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Abstract

WepresentthetheorybehindTOD (theTemporalObjectDis-
coverer),anovel unsupervisedsystemthatusesonly temporal
information to discover objectsacrossimagesequencesac-
quiredby any numberof uncalibratedcameras.Theprocess
is divided into threephases:(1) Extractionof eachpixel's
temporal signature, a partition of the pixel's observations
into setsthat stemfrom different objects; (2) Construction
of a global schedulethat explainsthe signaturesin termsof
the lifetimes of a setof quasi-staticobjects;(3) Mappingof
eachpixel's observationsto objectsin the scheduleaccord-
ing to thepixel's temporalsignature.Our GlobalScheduling
(GSched)algorithmprovablyconstructsavalid andcomplete
global schedulewhencertainobservability criteria aremet.
Our Quasi-StaticLabeling(QSL) algorithmusesthe sched-
ulecreatedby GSchedto producethemaximally-informative
mappingof eachpixel's observationsonto the objectsthey
stemfrom. Using GSchedandQSL, TOD ignoresdistract-
ing motion,correctlydealswith complicatedocclusions,and
naturallygroupsobservationsacrosscameras.Thesetsof 2D
masksrecoveredare suitablefor unsupervisedtraining and
initializationof objectrecognitionandtrackingsystems.

Intr oduction
Computerscapableof intelligent interactionwith physical
objectsmust �rst be able to discover and recognizethem.
“ObjectDiscovery” (OD) is theproblemof groupingall ob-
servationsspringingfrom a singleobjectwithout including
any observationsgeneratedby otherobjects(for an exam-
ple seeFigure1). Becauserobust OD is a prerequisitefor
reasoningaboutphysicalobjects,relationships,actionsand
activities, OD is of fundamentalimportanceto AI systems
seekingto interactwith the physical world. A numberof
differentapproacheshave beenconsideredthatmake differ-
entassumptionsabouttheworld.

StaticOD systemsseekto discover objectsin singleim-
ageswithout usingtemporalinformation. Objectrecogniz-
ersmaybeusedto discover known objectsin staticimages
(Papageorgiou & Poggio2000;Schiele& Crowley 2000).
Theprimarylimitation of objectrecognizersis theoftenex-
tensive training they requireto discover objects.StaticOD
approachesthat do not requirean a priori model of each
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Figure1: SampleOD resultsfor TOD, a direct implemen-
tation of the theory presentedin this paper. (top) Exam-
plesfrom sequencesacquiredby threedifferentuncalibrated
cameras.(bottom) Theobjectsdiscovered.Thecompletere-
moteis recoveredeventhoughit is partiallyoccludedby ei-
therthebowl or therabbit in every imagein which cameras
0 and1 observe it. Notably, temporalinformationaloneis
suf�cient to groupthepixelsin andacrossthecameras.

objectof interesttypically rely uponlocal homogeneityof
color (Liu & Yang1994),texture (Mao & Jain1992),or a
combinationof thesecues(Belongieet al. 1998). Because
real objectsare not visually homogeneousthroughspace,
traditional segmentationoften returnspiecesof objectsor
incorrectlygroupspartsstemmingfrom multipleobjects.

Dynamic OD systems�nd objectsthat move indepen-
dently in the world andso introducetemporalinformation
into the mix. The discovery of moving objectstypically
dependsuponspatialhomogeneityof motion �o w vectors
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(Wang& Adelson1994);sometimesthis datais alsocom-
bined with texture or color (Altunbasak,Eren, & Tekalp
1998). DynamicOD systemsoften rely uponbackground
subtraction(Toyamaet al. 1999)to initially separatemov-
ing objectsfrom a staticbackground.DynamicOD systems
typically requirehigh frameratesandcannotseparateob-
jectsfrom thepersonmanipulatingthem.

In thispaperwepresentthetheorybehindTOD, theTem-
poral ObjectDiscover. TOD is a systemthat usestempo-
ral ratherthanspatialinformationto discover objectsacross
multiple uncalibratedcameras. We decomposethe prob-
lem of object discovery into threephases:(1) Generation
of a temporalsignaturefor eachpixel; (2) Constructionof
a global schedulethat satis�es the constraintsencodedin
the temporalsignatures;(3) Explanationof eachindividual
pixel's temporalsignaturein termsof a mappingfrom its
observationsto objectsin theglobalschedule.

Becausewe do not usespatialinformation,our approach
complementstheexisting bodyof segmentationwork, most
of whichreliesuponlocalspatialhomogeneityof color, tex-
ture or optical �o w. Despiteignoring spatial information,
TOD achievesgoodresultsevenon sequenceshaving com-
plex objectocclusionrelationships(seeFigure1). The ad-
vantagesof our methodinclude: (1) Human supervision
is not required; (2) Low frame rates(i.e., 1-5Hz) suf�ce;
(3) Entireobjectsarediscoveredeven in somecaseswhere
they arealwayspartially occluded;(4) Theapproachscales
naturally to and bene�ts from multiple uncalibratedcam-
eras. The recoveredmulti-view 2D masksaresuitablefor
unsupervisedtrainingandinitializationof objectrecognition
andtrackingsystems.

Theremainderof thepaperis structuredasfollows. First
we introducethequasi-staticworld assumedby TOD. Then
we describehow eachpixel's temporal signature is con-
structed. Following the sectionon signatureconstruction,
we introduceGSched,analgorithmthatcreatesa valid and
completescheduleof objectlifetimeswhencertainobserv-
ability criteriaaremet. We thenpresenttheQSL algorithm
thatsolvesthelabelingproblemusingeachpixel's temporal
signatureandthe global schedulecreatedby GSched.We
concludewith a discussionof somelimitationsof temporal
informationanda shortlook at promisingdirectionsfor fu-
turework.

TOD and the Quasi-staticModel
In this sectionwe de�ne the quasi-staticworld modelused
throughouttheremainderof thepaper. Thismodelis attrac-
tive becauseit imposesenoughrestrictionson theworld to
be theoreticallytreatablewhile maintainingpracticalappli-
cationto realsystems.Thequasi-staticmodelassumesthat
the only objectsof interestare thosethat undergo motion
onsometime interval andarestationaryonsomeothertime
interval (i.e., objectsthat stay still for a while). Thus the
quasi-staticworld model targetsobjectsthat arepicked up
andsetdown while ignoringthepersonmanipulatingthem.1

1Of course,accordingto the quasi-staticworld modelwhena
personis completelystationaryhe/shebecomesanobjectof inter-
est.
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Figure 2: A global scheduleconsistsof the lifetimes of a
set of quasi-staticobjectsand a specialstatic background
object (Obj0). The orderingof the object lifetimes in this
�gure is arbitraryandshouldnot beinterpretedasa layered
representationcontainingocclusioninformation.

Thefollowing de�nitions will beusedthroughoutthepaper
in connectionwith thequasi-staticmodel:

Physical object: A chunkof matterthatleadsto consistent
observationsthroughspaceandtime. Physicalobjectsare
objectsin the intuitive sense.We de�ne physicalobjects
in orderto contrastthemwith quasi-staticobjects. In the
quasi-staticworld, a singlephysicalobjectmaybe inter-
pretedasany numberof quasi-staticobjects.A physical
objectis mobileif it is observedto move in thescene.

Quasi-staticobject: The quasi-staticworld interpretation
of a mobile physical objectthat is stationaryover a par-
ticular timeinterval. For every interval onwhichamobile
physical object is observed to be stationary, the quasi-
static world model interpretsthe physical object as a
uniquequasi-staticobjectthatarrivesat thebeginningof
the stationaryinterval anddepartsat the endof the sta-
tionary interval. A singlequasi-staticobjectcanonly ar-
rive onceanddepartonce. We usethe term objectvari-
ouslythroughoutthepaperto referto a physicalobject,a
quasi-staticobject,andto a quasi-staticobject's entry in
theglobalschedule.Wheretheusageof theword object
is not clear from the context, we usea fully descriptive
phraseinstead.

Quasi-staticobject lifetime: Thetime interval over which
a mobilephysicalobjectis stationaryat a singlelocation.
Whenamobilephysicalobjectm movesaroundthescene
andis stationaryat multiple physical locations,eachsta-
tionary locationi is interpretedasa separatequasi-static
objectoi .

Global schedule: A set of quasi-staticobjects and their
lifetimes(Figure2).

Pixel visage: A setof observationsat a givenpixel thatare
interpretedasstemmingfrom aparticularquasi-staticob-
ject. Eachof a pixel's visagesis disjoint with its other
visagesand forms a history of a particularquasi-static
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object's visualappearancethroughtime accordingto the
pixel. Thepixel visagev is saidto beobservedby pixel
p at time t if the observation madeby p at t is in v. A
pixel visageis valid if eachof its observationsstemsfrom
asinglequasi-staticobject.

Thequasi-staticworld modelassumesthateachpixel can
reliably groupobservationsthat stemfrom a singlequasi-
staticobject. In otherwords,theobservationsbelongingto
onevisagefor a particularpixel arediscriminablefrom the
observationsbelongingto any other visagefor that pixel.
Thenext sectionpresentsthemethodweuseto performthis
groupinginto visages.Thefollowing schedulingandlabel-
ing sectionsthendescribehow to determinethe identity of
thequasi-staticobjectresponsiblefor eachvisage.

Computing Temporal Signatures
In the �rst phaseof objectdiscovery, signature extraction,
we start with a pixel's sequenceof observationsand par-
tition theminto pixel visages,setsof observationsthat all
stemfrom a singleobject.A pixel's visagesdirectly encode
the temporalstructurein the pixel's observation history in
the form of a temporal signature. The setof temporalsig-
naturesgatheredacrossall views will later be usedin the
schedulegeneration phaseto hypothesizethe existenceof
a smallsetof objectswhosearrivalsanddeparturesexplain
the signatures.The hypothesizedset of objects,or global
schedule(Figure2), is in turnusedduringthelabelingphase
to determinethemappingfrom observationsto objects.Be-
foredescribingourtemporalsignaturegenerationalgorithm,
we �rst takeamomentto de�ne whatwemeanby temporal
signatureandseveralotherrelatedterms.

Stationary interval: A periodof time during which every
observation madeby a given pixel stemsfrom a single
quasi-staticobject.A stationaryinterval is saidto belong
to thepixel visagethatcontainsits observations.In Figure
3, thestationaryintervalsarelabeledA throughG.

Interruption: A non-stationaryinterval that comes be-
tweentwo stationaryintervalsbelongingto thesamepixel
visage.In Figure3, thegapbetweenstationaryintervals
B andC, betweenC andD, andbetweenF andG are
interruptions.

Transition: A non-stationaryinterval that comesbetween
two stationaryintervals belongingto different pixel vis-
ages.Every transitioncontainseitherthearrival of anob-
ject or thedepartureof a differentobject.In Figure3, the
gapsbetweenstationaryintervals A and B , betweenD
andE andbetweenE andF aretransitions.

Unambiguoustransition: A transitionin a signaturethat
admitsonly oneinterpretation.If theobjectthatsuppos-
edly arrived at a particulartransitionwaspreviously ob-
servedatsometimeprior to thetransition,thentheobject
cannothavearrivedduringthetransition.Similarly, if the
objectthat supposedlydepartedat a particulartransition
is again observed at sometime after the transition,then
theobjectcannothave departedduring the transition. In
Figure 3 the �rst and third transitionsare unambiguous
becausethey cannotinvolve 0. The secondtransitionis
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Figure3: A pictorial walk-throughof the constituentsof a
pixel's temporalsignaturestartingfrom thepixel'ssequence
of observationsandworkingdown throughanunambiguous
labelingof severaltransitionsobservedby thepixel.

ambiguousbecauseit couldcontainthearrival of 2 or the
departureof 1.

Temporal signature: A pixel's temporalsignature(Figure
3) encodesthe temporalstructurefound in its observa-
tion history. This representationincludesthe transitions
thepixel haswitnessedaswell asa pixel visagefor each
uniquequasi-staticobjectthepixel observes.In Figure3,
thestationaryintervals for the threepixel visagesarela-
beled0 through2 accordingto thevisageobservedonthe
interval.

Becausewe are interestedin determiningthe utility of
temporalinformationfor OD, we ignorespatialinformation
in every phaseof thealgorithm.This meansthatduringthe
temporalsignaturegenerationphase,we assumethatknow-
ing thevisualappearanceof anobjectin onepixel provides
zeroinformationabouttheobject's visualappearancein ev-
eryotherpixel. Ourmethodfor signatureextractiondepends
uponthe following de�nition of an atomicinterval andin-
volvesseveralsteps:

Atomic interval: An atomicinterval A is any sequenceof
atleasttwoobservationsA = hx i ; x i +1 ; : : : ; x i + n i such
that the differencebetweenthe �rst observation's time-
stampandthe last observation's time-stampexceedsthe
minimumtimefor stability tmin andA doesnotcontaina
propersubsequencethatalsospanstmin .

Temporal signature construction

1. Checkevery atomic interval A for stationarityby veri-
fying that every observation2 x i 2 A is closeto every
otherobservationx j 2 A in visualappearancespace(in
2Theobservationsusedto computethetemporalsignaturesare

spatiallyaveragedovera3x3regionto removehighfrequency spa-
tial artifacts.Thisstepis essentialfor realimagesequences.
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our currentimplementationwe measuredistancein RGB
colorspace).

2. Grouptemporallyoverlappingatomicstationaryintervals
into spanningstationaryintervals. Becausewe consider
stationarityon atomic intervals ratherthan on spanning
intervals, thevisualappearanceof anobjectin a pixel is
allowed to changeaslong asthechangeis gradual(e.g.,
movementof thesunacrossanoutdoorscene).

3. Constructa pixel visageby collecting the observations
from spanningstationaryintervalsthatsharethesamevi-
sualappearance.To evaluatewhethertwo spanningsta-
tionary intervals sharethe samevisual appearance,we
evaluatewhetherthe temporallynearestendsof the two
spanningintervals are closein RGB color space(using
themeansof thenearestatomicintervals).

Establishinga Global Schedule
In thesecondphaseof objectdiscovery, scheduleconstruc-
tion, we usethe setof temporalsignaturesgatheredacross
all pixelsin all viewsto hypothesizetheexistenceof asmall
setof objectswhosearrivalsanddeparturessatisfythecon-
straintsof the signaturesand thusexplain them. This hy-
pothesizedsetof objectsandobject lifetimes constitutesa
globalschedule(Figure2). For aglobalscheduleto bevalid,
the lifetime of eachquasi-staticobjectit containsmustex-
actly matchan interval on which somemobilephysicalob-
ject wasstationaryin the scene.To be complete, a global
schedulemust explain every transitionobserved by some
pixel. A valid and completeglobal scheduleis a correct
schedulein theintuitivesense.

Eachpixel's temporalsignatureplacesconstraintsupon
theglobalschedule(seeFigure4). In orderto bevalid and
complete,a globalschedulemustall of theseconstraints.In
general,theconstraintsfrom temporalinformationaloneare
not enoughto completelydeterminethe schedule.Specif-
ically, temporalinformation cannotdeterminewhetheran
object o hasarrived or departedunlesso hasboth arrived
anddepartedduringtheperiodof observation.Eventhough
temporalinformationcannot,in general,completelydeter-
mine a global schedule,many casesexist wheretemporal
informationdoessuf�ce. In fact, if the following observ-
ability criteriaaremet,theGlobalScheduling(GSched)al-
gorithmwepresentlaterin thissectionis guaranteedto �nd
a completeandvalid global scheduleusingonly temporal
information.

GSchedObservability Criteria: Temporal information
aloneis suf�cient to constructavalid andcompleteglobal
scheduleif thefollowing observability criteriaaremet:

1. Valid visagescriterion: Every pixel visageis valid.
In otherwords,within eachpixel, observationsof each
object are correctly grouped. In our implementation
thisgenerallyimpliesthatall of astationarypixel'sob-
servationsof astationaryobjectlie in asmallregionof
RGBspace.

2. Temporally discriminability criterion: Across all
pixels, every arrival and departureevent is tempo-
rally discriminablefrom everyotherevent.Essentially,

pixel visage intervals

0 1 1 1 002

2 arrives 2 present

2 departs

Figure4: Thearrival anddeparturetimesfor a visagev are
constrainedby observationof anothervisagethatboundsv.
In this example,0 boundsboth1 and2. Theconstraintsfor
2 areshown. To explain2, theglobalschedulemustcontain
anobjectthatarrivesduring2's arrival interval anddeparts
during2's departureinterval.

whenthetransitionintervalsfrom all thesignaturesare
consideredtogether, eacheventmustclearlystandout
asseparatefrom theothers.

3. Clean world criterion: Every quasi-stationaryobject
botharrivesanddeparts.3

4. Observability criterion: For every object o, some
pixel p observes both the arrival and departureof o
(neitherevent is hiddenby someotherobject)andfur-
thermorep is ableto unambiguouslyidentify eithero's
arrival or o's departure(Figure3). This criterion be-
comesmorelikely to bemetasthenumberof different
viewpointsof eachobjectincreases.

The criteria listed above leaddirectly to the straightfor-
wardglobal schedulingalgorithmpresentedbelow.

Global Scheduling(GSched)algorithm: Given that the
GSchedobservability criterialistedabovearemet,thefol-
lowing algorithmestablishesa valid andcompleteglobal
schedule:

1. Build a global list E of unambiguouseventsby creating
asetof eventsthatexplainseachunambiguoustransition.
Theunambiguoustransitionsareprocessedin orderfrom
shortesttransitionto longest.If noeventin E explainsan
unambiguoustransitionwhenthe transitionis processed,
anew eventis addedto E thatdoesexplain thetransition.
If theobservabilitycriterion is met,E will containat least
one unambiguousevent (arrival or departure)for every
quasi-staticobjectin thescene.

2. For eachevente in E :

(a) Remove e from E.
(b) If e is the arrival of an objecto, �nd the correspond-

ing departure of o by determiningthe latesttime t at
which o is observed by somepixel that observese. If
someevente0 2 E matchest, thene0 mustbe thede-
partureof o accordingto thetemporal discriminability
criterion. If e0 exists,remove it from E sothatit is not
processedtwice. Createa global objecthypothesisgi
with lifetime spanningfrom the time of arrival (deter-
minedfrom e) to thetime of departuret. Entergi into
thetheglobalscheduleS.

3Thebackgroundis treatedspeciallyandis theunionof all ob-
jectsthatneverarrivenordepart.
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(c) If e is thedepartureof anobjecto, �nd thecorrespond-
ing arrival of o by determiningthe earliesttime t at
which o is observed by somepixel that observese. If
someevent e0 2 E matchest, thene0 mustbe the ar-
rivalof oaccordingto thetemporal discriminabilitycri-
terion. If e0 exists, remove it from E so that it is not
processedtwice. Createa global objecthypothesisgi
with lifetime spanningfrom thetime of arrival t to the
timeof departure(determinedfrom e). Entergi into the
theglobalscheduleS.

Stepsa andb arevalid becausesomepixel p0 hasobserved
boththearrival anddepartureof o (accordingto theobserv-
ability criterion). Thusp0 is guaranteedto have observede
regardlessof whethere is anarrival or departure,andp0 has
observedo at leastasearlyandat leastaslateasany other
pixel.

Mapping Observations to Objects
During the labeling phaseof object discovery, we usethe
schedulegeneratedby the GSchedalgorithmandthe tem-
poral signaturecomputedduring the �rst phaseto mapthe
observationsin eachpixel visageto theobjectsin thesched-
ule that thoseobservationscouldhave stemmedfrom. This
labelingof observationsis the ultimategoal of objectdis-
covery. Onceeachobservationhasbeenmappedto theob-
jectsthat could have given rise to it, we caneasilyassem-
ble multi-view 2D masksof eachobject from the observa-
tionsattributedto theobject.In thissectionwedescribeour
Quasi-StaticLabeling(QSL)algorithmfor solvingthemap-
pingproblem,andarguethat(1) Givenavalid andcomplete
globaleventschedulesuchasthatreturnedby GSched,each
pixel's observation labelingproblemis independentof ev-
ery otherpixel's observations;(2) TheQSL algorithmpro-
ducesthe maximally-informative mappingof a pixel's ob-
servationsonto the objectsthey stemfrom. We begin this
sectionby de�ning theobservationlabelingproblem.

Observation labeling problem: Givenapixel p andavalid
andcompleteglobal schedule,determinefor eachof p's
visagesvi the smallestset of quasi-staticobjectsin the
scheduleguaranteedto containtheactualquasi-staticob-
ject thatgeneratedp'sobservationsof vi .

Becausewe do not assumean object is visually homo-
geneousthroughspace,we cannotlink observationsacross
pixels basedon similarity of color and/ortexture. Rather,
to concludethat two pixels have observed the sameobject
o, bothpixelsmusthave madeobservationsthataretempo-
rally consistentwith thearrival anddepartureof o. Theonly
informationsalientto this decisionarethetimesat which o
arrivesanddeparts.Foreveryobject,thesearrivalanddepar-
turetimesarecontainedin theglobalschedule.Thus,given
thecompleteglobalschedule,eachpixel's labelingproblem
is independentof everyotherpixels' observations.

The independenceof labeling problemshasseveral im-
portantconsequences.First,any labelingalgorithmthatonly
usestemporalinformationmaybeeasilyparallelizedsimply
by runningmultiple copiesof a singlelabeleron subsetsof
thepixels.Second,sinceeachpixel's labelingproblemis in-
dependentof thepixel's spatiallocation,wemaytreatevery

pixel identicallyregardlessof its physical location. In other
words, it doesn't matterwhat camera,row, and column a
pixel comesfrom. Finally, this independencepropertyal-
lowsusto show thatQSLgeneratesthegloballymaximally-
informativemappingfrom observationsto objectssimplyby
showing that QSL correctlysolvesthe pixel labelingprob-
lem for any givenpixel takenin isolation.

Theremainderof thissectionis written from theperspec-
tiveof asinglepixel's labelingproblemandassumestheex-
istenceof a valid andcompleteglobal schedulecontaining
all known objects.We begin by de�ning several termsused
to describetheQSL algorithm.We thenintroducetheinfer-
encerulesthatdrive QSL andshow thateachinferencerule
leadsto a valid mappingaccordingto theconstraintsof the
quasi-staticworld model.Finally, we introducetheQSL al-
gorithmandarguethatit recoversthemaximallyinformative
mappingfrom observationsto objects.To describetheinfer-
encerulesandthelabelingalgorithmweneedthefollowing
de�nitions:

Contemporaneousobject set: A contemporaneousobject
setX is a setof objectssuchthat eachobjecto 2 X is
presentin thesceneat sometime t. A maximalcontem-
poraneousobjectsetX �

t is thesetof all objectspresentin
thesceneat time t.

X �
t = f o : o is presentat time tg

Intersection set: For a pixel visagev, v's intersectionset
I v is thesetof all objectssuchthateachobjectis present
ateverytimeatwhichv is observed.

I v =
\

t

X �
t t : v is observedat time t

Union set: For a pixel visagev, v's unionsetUv is theset
of all objectssuchthateachobjectis presentatsometime
atwhichv is observed.

Uv =
[

t

X �
t t : v is observedat time t

Bounding visage: For pixel visagesv andb, bis abounding
visageof v if thefollowing hold:

1. b is observedsometimeprior to everyobservationof v;
2. b is observedsometimeafter everyobservationof v.

Boundedset For a pixel visagev, v's boundedset B v is
the set of all objectssuchthat eachobject is presentat
every time thatv is observed,andno objectis presentat
anytime at which a boundingvisageof v is observed. In
otherwords,a visage's boundedsetcontainsevery object
whoselifetime is consistentwith thevisage's constrained
arrival anddepartureintervals(seeFigure4).

Bv = I v �
[

b

Ub b : b is aboundingvisageof v

Giventhequasi-staticassumptions,theobjectboundedset
Bv for a visagev containstheactualobjectobservedby
v.
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Figure5: Therelationshipbetweenthesetsfor avisager ed.
BecauseO(r ed) is in B r ed, O(r ed) is also in eachof the
othersets.Similarly, sinceO(r ed) is in front of everyobject
in Ur ed, O(r ed) is alsoin front of everyobjectin eachof the
othersets.

Object function: The object function O(v) = o mapsa
visagev onto an objecto. This function representsab-
stractlythetruestateof theworld. Thegoalof thelabel-
ing processis to �nd thesmallestsetof candidateobjects
C suchthat O(v) 2 C is true given that the modelas-
sumptionshold. In somecasesit is notphysicallypossible
to narrow C down to asingleton.

Front function: Thefront functionF (C) = o for apixel p
mapsa setof candidateobjectsC ontotheobjecto 2 C
that is in front of theotherobjects.The front objecto is
said to occludethe otherobjectsin C. F (C) = o is
uniquefor all setsC suchthat for every othero0 2 C,
at sometime t, botho ando0 aresimultaneouslypresent
andp observeso at timet. Any subsetof theunionsetfor
a visagev thatcontainsO(v) meetsthis condition. Like
theobjectfunctionO() , F () representsabstractlythetrue
stateof theworld, notwhatweknow aboutit.

Thefollowing lemmasandtheoremsprovide thefounda-
tion for thelabelingalgorithm.To make thediscussioneas-
ier to follow, we usecolor namesto referto particularpixel
visages.

Lemma 1 For anypixel visage r ed, andanycandidateob-
jectsetC such thateveryobjectin C is presentat sometime
whenr ed is observedandO(r ed) 2 C, O(r ed) = F (C)
(i.e., O(r ed) is in frontof everyotherobjectin C).

This follows directly from the physics of the quasi-static
world.

Lemma 2 According to lemma1, for a visage r ed, thefol-
lowing four statementsareall true:

1. O(r ed) = F (B r ed);
2. O(r ed) = F (I r ed);
3. O(r ed) = F (X �

t ), 8t : redis observedat t;
4. O(r ed) = F (Ur ed).

Thesefour statementsfollow directly from lemma1 and
therelations:O(r ed) 2 B r ed � I r ed � X �

t � Ur ed;
for all t suchthat red is observed at t. The relationships
betweenthesetsandtheobjectandfront functionsis illus-
tratedin �gure 5. Theserelationshipsfollow directly from
thede�nitions of thesetsandtheobjectandfront functions.

The following QSL Theoremis centralto theQSL algo-
rithm. In essence,theQSLTheoremprovidesageneralrule

thatallowsusto useonepixel visage'sunionset(e.g., Ublue )
to ruleoutcandidatesfor O(r ed) for someothervisager ed.
Iterative invocationof this theoremformstheheartof QSL
and allows us to �nd the most informative mappingfrom
visagesto objects.

Theorem3 QSLTheoremGivendistinctvisagesr ed;blue
and contemporaneous subsets X r ed; X blue such that
O(r ed) = F (X r ed) andO(blue) = F (X blue ):

X blue � Ur ed ) O(r ed) occludesO(blue)
) O(r ed) = F (X r ed � Ublue )

Proof The gist of the proof hangsupondeterminingwhen
thefrontobjectof onesetof objectsoccludesthefrontobject
of anothersetof objects.

1. X blue � U red ) O(red ) =2 X blue . The front ob-
ject in Ur ed is O(r ed). Whenever a subsetof Ur ed con-
tains O(r ed), the front object of the subsetis O(r ed).
Since X blue is a subsetof Ur ed and the front object
of X blue is O(blue) not O(r ed), X blue cannotcontain
O(r ed).

2. O(red ) =2 X blue ) O(red ) occludes o for every
object o 2 X blue . According to the de�nition of the
union set, every object in Ur ed is presentat sometime
whenr ed is observed. ThusX blue � Ur ed guarantees
that r ed is observed at sometime t when o is present.
SinceO(r ed) is the object visible whenever r ed is ob-
served,O(r ed) is in front of o at time t.

3. O(red ) occludes o for every object o 2 X blue
) O(red ) occludesO(blue ). O(blue) 2 X blue

satis�esthepreviousstep.
4. O(red ) occludes O(blue ) ) O(red ) =2 U blue .

SinceO(r ed) is in front of O(blue), O(r ed) cannotbe
any object that is ever presentwhen blue is observed.
Sinceevery objectin Ublue is presentat sometime when
blue is observed,noobjectin Ublue canbeO(r ed).

5. O(red ) =2 U blue ^ O(red ) = F(X red )
) O(red ) = F(X red � U blue ).

The de�nitions and resultspresentedabove allow us to
statetheQuasiStaticLabeling(QSL) algorithmsuccinctly.
Thealgorithmmaintainsa collectionR of statementsof the
form O(vi ) = F (Ci ), onefor eachvisagevi , wherethe
elementsof a setCi essentiallyencodea setof candidates
for theobjectthatmapsto visagevi , asdeterminedby QSL
at somepoint in the algorithm. We startwith an initial set
of truestatementsandattemptto producenew, smallertrue
statementsby applyingtheQSLTheorem.Theultimategoal
is to obtainfor eachvisagethetruestatementwith thesmall-
estpossiblefront functionsubsetargument.

Quasi-StaticLabeling (QSL) algorithm Given a com-
pleteglobalschedule,for eachpixel p andits setof pixel
visagesVp:

1. For eachpixel visagev 2 Vp �nd v'sunionsetUv .
2. For eachpixel visagev 2 Vp �nd v's boundedsetBv ,

andaddthestatementO(v) = F (Bv ) to thecollection
R. By Lemma2 theseareall truestatements.
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3. Repeatedlyapply the QSL Theoremto appropriate
pairsof statementsin R to shrink thesubsetargument
of oneof thestatements.Repeatuntil no furtherappli-
cationsarepossible.

If the QSL Theoremappliesto a pair of statements,it
equallyappliesto thepairof statementsif eitherstatement's
subsetargumentshrinks. Thus the result is independent
of the order in which the transformationsareapplied. Be-
causethesizeof anargumentsubsetis alwayssmallerthan
one of the parentstatementsand the size of thesesubsets
mustremainpositive, thealgorithmis guaranteedto termi-
nate.The �nal candidatelabelsetC �

v for eachpixel visage
v can be readfrom the subsetargumentfor v's statement
O(v) = F (Cv ) in R.

If therearem visagesin thetemporalsignatureandn ob-
jectsin theglobalschedule(m � n), thenumberof times
the QSL Theoremcanbe invoked to remove objectsfrom
subsetargumentsis boundedby mn, themaximumnumber
of objectsin all subsetargumentsin R. Thenumberof com-
parisonsbetweensubsetargumentsandunionsetsrequired
to �nd a matchfor the QSL Theoremis m2 in the worst
case.Eachsetcomparisoninvolvesat mostn elementcom-
parisons.This givesQSL a worst-caseruntimecomplexity
of m3n2.

Givenacompleteandvalid globalscheduleS andapixel
p having only valid visages,thelabelingtheQSL algorithm
returnsis maximally-informative in the sensethat it fully
preservesandutilizesthefollowing observablepropertiesof
thequasi-staticworld. Outof spaceconsiderations,werefer
you to (Sanders,Nelson,& Sukthankar2002)for theproofs
of thesetheorems.

Theorem4 For anyobjecto 2 S andanytwo distinctvis-
agesv; v0 observedby p, the QSLalgorithm never assigns
O(v) = O(v0) = o.

Theorem5 For any visage v observedby p and any two
distinctobjectso;o0 2 S, theQSLalgorithmnever assigns
O(v) = o = o0.

Theorem6 For anyobjecto 2 S, if p observeso's arrival,
theQSLalgorithmcorrectlyassignsO(v) = o to thevisage
v observedby p immediatelyafter thearrival. Likewiseif p
observeso'sdeparture, theQSLalgorithmcorrectlyassigns
O(v) = o to thevisage v observedby p immediatelybefore
thedeparture.

Theorem7 For anyvisage v observedby p andobjecto 2
S, the QSLalgorithm determinesO(v) 6= o if there exists
outsideof o's lifetimea timet at which p observesv.

Theorem8 For each of p's visagesvi , the QSLalgorithm
determinesO(vi ) 6= o for everyobjecto 2 S that is in front
of O(vi ) in everyworld con�guration that is consistentwith
S andeach of p'svisages.

Conjecture 9 For each of p'svisagesvi , theQSLalgorithm
determinesO(vi ) 6= o for everyobjecto 2 S that is behind
O(vi ) in everyworld con�guration that is consistentwith S
andeach of p's visages.

The QSL algorithmusesthe QSL theoremto implicitly
generatea directedacyclical graphencodingall occlusion

iii. DAG containing observable occlusion information

iv. A different world that is also consistent with i�iiiiv. A world that is consistent with i�iii

ii. Sequence of observations

i. Global schedule of object lifetimes (no depths)
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Figure 6: Given a global schedule(i), observation of a
pixel'svisages(ii ) determinesapartialdepthorderingof the
objectsthat map to the visages. This partial orderingcan
be representedasa directedacyclical graph(iii ). The ob-
jectswith the dashedboundariesarenot directly observed
by thepixel andsomaybeoccludedor maysimply not be
presentin the part of the sceneobserved this pixel. When
a directedpathbetweentwo objectsexists,theobjectat the
endof thepathis saidto bein front of theobjectat thestart
of the pathwhile the objectat the startof the path is said
to be behindthe objectat the endof the path. If two such
objectsarepresentin thescenesimultaneously, the in-front
objectis saidto occludethebehindobject.Often(asin this
case)it is possibleto determinethe occlusionorderof two
pixel visageswithout necessarilybeingableto uniquelyde-
terminetheglobalobjectthatoneor theothervisagemaps
to.

relationshipsbetweenscheduleobjectsthat areobservable
given the scheduleand a particularpixel's signature(Fig-
ure 6). Oncethe observationsin the sequencehave been
mappedto theobjectsthey stemfrom, it is trivial toassemble
multi-view 2D masksof the objectsfrom the observations
attributedto them. Sincetheobservationsusedto construct
themasksmaycomefrom any time during thesequence,a
completeobjectmaskof anobjectthatis neverentirelyvisi-
bleatatany onetimecanbecreatedfrom observationsmade
at varioustimeswhendifferentpartsof theobjectwerevis-
ible.

Limitations of Temporal Inf ormation
Thequasi-staticworld modelassumesthatagivenstationary
physicalobjectlooksthesamethroughtime from eachvan-
tagepoint that observesit. In practice,whenotherobjects
arrive or departfrom thescene,thelighting conditionsfor a
stationaryobject(e.g., a toy rabbit) may be affected. Even
if the objectsarriving and leaving do not occludethe part
of therabbita pixel observes,shadows andre�ections from
the other objectscan signi�cantly alter the rabbit's visual
appearancein the pixel. However, not all representations
of visualappearanceareequallysusceptibleto shadowsand
re�ections.For example,anHSI colorspacemayallow eas-
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ier rejectionof appearancechangesdueto shadows thanthe
correspondingRGBcolor space.

While temporalinformationaloneis oftenenoughto both
constructa globalscheduleandmapobservationsto objects
using that schedule,thereare situationsfor eachof these
tasksin which theproblemcannotbecompletelysolvedus-
ing temporalinformation alone. Considerthe scheduling
problem.In many realworld situations,thecleanworld cri-
terionis not satis�edby someobjectsthateitheronly arrive
or only depart.As wasmentionedearlier, temporalinforma-
tion by itself cannotdeterminewhetheraneventis thearrival
or departureof an objecto, unlesso hasalso respectively
departedor arrived. While temporalinformationcannotre-
solve thesetricky events,severalstraightforwardandrobust
spatialmethodsbasedupon edgefeaturesmay be usedin
concertwith thetemporalinformationto �nish thejob.

As with constructionof a global schedule,mappingob-
servations to objectscannotalways be completelysolved
using temporalinformationalone. Certainworld con�gu-
rationsare inherentlyambiguouswith respectto temporal
informationalone.Insteadof a singlecandidatequasi-static
objectpervisage,somevisageshaveasetof possibleobjects
they could mapto. Even in thesedif�cult situations,QSL
determinesthe smallestset of candidatesthat fully covers
all possibleworld con�gurations. Thesesets,as provided
by QSL, could be combinedwith spatialtechniques,such
asconnectedcomponents,to �nish constrainingtheassign-
mentof observationsto objects.

Conclusion
TOD, asdescribedby the theoryin this paper, ignoresdis-
tracting motion, correctly dealswith complex occlusions,
andrecoversentireobjectseven in caseswherethe objects
arepartially occludedin every frame(seeFigure1 for ex-
ampleresults).Becausewedonotusespatialinformationto
performour clustering,our approachis signi�cantly differ-
ent from and complementstraditional spatially basedseg-
mentationalgorithms. The advantagesof our methodin-
clude:(1) Humansupervisionis notrequired;(2) Low frame
rates(i.e., 1-5Hz) suf�ce; (3) Entire objectsarediscovered
evenin somecaseswherethey arealwayspartiallyoccluded;
(4) Theapproachscalesnaturallyto andbene�tsfrom multi-
ple uncalibratedcameras.Sinceour approachis well suited
to train and initialize object recognitionand tracking sys-
temswithout requiringhumansupervision,our methodrep-
resentssigni�cant progresstoward solving the object dis-
coveryproblem.

A few promisingdirectionsfor future work include: (1)
Using the 2D masksgeneratedby TOD to train an object
recognizerautomatically;(2) IntegratingTODwith aspoken
languagesystemwhereTOD is usedto perceptuallyground
thenouns;(3) Evaluatinga varietyof techniquesfor gener-
atingtemporalsignaturesthatallow thedistinctvisagesand
temporal discriminabilityobservability criteria to beweak-
ened;(4) Combiningtemporalandspatialinformationin a
uni�ed framework that removesthe requirementof tempo-
ral discriminability altogether;(5) ExtendingTOD to run
onlineby causingGSchedandQSL to periodicallycommit
to their interpretationsof thesequences;(6) Converting the

deterministicschedulingandlabelingphasesintoprobabilis-
tic versions;(7) Integratingthe currentlyseparateschedul-
ing and labeling phasesinto a single phase. More details
arein (Sanders,Nelson,& Sukthankar2002)availablefrom
http://www.cs.rochester.edu/˜sanders .
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