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Abstract

Robotcontrol in nonlinearandnonstationaryrun-time
environmentspresentschallenges to traditional software
methodologies. In particular, robotsystemsin “open” do-
mainscanonly bemodeledprobabilisticallyandmustrely
on run-timefeedback to detectwhetherhardware/software
con�gurations are adequate. Modi�cations must be ef-
fectedwhile guaranteeingcritical performanceproperties.
Moreover, in multi-robotsystems,there are typically many
waysin which to compensatefor inadequateperformance.
Thecomputationalcomplexity of high dimensionalsenso-
rimotor systemsprohibits theuseof manytraditional cen-
tralizedmethodologies.

We presentan applicationin which a redundantsensor
array, distributedspatiallyover an of�ce-like environment
can be usedto track and localize a humanbeing while
reactingat run-timeto variouskindsof faults, including:
hardwarefailure, inadequatesensorgeometries,occlusion,
and bandwidth limitations. Respondingat run-time re-
quiresa combinationof knowledge regarding thephysical
sensorimotordevice, its usein coordinatedsensingoper-
ations,and high-level processdescriptions.We presenta
distributedcontrol architecture in which run-timebehavior
is bothpreanalyzedandrecoveredempiricallyto informlo-
cal schedulingagentsthatcommitresourcesautonomously
subjectto processcontrol speci�cations.Exampleswill be
availablefromour search andrescueplatform1.

1 Intr oduction

High-level deliberation and low-level reactivity are
valuablein the control of autonomousand self-adaptive
systems. A successfulimplementationof sucha hybrid
architecturewould permit thesystemto make useof prior
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knowledgewhenappropriateandto respondquickly to run-
time data. Thecentralopenquestionappearsto bedecid-
ing how reactinganddeliberatingshouldinteractin a con-
structive fashion.We have adopteda perspective in which
thecontrolhierarchyis adaptive at every level. Low-level
controlprocessesparameterizedby resourcesinteractwith
thedomaincontinuouslyandrecovercontext observableby
theworking setof control. This kind of context feedback
canbe usedto identify the currentrun-timeenvironment
andpermitsthehigh-level processplannerto re-deploy re-
sourcesso as to addressthe goalsof the systemand to
changethekindsof context feedbackavailable.Over time,
robustplansfor interactingwith speci�c problemdomains
arecompiledthesepoliciesinto rich, comprehensive reac-
tive policies. Statedescriptionsevolve to expresslikely
run-timecontext at thehighestlevelsandreactive policies
adaptto handlerun-timecontingenciesat thelowestlevels.

Weareconcentratingonhow sensoryandcomputational
resources,distributedin a non-uniformmannerover mul-
tiple mobileplatformscanbe coordinatedto achieve mis-
sion objectives. Our approachrelieson technologiesthat
produce�e xibility , resourcefulness,highperformance,and
fault tolerance.Speci�cally, we areinterestedin (1) how
cross-modalsensoryfront-endscanbedesignedto provide
mission-speci�cpercepts,(2) how perceptualbehavior can
incorporatesensoryinformationderivedfrom two or more
roboticplatformscarryingdifferentsensorsandfeatureex-
tractionalgorithms,and(3) how teamresourcescanbeor-
ganizedeffectively andhow low-level sensoryandmotor
activity canbescheduledto achievemultiple simultaneous
objectives.

A family of resourceschedulingpolicies,calledBehav-
ior Programs(B-Pgms),is downloadedinto eachmember
of a working groupof robotsaspart of the con�guration
process.EachB-Pgmcontainsa setof (previously evalu-
ated)contingency planswith which to respondto a vari-
ety of likely run-timecontexts. This policy is responsible
for orchestratingtherun-timebehavior of thesystemin re-
sponseto perceptsgatheredon-line. The temporalhistory
of statesproducedby aparticularB-Pgmde�nesarun-time
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context andsupportsprobabilisticperformancepredictions
for the team. Thesepredictionsare continuouslyre�ned
and updatedfor use in higher-level planning. Run-time
contexts thathave may behandledby makinguseof con-
tingency plansin theB-Pgm,by re-deploying resources,or
by replanningat the mission/processplanninglevel if re-
quired.

TheUMasshybridarchitectureis basedonasetof prim-
itive, closed-loopcontrol processes.This framework al-
lows hierarchicalcompositionof the controllersinto be-
havior programs(B-Pgms)for tracking, recognition,mo-
tion control,andfor a morecomplex humantrackingsce-
nario. We aredevelopingschemesfor automaticallypro-
grammingbehavior in avarietyof meaningfulcontextsand
subsequentlyusing thesepolicies as abstractactionsin a
growing Semi-Markov DecisionProcess(SMDP). These
hierarchicallyorganizedprocessesare implementedin a
distributed,real-timeenvironmentin which we aredevel-
opingmechanismsfor multi-threadedbehavior. Moreover,
themulti-robotplatformis designedto respondto multiple,
simultaneousobjectivesandreasonsaboutresourcesusing
a high-level processdescriptionandcontrolprocedureus-
ing thelittle-JIL processdescriptionlanguage.Our goal is
anambitious,vertically integratedsoftwareenvironmentin
whichrun-timedatasetsdrivetheorganizationof behavior
andcontributeto themanagementof largeandcomprehen-
sive softwaresystems.This documentdescribesthe very
�rst experimentsemploying this paradigm.

2 SensoryPrimiti vesfor Motion Tracking

A multi-objectivesystemrequiresthatthesensoryalgo-
rithmsare�e xible to supportadaptationandrecon�gurable
on-line to facilitate fault-tolerance. Our approachis de-
signedto provideasetof sensorprocessingtechniquesthat
can ful�ll both low-level and high-level objectives in an
openenvironment. Cooperative interactionamongmem-
bersof the robot teamrequiresthe missionplannerto be
effective in utilizing systemresourcesacrossteammem-
bers,includingrobotplatforms,sensors,computation,and
communication.In particular, we areconstructingvirtual
robotbehaviors acrossmultiple coordinatedplatformsand
multiple sensors.To achieve the desiredrobustness,our
platform is con�gured with a variety of sensorsandalgo-
rithms. Vision is the primary sensingmodality, but it is
complementedby inexpensive pyroelectricsensors,sonar,
infraredproximity sensors,and(in thefuture)acousticsen-
sors. Multiple typesof sensorsareconsideredto be dis-
tributedacrossmultiple robotplatformsto allow �e xibility
in missionplanningandresourceschedulingin responseto
hardwareandalgorithmfailures.

2.1 Panoramic Imaging

Effective combinationsof transductionandimagepro-
cessingis essentialfor operatingin anunpredictableenvi-
ronmentandto rapidly focusattentionon importantactiv-
ities in the environment. A limited �eld-of-view (aswith
standardoptics) often causesthe cameraresourceto be
blocked whenmultiple targetsare not closetogetherand
panningthecamerato multiple targetstakestime. We em-
ploy acamerawith apanoramiclens2 to simultaneouslyde-
tectandtrackmultiple moving objectsin a full 360-degree
view [4, 10,13].

Figure1. Original panoramicimage(768x 576)

Figures1, 2, and3 depicttheprocessingstepsinvolved
in detectingand tracking multiple moving humans. Fig-
ure 1 shows oneof the original panoramicimagesfrom a
stationarysensor. Four moving objects(people)werede-
tectedin real-timewhile moving in the scenein an un-
constrainedmanner. A backgroundimageis generatedau-
tomaticallyby trackingdynamicobjectsthroughmultiple
frames.Thenumberof framesneededto completelybuild
the backgroundmodeldependson the numberof moving
objectsin thesceneandtheirmotion.Thefour moving ob-
jectsareshown asanun-warpedcylindrical imageof Fig-
ure2, whichis amorenaturalpanoramicrepresentationfor
userinterpretation.Eachof thefour peoplewereextracted
from thecomplex clutteredbackgroundandannotatedwith
aboundingrectangle,adirection,andanestimateddistance
basedon scalefrom the sensor. The systemtrackseach
object throughthe imagesequenceasshown in Figure3,
evenin thepresenceof overlapandocclusionbetweentwo
people. The dynamictrack is representedasan elliptical
headandbody for the last 30 framesof eachpersonand
the �nal positionon the imageplaneis illustratedin Fig-
ure2. Thehumansubjectsreverseddirections,overlapped,

2PAL-3802system,manufacturedby OptechnologyCo.
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Figure2. Un-warpedimage,four moving peopledetected

Figure3. Trackthroughimagesequencefor thelast32 frames

andoccludedon anotherduring this sequence.Thevision
algorithmscandetectself-motionof the robot, changein
theenvironment,illumination,andsensorfailure,while re-
freshingthe backgroundaccordingly. The detectionrate
of the currentimplementationfor tracking two objectsis
about5Hz.

Themotiondetectionalgorithmreliesheavily ontheac-
curacy of thebackgroundmodelat any giventime in order
to detectmoving objects. Typesof changesin the back-
groundcanbebroadlygroupedinto two categories.

� changesdueto the illumination affectingpixel inten-
sitiesat a �ne scale;and

� changesof surfacesin the environmentsuchas the
movementof objects.

It is quitedif�cult to take careof bothcasessimultane-
ouslybecausethe�rst typerequiresaconstantupdatewhile
thesecondtyperequiresa context-dependantupdate.The
low-levelbackgroundestimationprocedureis quitesimple.
Theconstantupdateis doneon thoseregionsof the image
thatarenotclassi�edasamoving objectby themotionde-
tectionalgorithm.We trackeachregionandkeepa history
of velocity for eachaswell. Whenthevelocity falls below
a thresholdandremainssofor a periodof time, it becomes
a suitablecandidatefor part of the background.The as-
sumptionis madethathumanswill benotbestill for a long
periodof time. Therefore,they do not becomepartof the
background.Similarly, only whenthe velocity of an ob-
jectexceedsathreshold,is it classi�edasapossiblehuman
subject. This helpsto avoid detectingsomeobjectsthat
shouldremainpart of backgroundbut arenot completely
stationary, likethemotionof treebranches,or the�ick erof
acomputermonitor.

The adaptive backgroundupdateimproved the perfor-
manceof the panoramicsensorsconsiderably. The above

adaptationonly providesa low-level mechanismto handle
theproblemof maintaininganaccuratebackgroundmodel.
A moreelegantwaywouldbeto usethecontext asinferred
by thereasoningathigherlevelsof knowledge-basedplan-
ningwhereall resourcesavailablemightbeemployed.For
example,an unconscioushumanwill be still, so the low
level will infer this asthe backgroundappearance.How-
ever, usingthepyroelectricsensor, we might know where
the humanis, particularly if the previous motion of that
bodyhadbeendetected.This informationcouldbepassed
to thevisionsensorsto updatethebackgroundaccordingly.

2.2 Pyroelectricsensor

signal(t)

O(t)

A/D

counter
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5V

memory

O

signal

target

Figure4. Pyroelectricsensor.

The pyroelectricsensor3 is a Lithium Tantalatepyro-
electric parallel opposeddual elementhigh gain detector
with completeintegral analogsignalprocessing[3]. The
detectoris tunedto thermalradiationin the rangethat is
normally emittedby humans. Sincethe pyroelectricde-
tectoritself only respondsto changesin heat,thedetector

3Model 442-3IR-EYE IntegratedSensor, manufacturedby Eltec In-
struments
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mustbescanned.As shown in Figure4, a thermaltargetis
identi�ed asazerocrossingin thesensor'sdatastream.We
haveimplementedsuchasensoronascanningservo motor
with two controlmodes;thesensormaysaccadeto aregion
of spacedesignatedby anothersensoror pair of sensors,
andit cantrack thethermalsignature(evenwhenthesub-
ject is still) by oscillatingaroundthe targetheading.The
result is a sensorthat respondsquite preciselyto human
bodytemperaturebut with a ratherpoorlateralbandwidth.
This is dueprimarily to thescanningrequiredto measurea
zerocrossing.To usethis sensorappropriately, it mustbe
appliedonly whenthe predictedlateral bandwidthof the
subjectis relatively small.

2.3 StereoHeadSystem

Thestereoheadplatform4 is a high-performancebinoc-
ular cameraplatformwith two independentvergenceaxes.
As shown in Figure12, it hasfour mechanicaldegreesof
freedomandeachlenshasthreeopticaldegreesof freedom
[6].

Thereareseveralstate-of-the-arttrackingalgorithmsin
the literature[1, 9, 2]. Our trackingalgorithmusesoneof
thecamerasasanactiveeyeandtheotherasanpassiveeye.
Theactiveeyedetectssubsampledpixelsof greatestchange
in intensitybetweentwo consecutive frames.The passive
eye correlatesmulti-resolutionfoveawith the framefrom
theactiveeye. Thestereoheadis thenservoedto bring the
pixel of greatestchangeinto the foveaof the active eye.
Subsequently, the passive eye is vergedto point its fovea
to the sameworld featureas the foveaof the active eye,
extractingthespatiallocationof theobject.

Theaccuracy of thespatiallocationof theobjectis de-
pendenton its distancefrom thestereoheadsystem.This
algorithmcanonly tracksinglemoving objects.

2.4 SACCADE­FOVEATE B­Pgm for Recover­
ing Heading

The most primitive software processin this approach
is an asymptoticallystableclosed-loopcontroller [5, 8].
Controllerssuppresslocal perturbationsby virtue of their
closed-loopstructure. Somevariationsin the context of
a control taskaresimply suppressedby the actionof the
controller. Controllersalsoprovidea basisfor abstraction.
Insteadof dealingwith a continuousstatespace,a behav-
ioral schemeneedonly worry aboutcontrolactivationand
convergenceevents. When a control objective is met, a
predicateis assertedin anabstractmodelof thesystembe-
havior. The patternof booleanpredicatesover a working
setof controllersconstitutesa functionalstatedescription
in which policies can be constructed.The “state” of the
systemis a vectorof suchfunctionalpredicates,eachel-
ementof which assertsconvergencefor somecontrol law

4BiSight System,manufacturedby HelpMateRobotics,Inc.

andresourcecombination.Thestatevectoralso,therefore,
representsthesetof discretesubgoalsavailableto a robot
giventhesenativecontrollawsandresources.

Two closed-loopprimitives are employed for motion
tracking(seeFigure5).
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Figure5. Closed-LoopPrimitivesfor ControllingAt-
tention.

The�rst, saccade, acceptsa referenceheadingin space
anddirectsthesensor's �eld-of-view to thatheading.The
second,foveate, is similar except that it acceptsheading
referencesdeterminedby thesensor'ssignal.For example,
thepyroelectricsensorscansasmallregioncenteredonthe
currentgazeandidenti�es the zero crossingin the sensor
output.Theheadingto thezerocrossingis usedastheref-
erenceheadingto control thesensor's gaze.Within band-
width limitations, the resultis that the pyroelectricsensor
tracksthemoving thermalsource.

Localizing and tracking the motion of objects in the
world is an important,reusablebehavior that canbe real-
izedanumberof differentwaysusingavarietyof different
sensors.Eachsensorin a stereopair recoverstheheading
to a featurein theenvironment.Whenthe imaginggeom-
etry of thepair is suitable,thesensorscan,in principle,be
usedto triangulatethespatiallocationof thefeature.More-
over, thecontrolprocessfor eachsensorcanbecompletely
independentof theothersensorprocesses.We have hand-
crafteda B-Pgmfor accomplishingthis task that is para-
metric in sensoryresources.This B-Pgmis illustratedin
Figure6 - it representsa family of run-timehardwarecon-
�gurations for estimatingthelocationof moving objectsin
space.

SACCADE-FOVEATE B-Pgm:

[ No Target ]

f
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f
f f

f

[ Sensor  Fault ]

[ Target Lost ]

[ Report Heading ]

X0

X1XX 1X

state:

p
s

p
f

p=(     ,     )

Figure6. Behavior Programfor DetectingandMea-
suringtheHeadingto a Motion Cue.
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Thestatein thenodesof Figure6 is theconvergencesta-
tusof thesaccadecontroller,

���

, andthefoveatecontroller,
���

. Thatis, if
� �

is convergedand
���

is not, thenthestate
of the saccade-foveateprocessis ��� . An � in the state
representationrepresentsa “don't care” or “don't know”
condition.

The saccade-foveateB-Pgm(or template)for behavior
relieson a concurrent“saccade-foveate” approach.This
strategy begins by directing a sensor	�

��� to saccade
to an interestingregion of space. If this processfails for
somereason,it is presumablyan error in the motor com-
ponentfor thesensorandit reportsa fault. If no hardware
fault is detectedandthesensorachievesstate ��� , thenan
independent,periodic,closed-loopprocess

���

is engaged
whosegoal it is to bring the centroidof the local motion
cueto thecenteror foveaof sensor	 
 's imageplane.If no
motioncueis detected,thena reportof “no target” is gen-
erated.If a targetmotioncueis detectedandfoveated,then
thesensorachievesstate��� wherethe target is foveated,
is actively tracked,andwhich likely is no longerat thepo-
sition speci�ed by the original saccade.As long as sub-
sequentfoveationcycles preserve this state,a headingto
the motion cue is reported. If, however, the sensorstate
becomes��� , then the target may be moving too quickly
anda “tar get lost” reportis generated.Whentwo sensors
aresimultaneouslyin state ��� , thenthe pair of active B-
Pgmsarereportingsuf�cient informationfor triangulating
the spatial location of this motion cue. Under thesecir-
cumstances,this B-Pgmproducesa hypothesisregarding
the locationof a motion cue. Eachuniqueresourceallo-
cation 	�
���	������ produceshypothesesof varying quality
dependingon thecontext of thelocalizationquery.

This policy doesnot rely on speci�c output type. In
fact,while incorrectcorrespondencecanleadto anomalous
results,cross-modalitycanbe usedto advantage.For ex-
ample,if the location is computedfrom consistentvisual
motion andpyroelectricinformation, thenwe may detect
“warm-moving” bodies.Sucha strategy maybeattractive
whendetectingandlocalizinghumanbeingsasopposedto
othertypesof moving objects.

2.5 “V irtual” StereoPairs

Any �x ed-baselinestereo vision system has limited
depthresolutiondue to the imaginggeometry, whereasa
systemthat combinesmultiple views from many station-
ary or movable platformsallows a policy to take advan-
tage of the current context and goals in selectingview-
points. A “virtual stereo” policy is a policy that en-
gagesdifferent sensorpairs as the target moves through
ill-conditionedsensorgeometries.Although this policy is
more�e xible thana �x ed pair, this approachrequiresdy-
namicsensor(re)calibrationandaccuracy in the depthof
a target is limited by the quality of calibration. The vir-

tualstereostrategy maybeparticularlyeffectivewith apair
of mobilepanoramicsensorsbecausethey have thepoten-
tial of alwaysseeingeachotherandestimatingcalibration
parameters[13]. Oncecalibrated,they can view the en-
vironmentto estimatethe 3D informationof moving tar-
getsby triangulation,andmaintaintheir calibrationduring
movementby tracking eachother. If two panoramicvi-
sion sensorscanseeeachotherandat the sametime see
the target motion cue, then they can be usedto estimate
thebearinganddistanceof the targetwithout any off-line
calibration.

�


����  

!#"%$'&


(��)+*���,

 

!#"%$#&


(� )

&

�-
/. * 
 )0* � ,

���� 

!#"%$21

��,

 

!#"%$2143

,

(1)

where
�


 is the distancebetweenthe target and the �rst
camera,� is thedistancebetweenthetwo cameras,*5
 and

* � arethebearingsof thetargetin image1 andimage2 re-
spectively, and
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 is theimageof camera1 in im-
age2, andcamera2 in image1 respectively. Severalpracti-

Figure7. Panoramicstereogeometry

calapproachesto estimatedistanceandanglesbetweentwo
panoramicsensorshave beenproposedin [13]. The error
of

�


 canbeestimatedby partialdifferentialsof Equation
1 as
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where
7

� is thedistanceerror, and
7

1

is theaveragean-
gle error. Thesmallertheangle

1
3

and/orB, the larger is
theerror. Noticethat

1
3

andB have someinherentdepen-
dency. Given the distance

�


 and
�

� , the changeof
1

3

andB arein thesamedirection(increasingor decreasing).
Wehavedevelopedthealgorithmsfor mutualcalibration

and3D localizationof motionsusinga pair of panoramic
vision systemseachrunning the saccade-foveateB-Pgm.
The �rst implementationhasbeencarriedout by cooper-
ation betweentwo stationarycameras.Figure8 shows a
stereoimagepair from two panoramicsensors.
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Figure8. 3D localizationby thepanoramicstereosystem

2.6 Peripheral and FovealVision Integration

The humaneye hasa very wide-anglelow resolution
�eld in its peripheralview anda very high resolutionnar-
row �eld in its fovealview, acombinationthatworkscoop-
eratively in a highly robustmanner. We can�nd a moving
object within the peripheral�eld of view, and then start
a trackingbehavior by peripheral-fovealcooperation.The
key point hereis thenaturalcooperationof peripheraland
foveal vision as a real-time behavior operatingwithin a
commoncoordinatesystem.

As we considera computerimplementationof this be-
havior, wenotedifferenceswith humancapability. Humans
must rotatethe headso that the peripheralsystemcovers
the moving object in its �eld of view. Furthermore,mul-
tiple objectsin very differentdirectionscannotbe tracked
simultaneously. In our Track HumanContainmentUnit,
thepanoramic-panoramicsensorpair (or any otherpairap-
plicableunderthe run-timecontext) canprovide the spa-
tial referencefor a saccade-foveateB-Pgmon a standard
zoomcameramountedon a small pan/tilt platform. The
pan/tilt/zoomimagingsystemmaythenundergoa saccade
to the interestingmotioncue. Fromhereit canfoveateon
thecueandzoomif necessaryfor 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 separateandtrack individualsin a group(or
evena crowd). Usingcontourextractionalgorithmsbased
onmotioncues,thepixelsthatcorrespondto theobjectcan
beextractedfrom thebackground.

Our generalapproachis to apply suitablelocal image
operatorsto the imageto determinethe relevant features
of the object. Eachknown object is representedasa his-
togramof theselocal features.Thehistogramof theobject
beingtrackedcanbematchedwith thehistogramsof other
knownobjectsfrom adatabasein orderto recognizetheob-
ject. Objectrecognitionis importantwhentherearemul-
tiple objectsbeingtracked. Whenthe pathsof two mov-
ing objectsintersect,anambiguityarisesasto whetherthe

pathsdid, indeed,crossorwhetherbothobjectsturnedback
uponmeeting.We presentedsucha situationin Figures2
and3.

We have successfullysetup a peripheralandfoveavi-
sionsystem,andimplementeda cooperativealgorithmfor
processingmovingobjects.Thesystemdetectsany moving
objectin theview of thepanoramiccamera,andtracksand
identi�es it throughthe zoomcamera.If therearemulti-
plemotiontrackersorchestratedin theHumanTrackerCU
andmultiple pan-tilt zoomcamerasin a distributedsensor
network of stationaryandmoving platforms,thefunction-
ality of thesystemshouldrespondgracefullyin thefaceof
hardware and algorithm failuresby deploying applicable
subsetsof sensors.

Figure9 illustratestheimageresultingfrom suchapro-
cesswherethespatialreferenceto amotioncueis provided
by the panoramic-panoramicimagepair presentedearlier
in Figure 8. The suspiciouscharacterin this panoramic
image pair has been scrutinizedsuccessfullyusing the
pan/tilt/zoomcamera.

Figure 9. A closeup (zoom) imageof the Human
Subjectlocalizedusinga panoramic-panoramicsen-
sorpair.
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3 The Containment Unit

B-Pgmscanbeusedto coordinatethebehavior of a�x ed
setof resources.In [7], we show how to build policiesau-
tomaticallyusingreinforcementlearningthatapproachop-
timal policiesfor a �x edresourceallocation.TheContain-
mentUnit (CU) is anactive entity designedto representa
family of optimal contingency plansparameterizedby re-
sourcecommitments.Its objective is to “contain” faults.A
fault is generallyconstruedto beany functionalviolationof
thespeci�edbehavior associatedwith thecontainmentunit:
real-timeconstraints,livenessof constituenthardware,or
performanceconstraints.If a sensorfails, it is the role of
thecontainmentunit to selectanalternativebehavioral pro-
gramto providethesametypeof informationandto inform
theprocessthatactivatedtheCU of the impacton theex-
pectedperformance.Containmentunits,therefore,manage
a set of parametricB-Pgmsgiven resourcespeci�cations
andreportthepropertyassociatedwith theCU andtheex-
pectedquality of theresult. TheCU monitorsfault condi-
tionsandrespondsautonomouslyto producethe informa-
tion requestedby a higher-level CU.

pre-analyzed
     B-Pgm 
  repository

context
report:
   property
   performance  

reports

MEM

        CU 
SUPERVISOR

    state
estimation

R: resource
    allocation

LEVEL k
Containment Unit: 
property spec

LEVEL k+1
Containment Unit: 
property spec

*
pre-analyzed
     B-Pgm 
  repository

        CU 
SUPERVISOR

R'      R

Figure10.TheStructureof a ContainmentUnit.

Thestructureof aCU is presentedschematicallyin Fig-
ure10. Multiple instancesof a CU maybeactive concur-
rently, eachwith a resourcespeci�cation that determines
the rangeof variationpermittedlocally in thestrategy for
executingthe CU directive. Global resourceconstraints
areachieved by limiting the rangeof autonomyeachCU
enjoys throughcareful speci�cation of its proprietaryre-
sources.Thesetof alternativeB-Pgmsavailableto theCU
representsall possiblecoordinatedsensoryandmotorpoli-
ciesfor achieving theobjective with systemsresources.In
general,thesepoliciesmaybeapplicableonly in prescribed
contexts. For example,adequateillumination maybenec-
essaryto employ thoseB-Pgmswith visionsensors,or lim-

ited targetvelocity maybe requiredin orderto trackwith
a scanningpyroelectricsensor. These“contexts” can be
loadedwhen a CU is activatedand then veri�ed at run-
time, or they may be recoveredby monitoring the active
B-Pgm's performance.An inappropriaterun-timecontext
can be usedto recon�gure the CU locally and/orpassed
upwardto theprocessthatactivatedtheCU.

3.1 CU Supervisor: Domain­Independent Be­
havioral Expertise

Someaspectsof a particularB-Pgm's performancein
situ aredeterminedentirelyby attributesof theparticipat-
ing resources.Themostobviousexampleof critical local
stateis the livenessof the participatinghardware. Other
locally determinedattributescanalsobeimportantwith re-
spectto overallperformance.Considerapairof visionsen-
sorsperformingasavirtual stereopair to localizeamoving
target. Localizationwill be poor if the uncertaintyin the
positionof theparticipatingsensorsis largeor thesaccade-
foveateB-Pgmmaybehavepoorly if thetargetapproaches
a collinearspatialrelationshipwith thesensorpair. These
conditionsareentirelydeterminedby examiningattributes
of the sensors(their relative spatialarrangement)andthe
resultof theB-Pgmcoordinatingthem(thetargetposition).

Circumstancessuchasthesearecompletelydetermined
in the local stateof theCU andshouldbe handledlocally
without higher-level deliberation.TheCU depictedin Fig-
ure 10 containsa local supervisorthat accomplishesthis
objective. Someof thepoliciesengagedby thesupervisor
canbe hand-codedbasedon knowledgeregardingthe in-
teractionsbetweenresourcesand/orknown de�cienciesin
softwareprocessesusedto respondto feedbackfrom the
world. We will developan exampleof the CU supervisor
in Section5.

3.2 Context: Domain­Dependent Behavioral
Models

Open environmentspresentdata sets to sensorimotor
processesthatcannotbepredictedat processcon�guration
time in generalandmustbe observed at run-time. When
peculiaror unexpectedenvironmentscausethebehavior of
thesystemto deviate from expectations,a higher-level re-
con�guration must modify systemperformancewhile re-
mainingwithin speci�cations. If a speci�c B-Pgmproves
to be inadequatein a particularrun-timecontext, thecon-
text is passedupwardin thecontrolhierarchyto a process
managerwhich maychooseto reinstantiatetheCU with a
differentresourcespeci�cation. Over time, someof these
recon�gurationdecisionsthatdependstronglyon control-
lablesystemcomponentsmightbecompiledinto appropri-
ateCU supervisors.However, other contexts will be de-
terminedby therun-timeenvironment,andthedeliberative
processplannermustmodelthesedependenciesatahigher
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level. We arestudyingmechanismswheretheprocessde-
scription can incrementallymodel theseenvironmentally
determinedcontextsandmanageresourcessoasto recover
critical run-time, environmentallydeterminedcontexts in
thecourseof themission.

In self-adaptive softwaresystems,anadditionaldimen-
sion of complexity in decision-makingand predictability
is introduced,namely, adaptive changesmust be accom-
plishedwith someassuranceof correctnessandsafety. Ex-
haustive formal methods,or detailedre-planningareoften
too timeconsumingto beexecutedcompletelyat run-time.
This systemexploits a dynamiccomposabilityapproach,
whereinpossibleexecutionmodelsarepre-analysedat de-
sign time to determinewhich compositionscould poten-
tially executesuccessfully. Theapproachalsogeneratesan
expectationof the successfulcompletionof thesecompo-
sitionsunderdifferentanticipatedcontingencies(including
hardwarefaults,algorithmfailures,anddeviationsfrom ex-
pectations).This pre-analysiswill greatlyreducetheover-
headof dynamicdecisionmaking, by ruling out alterna-
tivesunlikely to befruitful andby guidingthesearchpro-
cessat run-timewith this composabilityinformation.With
this, many of the estimatescanbe tightenedandmoreef-
�cient planscanbe generated.Thus, whena fault is re-
ported, the ContainmentUnit executesa searchover the
repositoryof availableB-Pgmsandchoosestheonewhose
pre-analizedcomposabilityinformationis mostappropriate
for thetask,stateof thesystem,andstateof theworld.

The memorystructureillustratedin Figure10 records
thereportedresultsof all participatingresources,estimates
thestateinformationrequiredby the local supervisor, and
supportsinterpretationandreportingactionsgeneratedby
the CU. Task speci�c information such as target loca-
tion and current fault conditionsare stored. The struc-
ture is maintainedby a communicationprotocol over in-
ternetsocketsbetweenthe active B-Pgmsandthe CU. If
resourcesresideon disparatearchitecturesand operating
systems,the memorystructurewill also provide the CU
with acommoncommunicationinterfaceto all subsystems.
Thememorystructureis alsoavailableto any processrun-
ningon thehostcomputerandformsthebasisfor theHigh
Level Interface.

4 The Little-JIL Agent Coordination Lan-
guage

Little-JIL [LJIL-ICSE] provides rich and rigorousse-
manticsfor theprecisespeci�cationof processesthatcoor-
dinatemultiple agents[11, 12]. In thecontext of SAFER,
theagentsconsistof individual sensors,individual robots,
or combinationsof these.Little-JIL providesconstructsfor
proactive andreactive control, exceptionhandlingandre-
sourcemanagement.

A Little-JIL processde�nes a high-level plan to coor-
dinateagentsto act as a loose team. A processis con-
structedof stepsthat are hierarchicallydecomposedinto
�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. Theseresourcesinclude
thesensorsandrobotsbut mayalsoincludecomputational
platformsandcommunicationhardwareto allow reasoning
over thesharingof theseresourcesamongcomputationally
andcommunicationallyexpensivealgorithms.

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 implementedin oneof severalways,eachof
which usesa differentcollectionof resources.The selec-
tion of whichchoiceis mostappropriatemaydependupon
which resourcesareavailableat thattime,how quickly we
must perform the computation,how precisea result we
mustget, andthe physicalenvironmentat the time of ex-
ecution. Thesehigh-level decisionsthat requirereasoning
acrossthecollectionof loosely-coupledrobotsandsensors
arethetypesof decisionsmadewithin theprocess.

The processalso containsa reactive element. This is
particularlyusefulfor exceptionhandling.For example,a
certainamountof reactioncanbehandledwithin thecon-
tainmentunitsby dynamicallyselectingtheappropriateB-
programs.Somesituations,however, requirehigher level
support. A simpleexampleis that of a timeout. We may
want to instantiatea particularcontainmentunit for a lim-
ited amountof time. To do this we inform the contain-
mentunit of a timeout. Whenthetimeoutoccurs,thepro-
cessreactsby choosinganotheractivity baseduponthere-
sultsseenthusfar. Anotherexampleoccurswith a process
intendedto track multiple people. With sucha process,
we might want to alwayshave onesensorresponsiblefor
watchingfor new motion enteringat a door, while allow-
ing the remainingresourcesto track targetsalreadyin the
room. If a new motion enters,the processreactsby reas-
signing resources.The actualselectionof resourcesand
containmentunits and thus the actualinstantiationof the
systemis madeby the integratedcapabilityof robotplan-
ningandschedulingtechnologieswhosedescriptionis out-
sidethescopeof this paper.

The Little-JIL processcontrol languageas discussed
above,providesapowerful meansof exploiting knowledge
to structureplanningandlearningby focusingpolicy for-
mationonasmallsetof legalprograms.Moreover, at lower
levels, new andenhancedprocessesareconstructed.The
objective is to constantlyoptimizeandgeneralizethe ac-
tiveB-Pgmduringtrainingtasks,andto returnit at theend
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Figure11.SampleLittle-JIL ProcessDescriptionfor Trackinga HumanSubject.

of thetaskbetterthanwe foundit. TheseB-Pgmsactually
consistof many coordinatedprimitive controllersbut are
thoughtof asdiscreteabstractactions. Subsequentplans
andlearningprocessescanexploit this abstraction.

Figure11 shows a sampleLittle-JIL processthat uses
sensorsto trackmultiplehumans.Weassumethatthispro-
cessspeci�cationis in thecontext of apartialmodelof the
run-timeenvironment.Therootstepof theprocessis Track
Humans.This stepis decomposedinto two stepsthat run
concurrently(denotedby theblueparallellines). Onestep
is to track an individual humanwhile the otherstepis to
watchthe door. The WatchDoor steprequiresuseof the
panoramiccamera.

TrackHumanis a choicestep.Dynamically, thesystem
will decidewhich of the threesubstepsto use. This deci-
sionwill bebaseduponwhichresourcesareavailable,what
time constraintsthereareon the tracking,andcontextual
issues,suchaswhetherthereis good lighting or whether
the target is moving quickly. One might easily imagine
many morethanthreechoiceshere. Eachchoicerequires
oneor moreresourcesandhassomeexpectedperformance.
Theschedulerandruntimesystemuseknowledgeaboutthe
context to assistin makingthedecision.

If anotherhumanenterstheroom,thisresultsin anevent
that is handledby the secondTrack Humanstep. This is
simplyareferenceto theoriginal trackhumanstepandwill
result in a new instanceof Track Humanstartingwith a
new setof resources.Of course,whena new humanen-
terstheroom,it couldbethattheexisting resourcesareall
beingusedto track the peoplethat are in the room. This
would resultin anexceptioncausingsomereplanningand
reallocationof resourcesto occur. Otherexceptionscanbe
usedto adaptlocally (within theCU) duringexecution.For

example,if therehadbeennormal lighting andthe lights
wereturnedoff, we would expectan exceptionwithin the
currentlyactive containmentunits thatemploy vision sen-
sors.

5 SAFER Experimental Platform

In our experimentalplatform, we have implemented
threetypesof motion detectorsthat aredeployed at �x ed
andknown positionsin an indoorof�ce-lik e environment.
The platform consistsof an articulatedstereovision sys-
tem,andscanningpyroelectricsensor, andtwo panoramic
vision sensors.In eachinstanceof thesaccade-foveateB-
Pgmobservationsarecollectedfrom sensorpairs that are
suf�cient to determineaspatiallocationof themoving fea-
turein the�eld of view. This family of functionallyequiv-
alentprogramsproducesa spatialestimateof a motioncue
with varying quality that could serve asa spatialposition
referenceto a subsequentsensoryor motor control task.
Indeed,combinationsof thesestrategiesarethemselvesB-
Pgmswith reservedresourcesfor corroborationor for fault
tolerance.Which of theseto usein a particularcontext is
dependenton thetask,theresourcesavailable,andtheex-
pectedperformancebasedonaccumulatedexperience.

5.1 Designing the CU Supervisor for Tracking
Human Subjects

The CU Supervisordetermineswhich B-Pgm (sensor
pair) is recommendedfor triangulationand tracking give
thecurrentstateof theprocess.In ourdemonstration,there
aresix uniquepairsof sensorsavailable.A statepredicate
describesthe “li veness”of eachpair. For a given pair, if
bothsensorsarefunctioningandthey arenot in a collinear
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Motion TrackingSensors:

� 1 PyroelectricSensor;

� 1 StereoHeadSensor;

� 2 PanoramicVision Sensors.

Stereo Head

scanning

ROI

    Panoramic
Vision Sensors

pyroelectric

Figure12.The“SmartRoom” - Motion TrackingPlatform.

con�guration, thecorrespondingpredicateis setto 1, oth-
erwiseit is setto 0. This is therole of thestateestimation
componentof Figure10. Givenapatternin thestatevector
de�ning availablesensorpairs, the CU supervisoralways
choosesthepair of sensorswith thehighestvaluewith re-
spectto theprocess'objective function.

We have hand-crafteda HumanTrackingCU supervi-
sor for engagingsensorpairsthatdeploys resourcesin the
following priority-basedhierarchy:

� Panoramic-stereohead(camera1);
� Panoramic-stereohead(camera2);
� Stereo-head(camera1 and2);
� Panoramic-pyroelectric;
� Stereo-head(camera1)-pyroelectric;
� Stereo-head(camera2)-pyroelectric.

Eachresourceallocationin this hierarchy, in turn, instanti-
atestwo concurrentcontainmentunits for trackingmotion
with a singlesensor. ThesesubordinateCUs executethe
saccade-foveateB-Pgmdescribedearlierandreportto the
trackhumanCU. EachCU in this hierarchicalcontrolpro-
cesshastheauthorityto managetheresourcesreservedfor
them.

5.2 Experimental results

The HumanTracking CU supervisorhasbeenimple-
mentedto controlthevarioussensorsin orderto trackasin-

gle moving personseamlesslythroughfailure modescap-
tured in the livenessassertion. Somepreliminary results
arepresentedbelow.

5.2.1 Accuracy and Repeatability Experiments.
To designany CU supervisorthatdependsonthecoordi-

natedactivity of multiple sensors,it is necessaryto model
the performanceof the individual sensors.We conducted
a seriesof experimentsto determinethe accuracy andre-
peatabilityof the sensors.At known spatial locations,a
motioncuewasgeneratedandobservedfrom thedifferent
sensors.It wasobserved that thepanoramicsensorswere
bothaccurateandrepeatable,thestereoheadis accuratebut
not repeatable,andthepyroelectricsensorwasrepeatable
but not accurate.The datawasalsousedto examinethe
qualityof triangulationon themotioncueby differentsen-
sorpairs. As expectedthequality degradedasthemotion
cueapproachedtheline joining a sensorpair or a collinear
con�guration. Becausesucha con�guration is not desir-
ablewecall thisacollinearfault. Conversely, thequality is
bestwhenmotioncueis alongadirectionorthogonalto the
line joining a sensorpair.

5.2.2 Tracking a Human Subject.
The next experimentevaluatedthe completetask of

trackinga singlemoving personusingcombinationsof the
four sensors. The resultsare shown in Figures13, 14,
15 and 16. Figure 13 shows the tracks of Panoramic-
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Figure 13. Motion Tracking for the Pyroelectric-
StereoheadandPyroelectric-Panoramicsensorpairs
in the“SmartRoom.”.

Pyroelectricpair (
�����

) and Pyroelectric-Stereoheadpair
(

�����

). As themotiontrackcrossescollinearsensorgeome-
tries,theperformancedegradesasexpected.

Figure 14 shows the tracksof Panoramic-Stereohead
pair (

�
���

) andStereoheadalone(
�

���

). Target trackingus-
ing stereoheadalonecan be quite bad due to the small
stereobaselineandthemechanicalpropertiesof theStereo
Headplatform[2].

Figure 15 shows the localization results using the
Panoramicvirtual stereopair (

���	�

) producesverygoodre-
sultsfor largeregionsof theroom.Thissensorpairis there-
forehighly reliable,leadingto its priority in theCU super-
visor for thetask.Whentheseresourcesareavailable,they
arewell-advisedbothfor trackingprecisionandbecauseof
thecomplete�eld of view they provide.

The last exampleshow the performanceof the CU su-
pervisorwhich effectssoftwaremodechangesin response
to livenessfeedbackfrom the sensors.This feedbackad-
dressesboth hardware function and the collinearity fault.
Figure16 shows thattheTrackHumanCU supervisorwas
effectivein handlingtheserun-timecontexts. Theobserved
trackwasvery to thetruetrajectoryof themoving testsub-
ject.

The resultsdemonstratethat the hierarchicalarchitec-
ture is capableof handlingfaultsat both lower level (i.e.
sensors)andhigherlevel (i.e. context of themotioncue).
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Figure14.Motion Trackingfor thePanoramic-Stereo
headand StereoHead sensorpairs in the “Smart
Room.”.

6 Summary, Conclusions,andFutureExper-
imental Work

Multi-robot scenariospresentsigni�cant technicalchal-
lengesregardingsensing,planning,computing,and soft-
ware methodsand must supportboth reactivity and pre-
dictability. Ultimately, oneof the mostdesirablecharac-
teristicsof a multi-robot systemis its ability to adaptto
changesin theenvironmentandto internalfaults- in hard-
warecomponentsandin end-to-endperformancespeci�ca-
tions.Thus,recon�gurability is critical.

Our currentwork presentssomepreliminaryresultsto-
wardsthe responsivenessto novel datasets,adaptability
androbustnessthatarecritical to amulti-robotapplication.
The CU supervisorthat wasassignedthe taskof tracking
a humanwasableto handleindividual sensorfaults(low-
level) as well as faults due to context of the motion-cue
(high-level) and seamlesslytrack the human. In conclu-
sion,ourverticallyintegratedsoftwareenvironmentcanre-
con�gure resourcesdynamicallydependingon a varietyof
failures,makingthesystemrobust.

6.1 Doorway Abstraction

In arealsituation,theagentswill haveto cooperatewith
eachotherandpool their sensoryinformationandknowl-
edgeto build a reliable model of their environment. To
demonstrateonesuchsituation,we planto give theagents
the taskof doorway abstraction.The doorway is an inter-
estingthing to learnandincorporateit into the modelbe-
causethat is weremotion cuesof interestoriginateoften.
A panoramicsensorcouldbeusefulin this taskbecauseits
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Figure 15. Motion Tracking for the Panoramic-
Panoramicsensorpair in the“SmartRoom.”.

�eld of view is 360degreesunlikeothersensorswhichhas
to saccadeto aregionof interest.Thepanoramicsensorcan
maintainacertaintyvaluefor differentregionsin its �eld of
view. Thevalueindicatesthecertaintyof a doorwaybeing
in that region. Whenever a motion cueappearsor disap-
pearsin a region, its certaintyvalueis increased.This way
aftercertainperiodof time,areliablemodelaboutdoorway
couldbebuilt. Of course,someof theseregionsneednotbe
doorwaysbut just simpleocclusions.This canbehandled
by usingtwo panoramicsensors,oneof which is moving
andcanposition itself from whereit cancorroboratethe
presenceor absenceof doorway.

6.2 Multiple TargetCorr oboration

Whentherearemultiple targets,the triangulationis no
moretrivial. Thedifferenttypesof sensorscometo ouraid
is this situation. Like for exampleif panoramicsensoris
trackingtwo motioncues- sayapersonandrobot,usingthe
pyroelectricsensorwe canknow thatoneof themis a per-
sonandthusselectively trackthatmotionof moreinterest
to us.Anotherscenariois whentwo motionscuesintersect.
This problemis discussedearlierin Section2.1. Whenthe
scenarioinvolvesmultiple humans,it is morechallenging.
In this case,we plan to usea monocularcamerato zoom
in on regions of interestas given by the panoramicsen-
sor, asshown in Section2.6. This helpsus to captureand
recordsignaturesof thesemotioncueslikecolor, shapeetc.
Thehigherlevelscanreasonover theseandhelpto decide
which targetsto triangulateon.
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Figure 16. Motion Tracking Performanceduring
ModeChangesin theMotion TrackingCU supervi-
sor..
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