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Abstract

We presenthetheorybehindTOD (the TemporalObjectDis-
coverer),anovel unsupervisedystenthatusesonly temporal
informationto discover objectsacrossimage sequencesc-
quiredby ary numberof uncalibrateccameras.The process
is divided into three phases:(1) Extractionof eachpixel's
tempoal signatue, a partition of the pixel's obsenations
into setsthat stemfrom different objects; (2) Construction
of a global schedulehat explainsthe signaturesn termsof
the lifetimes of a setof quasi-staticbjects;(3) Mapping of
eachpixel's obsenationsto objectsin the scheduleaccord-
ing to the pixel's temporalsignature Our Global Scheduling
(GSchedplgorithmprovably constructsavalid andcomplete
global schedulewhen certainobsenrability criteria are met.
Our Quasi-Statid_abeling (QSL) algorithmusesthe sched-
ule createdoy GSchedo producethe maximally-informatve
mappingof eachpixel's obsenationsonto the objectsthey
stemfrom. Using GSchedandQSL, TOD ignoresdistract-
ing motion, correctlydealswith complicatedbcclusionsand
naturallygroupsobserationsacrossamerasThesetsof 2D
masksrecoveredare suitablefor unsupervisedraining and
initialization of objectrecognitionandtrackingsystems.

Intr oduction

Computerscapableof intelligent interactionwith physical

objectsmust rst be ableto discorer and recognizethem.
“ObjectDiscovery” (OD) is the problemof groupingall ob-

senationsspringingfrom a single objectwithout including

ary obsenationsgeneratedy other objects(for an exam-

ple seeFigurel). BecauseobustOD is a prerequisitefor

reasoningaboutphysical objects,relationshipsactionsand
actiities, OD is of fundamentaimportanceto Al systems
seekingto interactwith the physical world. A numberof

differentapproachebave beenconsideredhatmale differ-

entassumptiongsbouttheworld.

StaticOD systemsseekto discover objectsin singleim-
ageswithout usingtemporalinformation. Objectrecogniz-
ersmay be usedto discorer known objectsin staticimages
(Papageagiou & Poggio2000; Schiele& Crowley 2000).
Theprimarylimitation of objectrecognizerss the oftenex-
tensie training they requireto discover objects. StaticOD
approacheshat do not requirean a priori model of each
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Figure1l: SampleOD resultsfor TOD, a directimplemen-
tation of the theory presentedn this paper (top) Exam-

plesfrom sequenceacquiredby threedifferentuncalibrated
cameras(botton) Theobjectsdiscorered. Thecompletere-

moteis recareredeventhoughit is partially occludedby ei-

therthebowl or therabbitin every imagein which cameras
0 and1 obsere it. Notably temporalinformationaloneis

sufcient to groupthepixelsin andacrosghe cameras.

objectof interesttypically rely uponlocal homogeneityof
color (Liu & Yang1994),texture (Mao & Jain1992),or a
combinationof thesecues(Belongieet al. 1998). Because
real objectsare not visually homogeneoushrough space,
traditional sggmentationoften returnspiecesof objectsor
incorrectlygroupspartsstemmingfrom multiple objects.
Dynamic OD systemsnd objectsthat move indepen-
dently in the world and so introducetemporalinformation
into the mix. The discovery of moving objectstypically
dependsupon spatialhomogeneityof motion o w vectors



(Wang& Adelson1994); sometimeshis datais alsocom-

bined with texture or color (Altunbasak,Eren, & Tekalp
1998). Dynamic OD systemsoften rely upon background
subtraction(Toyamaetal. 1999)to initially separatenov-

ing objectsfrom a staticbackgroundDynamicOD systems
typically require high frame ratesand cannotseparateob-

jectsfrom the persormanipulatingthem.

In this papemwe presenthetheorybehindTOD, the Tem-
poral ObjectDiscover. TOD is a systemthat usestempo-
ral ratherthanspatialinformationto discover objectsacross
multiple uncalibratedcameras. We decomposehe prob-
lem of objectdiscovery into three phases:(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
obsenationsto objectsin theglobalschedule.

Becauseve do not usespatialinformation,our approach
complementshe existing body of sggmentationwvork, most
of whichreliesuponlocal spatialhomogeneityof color, tex-
ture or optical ow. Despiteignoring spatialinformation,
TOD achiezesgoodresultseven on sequencebaving com-
plex objectocclusionrelationshipgseeFigurel). Thead-
vantagesof our methodinclude: (1) Human supervision
is not required; (2) Low framerates(i.e., 1-5Hz) sufce;
(3) Entire objectsarediscoveredevenin somecasesvhere
they arealwayspartially occluded;(4) The approactscales
naturally to and bene ts from multiple uncalibratedcam-
eras. The recoveredmulti-view 2D masksare suitablefor
unsupervisettainingandinitialization of objectrecognition
andtrackingsystems.

Theremainderof the paperis structuredasfollows. First
we introducethe quasi-statiavorld assumedby TOD. Then
we describehow eachpixel's tempoal signatue is con-
structed. Following the sectionon signatureconstruction,
we introduceGSchedan algorithmthat createsa valid and
completescheduleof objectlifetimes whencertainobserv-
ability criteriaaremet. We thenpresenthe QSL algorithm
thatsolvesthelabelingproblemusingeachpixel's temporal
signatureandthe global schedulecreatedby GSched. We
concludewith a discussiorof somelimitations of temporal
informationanda shortlook at promisingdirectionsfor fu-
turework.

TOD and the Quasi-staticModel

In this sectionwe de ne the quasi-statiovorld modelused
throughoutheremaindeiof the paper This modelis attrac-
tive becausét imposesenoughrestrictionson the world to
be theoreticallytreatablewhile maintainingpracticalappli-
cationto real systems.The quasi-statianodelassumeshat
the only objectsof interestare thosethat undego motion
on sometime interval andarestationaryon someothertime
interval (i.e., objectsthat stay still for a while). Thusthe
guasi-statiovorld modeltargetsobjectsthat are picked up
andsetdown while ignoringthe persormanipulatinghem?!

10f course,accordingto the quasi-statiovorld modelwhena
personis completelystationaryhe/shebecomesn objectof inter
est.
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Figure2: A global scheduleconsistsof the lifetimes of a
set of quasi-staticobjectsand a specialstatic background
object(Obj0). The orderingof the objectlifetimesin this
gure is arbitraryandshouldnot beinterpretedasalayered
representatiosontainingocclusioninformation.

Thefollowing de nitions will be usedthroughouthe paper
in connectiorwith the quasi-statienodel:

Physical object: A chunkof matterthatleadsto consistent
obsenationsthroughspaceandtime. Physicalobjectsare
objectsin theintuitive sense.We de ne physical objects
in orderto contrasthemwith quasi-staticobjects In the
quasi-statiavorld, a single physical objectmay be inter-
pretedasarny numberof quasi-statiobjects. A physical
objectis mobileif it is obsenedto move in thescene.

Quasi-staticobject: The quasi-staticworld interpretation
of a mobile physical objectthatis stationaryover a par
ticulartimeintenal. For everyinterval onwhichamobile
physical objectis obsered to be stationary the quasi-
static world model interpretsthe physical object as a
uniguequasi-statiobjectthat arrivesat the beginning of
the stationaryinterval and departsat the end of the sta-
tionaryinterval. A singlequasi-statiobjectcanonly ar
rive onceand departonce. We usethe term objectvari-
ouslythroughouthe paperto referto a physical object,a
quasi-statimbject,andto a quasi-staticbject’s entryin
the global schedule Wherethe usageof the word object
is not clearfrom the context, we usea fully descriptve
phrasanstead.

Quasi-staticobject lifetime: Thetime interval over which
amobile physicalobjectis stationaryat a singlelocation.
Whenamaobilephysicalobjectm movesaroundthescene
andis stationaryat multiple physicallocations,eachsta-
tionarylocationi is interpretedasa separateuasi-static
objecto;.

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

Pixel visage: A setof obserationsat a given pixel thatare
interpretedasstemmingfrom a particularquasi-statiob-
ject. Eachof a pixel's visagesis disjoint with its other
visagesand forms a history of a particular quasi-static



objects visual appearancéhroughtime accordingto the
pixel. The pixel visagev is saidto be observedyy pixel
p attime t if the obserationmadeby p att isinv. A
pixel visageis valid if eachof its obsenationsstemsrom
asinglequasi-statiobject.

Thequasi-statiovorld modelassumeshateachpixel can
reliably group obsenationsthat stemfrom a single quasi-
staticobject. In otherwords,the obsenationsbelongingto
onevisagefor a particularpixel arediscriminablefrom the
obsenationsbelongingto ary other visagefor that pixel.
Thenext sectionpresentshe methodwe useto performthis
groupinginto visages.Thefollowing schedulingandlabel-
ing sectionsthendescribehow to determinethe identity of
the quasi-statiobjectresponsibldor eachvisage.

Computing Temporal Signatures

In the rst phaseof objectdiscovery, signatue extraction

we start with a pixel's sequenceof obsenationsand par

tition theminto pixel visages,setsof obserationsthat all

stemfrom a singleobject. A pixel's visagedirectly encode
the temporalstructurein the pixel's obsenation history in

the form of atempoal signatue. The setof temporalsig-

naturesgatheredacrossall views will later be usedin the
schedulegeneation phaseto hypothesizethe existenceof

a smallsetof objectswhosearrivals anddeparturegxplain

the signatures. The hypothesizedset of objects,or global

schedulgFigure?2),isin turnusedduringthelabelingphase
to determinghe mappingfrom obsenationsto objects.Be-

fore describingourtemporakignaturegeneratioralgorithm,
we rst take amomentto de ne whatwe meanby tempoel

signatue andseveralotherrelatedterms.

Stationary interval: A periodof time during which every
obsenration madeby a given pixel stemsfrom a single
quasi-statiobject. A stationaryintenal is saidto belong
tothepixel visagethatcontainsts obserations.In Figure
3, the stationaryintervalsarelabeledA throughG.

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

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

Unambiguoustransition: A transitionin a signaturethat
admitsonly oneinterpretation.If the objectthatsuppos-
edly arrived at a particulartransitionwas previously ob-
senedatsometime prior to thetransition thenthe object
cannothave arrivedduringthetransition.Similarly, if the
objectthat supposedlydepartedat a particulartransition
is agpin obsened at sometime after the transition,then
the objectcannothave departedduring the transition. In
Figure 3 the rst andthird transitionsare unambiguous
becausdhey cannotinvolve 0. The secondtransitionis

60 second pixel history for the pixel at camera 4, row 150, col 85
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Figure3: A pictorial walk-throughof the constituentf a
pixel'stemporalsignaturestartingfrom the pixel's sequence
of obsenationsandworking down throughanunambiguous
labelingof severaltransitionsobsened by the pixel.

ambiguousecausét couldcontainthearrival of 2 or the
departureof 1.

Temporal signature: A pixel's temporalsignature(Figure
3) encodeghe temporalstructurefound in its obsenra-
tion history This representatioincludesthe transitions
the pixel haswitnessedaswell asa pixel visagefor each
uniguequasi-statiobjectthe pixel obseres.In Figure3,
the stationaryintervals for the threepixel visagesarela-
beledO through2 accordingo thevisageobseredonthe
intenal.

Becausewe are interestedin determiningthe utility of
temporalinformationfor OD, we ignorespatialinformation
in every phaseof the algorithm. This meanghatduringthe
temporalsignaturegeneratiorphasewe assumehatknow-
ing thevisualappearancef anobjectin onepixel provides
zeroinformationaboutthe object’s visualappearance ev-
eryotherpixel. Ourmethodfor signatureextractiondepends
uponthe following de nition of anatomicinterval andin-
volvesseveralsteps:

Atomic interval: An atomicintenal A is ary sequencef
atleasttwo obserationsA = X;;Xj+1;::: ;Xij+nl Such
that the differencebetweenthe rst obsenation's time-
stampandthe last obsenation's time-stampexceedsthe
minimumtime for stabilityt,i, andA doesnotcontaina
propersubsequencinatalsospang min -

Temporal signature construction

1. Checkevery atomicinterval A for stationarityby veri-
fying that every obseratior? x; 2 A is closeto every
otherobserationx; 2 A in visualappearancepace(in

2The obsenationsusedto computethe temporalsignaturesare
spatiallyaveragedbvera 3x3regionto remove highfrequeng spa-
tial artifacts.This stepis essentiafor realimagesequences.



our currentimplementatiorwe measuralistancen RGB
colorspace).

2. Grouptemporallyoverlappingatomicstationaryintervals
into spanningstationaryintervals Becausewve consider
stationarityon atomic intenals ratherthan on spanning
intenvals, the visual appearancef an objectin a pixel is
allowedto changeaslong asthe changes gradual(e.g.,
movementof thesunacrossanoutdoorscene).

3. Constructa pixel visageby collecting the obserations
from spanningstationaryintervalsthatsharethe samevi-
sualappearanceTo evaluatewhethertwo spanningsta-
tionary intervals sharethe samevisual appearanceywe
evaluatewhetherthe temporallynearesendsof the two
spanningintervals are closein RGB color space(using
themeanf the nearesatomicintervals).

Establishing a Global Schedule

In the secondpbhaseof objectdiscorery, scheduleconstruc-
tion, we usethe setof temporalsignaturegatheredacross
all pixelsin all views to hypothesizehe existenceof a small
setof objectswhosearrivals anddeparturesatisfythe con-
straintsof the signaturesand thus explain them. This hy-
pothesizedset of objectsand objectlifetimes constitutesa
globalscheduldFigure2). For aglobalscheduldo bevalid,
the lifetime of eachquasi-staticobjectit containsmustex-
actly matchaninterval on which somemobile physical ob-
ject was stationaryin the scene. To be complete a global
schedulemust explain every transition obsered by some
pixel. A valid and completeglobal scheduleis a correct
schedulén theintuitive sense.

Eachpixel's temporalsignatureplacesconstraintsupon
the global schedulgseeFigure4). In orderto bevalid and
completeaglobalschedulanustall of theseconstraintsin
generaltheconstraintgrom temporalinformationaloneare
not enoughto completelydeterminethe schedule. Specif-
ically, temporalinformation cannotdeterminewhetheran
objecto hasarrived or departedunlesso hasboth arrived
anddepartedluringthe periodof obsenation. Eventhough
temporalinformationcannot,in general,completelydeter
mine a global schedule mary casesexist wheretemporal
information doessufce. In fact, if the following observ-
ability criteriaaremet, the Global Scheduling GSchedal-
gorithmwe presentaterin this sectionis guaranteeto nd
a completeand valid global scheduleusing only temporal
information.

GSchedObservability Criteria: Temporal information
aloneis sufcient to constructvalid andcompleteglobal
scheduléf thefollowing obsenrability criteriaaremet;

1. Valid visagescriterion: Every pixel visageis valid.
In otherwords,within eachpixel, obsenrationsof each
object are correctly grouped. In our implementation
thisgenerallyimpliesthatall of a stationarypixel's ob-
senationsof a stationaryobjectlie in a smallregion of
RGB space.

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

pixel visage intervals

——
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| —

} 2present§He
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Figure4: Thearrival anddeparturdimesfor a visagev are
constrainedy obsenation of anothewisagethatboundsv.
In this example,0 boundshoth 1 and2. The constraint§or
2 areshowvn. To explain 2, theglobalschedulenustcontain
anobjectthatarrivesduring 2's arrival interval anddeparts
during2's departurénterval.

whenthetransitionintenalsfrom all the signaturesre
consideredogether eachevent mustclearly standout
asseparatdérom the others.

3. Cleanworld criterion: Every quasi-stationarpbject
botharrivesanddeparts’

4. Obsewability criterion: For every object o, some
pixel p obseres both the arrival and departureof o
(neithereventis hiddenby someotherobject)andfur-
thermorep is ableto unambiguouslydentify eithero's
arrival or o's departurg(Figure 3). This criterion be-
comesmorelikely to be metasthe numberof different
viewpointsof eachobjectincreases.

The criteria listed above lead directly to the straightfor
wardglobal schedulingalgorithmpresentedbelow.

Global Scheduling(GSched)algorithm: Given that the
GSchedbsenrability criterialistedabove aremet,thefol-
lowing algorithmestablishes valid andcompleteglobal
schedule:

1. Build a globallist E of unambiguousventsby creating
asetof eventsthatexplainseachunambiguousgransition.
Theunambiguougransitionsareprocessedh orderfrom
shortestransitionto longest.If noeventin E explainsan
unambiguousransitionwhenthe transitionis processed,
anewn eventis addedo E thatdoesexplainthetransition.
If theobservabilitycriterionis met,E will containatleast
one unambiguousevent (arrival or departure)for every
quasi-statiobjectin thescene.

2. Foreacheventein E:

(&) RemweefromE.

(b) If eisthearrival of anobjecto, nd the correspond-
ing departue of o by determiningthe latesttime t at
which o is obsered by somepixel thatobserese. If
someevente® 2 E matched, thene® mustbe the de-
partureof 0 accordingto the tempoal discriminability
criterion. If €° exists,remaveit from E sothatit is not
processedwice. Createa global objecthypothesisg;
with lifetime spanningfrom the time of arrival (deter
minedfrom e) to thetime of departure. Enterg; into
thetheglobalschedules.

3Thebackgrounds treatedspeciallyandis the unionof all ob-
jectsthatnever arrive nor depart.



(c) If eisthedepartue of anobjecto, nd thecorrespond-
ing arrival of o by determiningthe earliesttime t at
which o is obsenred by somepixel thatobserese. If
someevente® 2 E matched, thene® mustbe the ar-
rival of oaccordingo thetempoal discriminabilitycri-
terion. If €° exists, remove it from E sothatit is not
processedwice. Createa global objecthypothesisg;
with lifetime spanningrom thetime of arrival t to the
time of departurddeterminedrom e). Enterg; into the
theglobalschedules.

Stepsa andb arevalid becausesomepixel p® hasobsened
boththearrival anddepartureof o (accordingto the observ-
ability criterion). Thusp®is guaranteedo have obserede
regardlessof whethere is anarrival or departureandp® has
obsenred o atleastasearly andat leastaslate asary other
pixel.

Mapping Obsevationsto Objects

During the labeling phaseof objectdiscorery, we usethe
schedulegeneratedy the GSchedalgorithmandthe tem-
poral signaturecomputedduring the rst phaseto mapthe
obsenationsin eachpixel visageto the objectsin thesched-
ule thatthoseobsenationscould have stemmedrom. This
labeling of obsenationsis the ultimate goal of objectdis-
covery. Onceeachobsenation hasbeenmappedo the ob-
jectsthat could have givenriseto it, we caneasilyassem-
ble multi-view 2D masksof eachobjectfrom the obsenra-
tionsattributedto theobject.In this sectionwe describeour
Quasi-Statid.abeling(QSL) algorithmfor solvingthemap-
ping problem,andarguethat(1) Givenavalid andcomplete
globaleventschedulesuchasthatreturnedoy GSchedgeach
pixel's obsenation labeling problemis independenbf ev-
ery otherpixel's obsenations;(2) The QSL algorithmpro-
ducesthe maximally-informatve mappingof a pixel's ob-
senationsonto the objectsthey stemfrom. We beagin this
sectionby de ning theobsenrationlabelingproblem.

Obselvation labeling problem: Givenapixel p andavalid
and completeglobal schedule determinefor eachof p's
visagesv; the smallestsetof quasi-staticobjectsin the
schedulegguaranteedo containthe actualquasi-stati®b-
jectthatgenerategh's obsenrationsof v;.

Becausewe do not assumean objectis visually homo-
geneoushroughspacewe cannotlink obserationsacross
pixels basedon similarity of color and/ortexture. Rather
to concludethat two pixels have obsened the sameobject
0, both pixels musthave madeobsenationsthataretempo-
rally consistentvith thearrival anddepartureof 0. Theonly
informationsalientto this decisionarethetimesat which o
arrivesanddepartsFor every object,thesearrival anddepar
turetimesarecontainedn the globalscheduleThus,given
the completeglobal schedulegachpixel's labelingproblem
is independenof every otherpixels' obsenations.

The independencef labeling problemshasseveral im-
portantconsequencesirst, ary labelingalgorithmthatonly
usegemporalinformationmaybeeasilyparallelizedsimply
by runningmultiple copiesof a singlelabeleron subsetof
thepixels. Secondsinceeachpixel'slabelingproblemis in-
dependenof the pixel's spatiallocation,we maytreatevery
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pixel identically regardlessof its physicallocation. In other
words, it doesnt matterwhat camera,row, and columna
pixel comesfrom. Finally, this independenc@ropertyal-
lows usto shav thatQSL generatethe globally maximally-
informative mappingfrom obsenationsto objectssimply by
shaving that QSL correctly solvesthe pixel labeling prob-
lemfor ary givenpixel takenin isolation.

Theremainderof this sectionis written from theperspec-
tive of asinglepixel'slabelingproblemandassumegheex-
istenceof a valid and completeglobal schedulecontaining
all known objects.We beggin by de ning severaltermsused
to describehe QSL algorithm.We thenintroducetheinfer-
encerulesthatdrive QSL andshav thateachinferencerule
leadsto a valid mappingaccordingto the constraintsof the
guasi-statiavorld model. Finally, we introducethe QSL al-
gorithmandarguethatit recosersthemaximallyinformative
mappingfrom obsenationsto objects.To describeheinfer-
encerulesandthelabelingalgorithmwe needthefollowing
de nitions:

Contemporaneousobject set: A contemporaneousbject
setX is asetof objectssuchthateachobjecto 2 X is
presentin the sceneat sometime t. A maximalcontem-
poraneousbjectsetX, isthesetof all objectspresenin
thescenaattimet.

X, = fo:oispresenattimetg

Intersection set: For a pixel visagev, v's intersectionset
I, is the setof all objectssuchthateachobjectis present
ateverytime atwhichv is obsened.

\
ly =

X, t:visobseredattimet

t

Union set: For a pixel visagev, v's unionsetU, is the set
of all objectssuchthateachobjectis presenatsometime
atwhichv is obsenred.

Uy X,
t

t : visobseredattimet

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

1. bis obseredsometimeprior to every obsenationof v;
2. bis obsenedsometimeafter every obsenationof v.

Boundedset For a pixel visagev, v's boundedsetB, is
the setof all objectssuchthat eachobjectis presentat
everytime thatv is obsered, andno objectis presentat
anytime at which a boundingvisageof v is obsened. In
otherwords,avisages boundedsetcontainsevery object
whoselifetime is consistentvith thevisages constrained
arrival anddeparturéntenals (seeFigure4).

B, Up

b

Iy b: b isaboundingvisageof v

Giventhequasi-statiassumptiongheobjectboundedset
B, for avisagev containsthe actualobjectobsered by
V.



For all X such that red is observed :

Figure5: Therelationshipbetweerthesetsfor avisager ed.
BecauseO(red) is in B;eq, O(red) is alsoin eachof the
othersets.Similarly, sinceO(r ed) isin front of every object
in Ureq, O(red) is alsoin front of every objectin eachof the
othersets.

Object function: The objectfunctionO(v) = o0 mapsa
visagev onto an objecto. This function representsb-
stractlythetrue stateof theworld. The goal of thelabel-
ing processs to nd thesmallestsetof candidateobjects
C suchthatO(v) 2 C istruegiventhatthe modelas-
sumptiondold. In somecasest is notphysically possible
to narrav C down to asingleton.

Front function: ThefrontfunctionF (C) = ofor apixelp
mapsa setof candidateobjectsC ontotheobjecto 2 C
thatis in front of the otherobjects. The front objecto is
saidto occludethe otherobjectsin C. F(C) = ois
uniquefor all setsC suchthatfor every othero® 2 C,
atsometime t, both o ando® are simultaneouslyresent
andp obsenreso attimet. Any subsebf theunionsetfor
avisagev thatcontainsO(v) meetsthis condition. Like
theobjectfunctionO(), F () representabstractlythetrue
stateof theworld, notwhatwe know aboutit.

Thefollowing lemmasandtheoremsrovide the founda-
tion for thelabelingalgorithm. To make the discussioreas-
ier to follow, we usecolor namedo referto particularpixel
visages.

Lemmal For anypixel visage red, and any candidateob-
jectsetC sud thateveryobjectin C is presentat sometime
whenredis observecandO(red) 2 C, O(red) = F(C)
(i.e,, O(red) isin front of everyotherobjectin C).

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

Lemma 2 Accodingto lemmal, for a visage red, thefol-
lowing four statementsre all true:

1. O(red) = F(Brea);
2. O(red) = F(lreq);
3. O(red) = F(X;), 8t: redisobservedtt;
4. O(red) = F(Ureq)-

Thesefour statementgollow directly from lemmal and
therelations:O(red) 2 Bigg lted X Ured;
for all t suchthatredis obsened att. The relationships
betweerthe setsandthe objectandfront functionsis illus-
tratedin gure 5. Theserelationshipgollow directly from
thede nitions of the setsandthe objectandfront functions.

The following QSL Theoremis centralto the QSL algo-
rithm. In essencethe QSL Theorenprovidesagenerakule
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thatallows usto useonepixel visagesunionset(e.g., Upue )
to rule outcandidate$or O(r ed) for someothervisager ed.
Iterative invocationof this theoremformsthe heartof QSL
and allows usto nd the mostinformative mappingfrom
visagedo objects.

Theorem3 QSL TheoremGivendistinctvisagesr ed;blue
and contempoaneous subsets X,eq; Xpiue Sud that
O(red) = F(X;eq) andO(blue) = F(Xypjge):

Xbiue Urea ) O(red) occludeO(blue)
) O(red) = F(Xred  Upie)

Proof The gist of the proof hangsupondeterminingwhen
thefront objectof onesetof objectsoccludeghefront object
of anothersetof objects.

1. Xpie Ueg ) Of(red) 2 Xpue - The front ob-
jectin Uy gq is O(red). Wheneer a subsetof U, eq con-
tains O(red), the front object of the subsetis O(red).
Since Xpue IS a subsetof U;¢g and the front object
of Xpjue is O(blue) not O(red), X e Cannotcontain
O(red).

2. O(red) 2 Xpue ) Of(red) occludeso for every
object o 2 Xpue . Accordingto the de nition of the
union set, every objectin U, ¢q4 iS presentat sometime
whenred is obsered. ThusX pjue Ureq guarantees
that red is obsered at sometime t when o is present.
SinceO(red) is the objectvisible wheneer red is ob-
sened,O(red) isin front of o attimet.

3. O(red) occludes o for every object 0 2 Xpe

) Of(red) occludesO(blue). O(blue) 2 Xpue
satis esthepreviousstep.

4. O(red) occludes O(blue) ) Of(red) 2 Uppe -

SinceO(red) is in front of O(blue), O(red) cannotbe
ary objectthat is ever presentwhen blue is obsened.
Sinceevery objectin Upe iS preseniat sometime when
blue is obsened,no objectin Uy, canbeO(red).

5.0(red) 2 Upue » O(red) = F(Xred)

) O(red) = F(Xreq Uplve )

The de nitions and resultspresentedabore allow us to
statethe QuasiStaticLabeling(QSL) algorithmsuccinctly
Thealgorithmmaintainsa collectionR of statementsf the
form O(v;) = F(Cj), onefor eachvisagev;, wherethe
elementf a setC; essentiallyencodea setof candidates
for the objectthatmapsto visagev;, asdeterminecby QSL
at somepointin the algorithm. We startwith aninitial set
of true statementandattemptto producenew, smallertrue
statementby applyingthe QSL Theorem.Theultimategoal
is to obtainfor eachvisagethetruestatementvith thesmall-
estpossiblefront functionsubsetargument.

Quasi-StaticLabeling (QSL) algorithm Given a com-
pleteglobal schedulefor eachpixel p andits setof pixel
visagesvy:

1. For eachpixel visagev 2 V, nd v'sunionsetU,.

2. For eachpixel visagev 2 V, nd v'sboundedsetB,,
andaddthestatemen©(v) = F(B,) tothecollection
R. By Lemma2 theseareall true statements.



3. Repeatedlyapply the QSL Theoremto appropriate
pairsof statementén R to shrinkthe subsetargument
of oneof the statementsRepeauntil no furtherappli-
cationsarepossible.

If the QSL Theoremappliesto a pair of statementsit
equallyappliesto the pair of statement# eitherstatemens
subsetargumentshrinks. Thus the resultis independent
of the orderin which the transformationsre applied. Be-
causethe sizeof anargumentsubseis alwayssmallerthan
one of the parentstatementsand the size of thesesubsets
mustremainpositive, the algorithmis guaranteedo termi-
nate. The nal candidatdabelsetC, for eachpixel visage
v canbe readfrom the subsetargumentfor v's statement
O(v) = F(Cy)inR.

If therearem visagesn thetemporalsignatureandn ob-
jectsin the globalscheduldm n), the numberof times
the QSL Theoremcan be invoked to remove objectsfrom
subsefigumentss boundedoy mn, the maximumnumber
of objectsin all subseargumentsn R. Thenumberof com-
parisonshetweensubsetargumentsandunion setsrequired
to nd a matchfor the QSL Theoremis m? in the worst
case.Eachsetcomparisorinvolvesat mostn elementcom-
parisons.This gives QSL a worst-caseuntime compleity
of m3n2.

Givenacompleteandvalid globalschedules anda pixel
p having only valid visagesthelabelingthe QSL algorithm
returnsis maximally-informatve in the sensethat it fully
preseresandutilizesthefollowing obserablepropertiesof
thequasi-statiavorld. Out of spaceconsiderationsye refer
youto (SandersNelson,& Sukthanka2002)for theproofs
of thesetheorems.

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

Theorem5 For any visage v observedby p and any two

distinctobjectso; 0 2 S, the QSLalgorithm never assigns
O(v) = o= d°

Theorem6 For anyobjecto 2 S, if p observe®'s arrival,

the QSLalgorithmcorrectlyassignO(v) = oto thevisage

v observedy p immediatelyafter thearrival. Likewiseif p

observe®'sdepartue, the QSLalgorithmcorrectlyassigns
O(v) = otothevisage v observedy p immediatelybefore

thedepartue.

Theorem 7 For anyvisage v observedy p andobjecto 2
S, the QSL algorithm determineO(v) 6 o if there exists
outsideof o's lifetimea timet at which p observey.

Theorem 8 For eadt of p's visagesv;, the QSLalgorithm
determine®O(v;) 6 ofor everyobjecto 2 S thatisin front
of O(v;) in everyworld con guration thatis consistentvith
S andead of p'svisages.

Conjecture 9 For eadt of p'svisagesv;, theQSLalgorithm
determineO(v;) 6 ofor everyobjecto 2 S thatis behind
O(vi) in everyworld con gurationthatis consistentvith S
andead of p'svisages.

The QSL algorithm usesthe QSL theoremto implicitly
generatea directedagyclical graphencodingall occlusion
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Figure 6: Given a global schedule(i), obsenation of a
pixel'svisagedii) determines partialdepthorderingof the
objectsthat mapto the visages. This partial orderingcan
be representeds a directedagyclical graph(iii). The ob-
jectswith the dashedboundariesare not directly obsered
by the pixel andso may be occludedor may simply not be
presentn the part of the sceneobsered this pixel. When
adirectedpathbetweentwo objectsexists, the objectatthe
endof the pathis saidto bein front of the objectat the start
of the pathwhile the objectat the startof the pathis said
to be behindthe objectat the end of the path. If two such
objectsarepresenin the scenesimultaneouslythe in-front
objectis saidto occludethe behindobject. Often(asin this
case)it is possibleto determinethe occlusionorderof two
pixel visageswithout necessarilypeingableto uniquelyde-
terminethe global objectthatone or the othervisagemaps
to.

relationshipsbetweenscheduleobjectsthat are obserable
given the scheduleand a particularpixel's signature(Fig-
ure 6). Oncethe obsenationsin the sequencéave been
mappedo theobjectsthey stemfrom, it is trivial to assemble
multi-view 2D masksof the objectsfrom the obserations
attributedto them. Sincethe obsenationsusedto construct
the masksmay comefrom ary time duringthe sequencea
completeobjectmaskof anobjectthatis never entirelyvisi-
bleatatarny onetime canbecreatedrom obsenationsmade
atvarioustimeswhendifferentpartsof the objectwerevis-
ible.

Limitations of Temporal Information

Thequasi-statievorld modelassumethatagivenstationary
physical objectlooksthe samethroughtime from eachvan-
tagepoint that obseresit. In practice,whenotherobjects
arrive or departfrom the scenethelighting conditionsfor a
stationaryobject(e.g., a toy rabbit) may be affected. Even
if the objectsarriving andleaving do not occludethe part
of therabbita pixel obsenres,shadevs andre ectionsfrom
the other objectscan signi cantly alter the rabbit's visual
appearancén the pixel. However, not all representations
of visualappearancareequallysusceptibldéo shadevs and
re ections. For example,anHSI color spacemayallow eas-



ier rejectionof appearancehangesiueto shadevs thanthe
correspondindRGB color space.

While temporalinformationaloneis oftenenoughto both
constructa globalscheduleandmapobsenationsto objects
using that schedule there are situationsfor eachof these
tasksin whichthe problemcannotbe completelysolved us-
ing temporalinformation alone. Considerthe scheduling
problem.In mary realworld situationsthe cleanworld cri-
terionis not satis ed by someobjectsthateitheronly arrive
or only depart.As wasmentioneckarlief temporalinforma-
tion by itself cannotdeterminevhetheraneventis thearrival
or departureof an objecto, unlesso hasalso respectiely
departedor arrived. While temporalinformationcannotre-
solve thesetricky events,several straightforvard androbust
spatialmethodsbasedupon edgefeaturesmay be usedin
concertwith thetemporalinformationto nish thejob.

As with constructionof a global schedulemappingob-
senationsto objectscannotalways be completelysolved
using temporalinformation alone. Certainworld con gu-
rationsare inherentlyambiguouswith respectto temporal
informationalone.Insteadof a singlecandidateguasi-static
objectpervisage somevisagehave asetof possibleobjects
they could mapto. Evenin thesedif cult situations,QSL
determineghe smallestset of candidateghat fully covers
all possibleworld con gurations. Thesesets,as provided
by QSL, could be combinedwith spatialtechniquessuch
asconnectedcomponentsto nish constraininghe assign-
mentof obsenationsto objects.

Conclusion

TOD, asdescribedoy the theoryin this paper ignoresdis-
tracting motion, correctly dealswith complex occlusions,
andrecoversentire objectsevenin casesvherethe objects
are partially occludedin every frame (seeFigure 1 for ex-
ampleresults).Becauseve do notusespatialinformationto
performour clustering,our approachs signi cantly differ-
ent from and complementgraditional spatially basedseg-
mentationalgorithms. The advantagesof our methodin-
clude: (1) Humansupervisions notrequired;(2) Low frame
rates(i.e., 1-5Hz) sufce; (3) Entire objectsarediscorered
evenin somecasesvherethey arealwayspartiallyoccluded;
(4) Theapproactscaleshaturallyto andbene tsfrom multi-
ple uncalibrateccamerasSinceour approachs well suited
to train and initialize objectrecognitionand tracking sys-
temswithout requiringhumansupervisionpur methodrep-
resentssigni cant progresstoward solving the object dis-
covery problem.

A few promisingdirectionsfor future work include: (1)
Using the 2D masksgeneratecby TOD to train an object
recognizeautomaticallyy2) IntegratingTOD with aspolen
languagesystemwhereTOD is usedto perceptuallyground
the nouns;(3) Evaluatinga variety of techniquedor gener
atingtemporalsignatureghatallow the distinctvisagesand
tempoal discriminability obsenrability criteriato be weak-
ened;(4) Combiningtemporaland spatialinformationin a
uni ed framework thatremovesthe requiremenbf tempo-
ral discriminability altogether;(5) ExtendingTOD to run
online by causingGSchedandQSL to periodicallycommit
to their interpretation®of the sequenceg6) Convertingthe
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deterministicschedulingandlabelingphasento probabilis-
tic versions;(7) Integratingthe currently separateschedul-
ing and labeling phasednto a single phase. More details
arein (SandersNelson,& Sukthanka2002)availablefrom

http://www.cs.rochester.edu/"sanders
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