Figure10. Givena patternin the statevector
de ning available sensomairs, the CU supervisoralways
chooseghe pair of sensorwith the highestvaluewith re-
spectto the process'objective function.

We have hand-craftech HumanTracking CU supervi-
sorfor engagingsensoipairsthatdeploys resourcesn the
following priority-basechierarchy:

Panoramic-sterebead(cameral);
Panoramic-sterebead(camera?);
Stereo-heagcameral and?2);
Panoramic-groelectric;
Stereo-heafcameral)-pyroelectric;
Stereo-heafcamera2)-pyroelectric.

Eachresourceallocationin this hierarchyin turn, instanti-
atestwo concurrentontainmenunits for trackingmotion
with a single sensor ThesesubordinateCUs executethe
saccade-feeateB-Pgmdescribecearlierandreportto the
trackhumanCU. EachCU in this hierarchicakontrolpro-
cesshastheauthorityto manageheresourcesesenedfor
them.

5.2 Experimental results

The Human Tracking CU supervisorhas beenimple-
mentedo controlthevarioussensorsn orderto trackasin-
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gle moving personseamlesslyhroughfailure modescap-
turedin the livenessassertion. Somepreliminary results
arepresentedbelon.

5.2.1 Accuracy and Repeatability Experiments.

To designary CU supervisothatdepend®nthecoordi-
natedactiity of multiple sensorsit is necessaryo model
the performanceof the individual sensors.We conducted
a seriesof experimentsto determinethe accurag andre-
peatability of the sensors. At known spatiallocations,a
motioncuewasgenerateéndobsenedfrom the different
sensors.It wasobsenedthatthe panoramicsensoravere
bothaccurateandrepeatablethe sterecheads accuratédout
not repeatableandthe pyroelectricsensomwasrepeatable
but not accurate. The datawas also usedto examinethe
quality of triangulationon the motioncueby differentsen-
sorpairs. As expectedthe quality degradedasthe motion
cueapproachedheline joining a sensopair or a collinear
con guration. Becausesucha con guration is not desir
ablewe call thisacollinearfault. Corversely thequality is
bestwhenmotioncueis alongadirectionorthogonato the
line joining a sensoipair.

5.2.2 Tracking a Human Subject.

The next experimentevaluatedthe completetask of
trackinga singlemoving personusingcombinationof the
four sensors. The resultsare shavn in Figures13, 14,
15 and 16. Figure 13 shaws the tracks of Panoramic-
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Figure 13. Motion Tracking for the Pyroelectric-
SterecheadandPyroelectric-Rnoramicsensoipairs
in the“SmartRoom’.

Pyroelectricpair () and Pyroelectric-Stereteadpair
(). Asthemotiontrackcrossegollinearsensogeome-
tries,the performancealegradesasexpected.

Figure 14 shaws the tracks of Panoramic-Steretead
pair( ) andStereoheadalone( ). Tamgettrackingus-
ing stereoheadalone can be quite bad due to the small
steredbaselineandthe mechanicapropertiesof the Stereo
Headplatform[2].

Figure 15 shavs the localization results using the
Panoramicvirtual steregpair () producesrery goodre-
sultsfor largeregionsof theroom. Thissensopairis there-
fore highly reliable,leadingto its priority in the CU supef
visorfor thetask.Whentheseresourcesreavailable,they
arewell-advisedbothfor trackingprecisionandbecaus®f
thecompleteeld of view they provide.

The last exampleshow the performanceof the CU su-
pervisorwhich effectssoftwaremodechangesn response
to livenesdeedbackirom the sensors.This feedbackad-
dressedoth hardware function and the collinearity fault.
Figure16 shavs thatthe TrackHumanCU supervisomwas
effectivein handlingtheserun-timecontexts. Theobsened
trackwasveryto thetruetrajectoryof themoving testsub-
ject.

The resultsdemonstratdéhat the hierarchicalarchitec-
ture is capableof handlingfaultsat both lower level (i.e.
sensorsandhigherlevel (i.e. context of themotioncue).
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6 Summary, Conclusions,and Future Exper-
imental Work

Multi-robot scenariopresensigni cant technicalchal-
lengesregardingsensing,planning, computing,and soft-
ware methodsand must supportboth reactivity and pre-
dictability. Ultimately, one of the mostdesirablecharac-
teristicsof a multi-robot systemis its ability to adaptto
changesn the environmentandto internalfaults- in hard-
warecomponentsaindin end-to-engerformancepeci ca-
tions. Thus,recon gurability is critical.

Our currentwork presentsomepreliminaryresultsto-
wardsthe responsienessto novel datasets,adaptability
androbustnesshatarecritical to amulti-robotapplication.
The CU supervisorthat was assignedhe task of tracking
a humanwasableto handleindividual sensoifaults (low-
level) aswell as faults dueto contet of the motion-cue
(high-level) and seamlesslytrack the human. In conclu-
sion,our verticallyintegratedsoftwareervironmentcanre-
con gure resourceslynamicallydependingon a variety of
failures,makingthe systemrobust.

6.1 Doorway Abstraction

In arealsituation theagentswill haveto cooperatevith
eachotherandpool their sensoryinformationandknowl-
edgeto build a reliable model of their ervironment. To
demonstrat®nesuchsituation,we planto give the agents
thetaskof doorway abstraction.The doorway is aninter
estingthing to learnandincorporateit into the modelbe-
causethatis were motion cuesof interestoriginateoften.
A panoramicsensoicouldbeusefulin thistaskbecausdts
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Figure 15. Motion Tracking for the Panoramic-
Panoramicsensoipairin the“SmartRoom?.

eld of view is 360degreesunlike othersensorsvhich has
to saccadeo aregionof interest.Thepanoramisensorcan
maintaina certaintyvaluefor differentregionsinits eld of

view. Thevalueindicatesthe certaintyof adoorway being
in thatregion. Wheneer a motion cue appearsor disap-
pearsin aregion, its certaintyvalueis increasedThis way
aftercertainperiodof time, areliablemodelaboutdoorway
couldbebuilt. Of coursesomeof theseregionsneednotbe
doorwaysbut just simple occlusions.This canbe handled
by usingtwo panoramicsensorspne of which is moving

and can positionitself from whereit cancorroboratethe
presencer absencef doorway.

6.2 Multiple TargetCorroboration

Whenthereare multiple targets,the triangulationis no
moretrivial. Thedifferenttypesof sensorgometo our aid
is this situation. Like for exampleif panoramicsensoris
trackingtwo motioncues- sayapersorandrobot,usingthe
pyroelectricsensomwe canknow thatoneof themis a per
sonandthusselectvely track that motion of moreinterest
to us. Anotherscenarids whentwo motionscuesintersect.
This problemis discussecearlierin Section2.1. Whenthe
scenarianvolvesmultiple humansijt is morechallenging.
In this case,we planto usea monocularcamerato zoom
in on regions of interestas given by the panoramicsen-
sor, asshowvn in Section2.6. This helpsusto captureand
recordsignature®f thesemotioncuedlik e color, shapeetc.
The higherlevelscanreasorovertheseandhelpto decide
whichtamgetsto triangulateon.
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