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Abstract

We present the theory behind a novel unsupervised
methodfor discoveringquasi-staticobjects,objectsthat are
stationaryduring someinterval of observation,within im-
agesequencesacquiredbyanynumberof uncalibratedcam-
eras.For each pixelwegeneratea signaturethatencodesthe
pixel's temporal structure. Using thesetof temporal signa-
turesgatheredacrossviews,wehypothesizea global sched-
ule of eventsand a small setof objectswhosearrivals and
departuresexplain the events. Thepaperspeci�esobserv-
ability conditionsunderwhich theglobalschedulecanbees-
tablishedandpresentstheQSLalgorithmthat generatesthe
maximally-informativemappingof pixels' observationsonto
theobjectsthey stemfrom. Our framework ignoresdistract-
ing motion,correctlydealswith complicatedocclusions,and
naturally groupsobservationsacrosscameras. Thesetsof
2D maskswerecover are suitablefor unsupervisedtraining
andinitialization of objectrecognitionandtrackingsystems.

1. Intr oduction

“ObjectDiscovery” (OD) is theproblemof groupingall
observationsspringingfrom a singleobjectwithout includ-
ing any observationsgeneratedby otherobjects.StaticOD
systems,suchasobjectrecognizersandimagesegmenters,
seekto discover objectsin single,staticimages.Objectrec-
ognizersdiscover objectsfor which they alreadyhave mod-
els,asin [5, 9], andgenerallyrequireextensive training for
satisfactoryperformance.In contrastto objectrecognizers,
imagesegmentersdo not requirean a priori modelof each
objectof interest.Segmenterstypically rely uponlocal spa-
tial homogeneityof color [3], texture [4], or a combination
of thesecues[2] to discover objects. Becauseobjectsare
not actually spatiallyhomogeneous,segmentersoften split
objectsandcombineportionsof differentobjectstogether.

DynamicOD systems�nd objectsthat move indepen-
dentlyin theworld usingacombinationof temporalandspa-
tial information. Many suchsystemsdependupon spatial
homogeneityof motion�o w vectors[11], andaresometimes
combinedwith textureor color [1]. OtherdynamicOD sys-
temsusebackgroundsubtraction[10] to separatemoving ob-
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Figure 1. OD results on a sequence in whic h
the spoon and can arrive sim ultaneousl y, the
keyboar d is always par tiall y occ luded in cam­
eras 0 and 1, and the can and keyboar d mutu­
ally occ lude each other in camera 1. Temporal
inf ormation alone is suf�cient to group the pix­
els in and across the uncalibrated cameras.

jectsfrom a staticbackground.Unfortunately, dynamicOD
systemsoftenrequirehighframeratesand/orcannotseparate
objectsfrom thepersonmanipulatingthem.

In this paperwe presentthe theory behind a “quasi-
static” systemthat achievesgoodresults(seeFigure1) us-
ing only temporalinformationto clusterpixel observations.
In the �gure, the imagesin the top row areexamplesfrom
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sequencesacquiredby threedifferentuncalibratedcameras.
The other imagesin the bottomgrid show the objectsdis-
covered(thebackgroundis alsofoundbut not shown). The
completekeyboardis recoveredeven thoughit is partially
occludedby either the bowl or the can in every image in
which cameras0 and1 observe it. The canandspoonare
correctlydiscriminatedeventhoughthey arrive in thescene
at thesametime, a signi�cant improvementover theresults
reportedin [7]. Becausewe do not usespatialinformation,
our approachis novel andcomplementstheexisting bodyof
segmentationwork which generallyreliesuponlocal spatial
homogeneityof color, texture or motion �o w vectors. The
advantagesof our methodinclude the following: (1) Low
frame rate requirements(e.g., 1Hz); (2) Entire objectsare
discoveredeven in somecaseswherethey arealwayspar-
tially occluded;(3) Objectsthat arrive or departsimultane-
ouslyarecorrectlydistinguishedif eachobject's lifetime (ar-
rival/departurepair) is distinguishablefrom the lifetime of
every otherobject;(4) Theapproachscalesnaturallyto and
bene�ts from multiplecompletelyuncalibratedcameras.

2. The Quasi-staticWorld

In this sectionwe de�ne the quasi-staticworld model
usedthroughouttheremainderof thepaper. Thismodelis at-
tractive becauseit imposesenoughrestrictionson theworld
to be theoreticallytreatablewhile maintainingpracticalap-
plication to real systems. The quasi-staticmodel assumes
that the only objectsof interestarethosethat undergo mo-
tion on sometime interval andarestationaryon someother
timeinterval (i.e., objectsthatstaystill for awhile). Thusthe
quasi-staticworld model targetsobjectsthat arepicked up
andsetdown while ignoringthepersonmanipulatingthem.1

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

Physical object: A chunkof matterthat leadsto consistent
observationsthroughspaceandtime (i.e., an object in
theintuitivesense).Wede�ne physicalobjectsin order
to contrastthemwith quasi-staticobjects. A physical
objectis mobileif it is observedto move in thescene.

Quasi-staticobject: The quasi-staticworld interpretation
of amobilephysicalobjectthatis stationaryoverapar-
ticular time interval.

Quasi-staticobject lifetime: The time interval over which
a mobile physical object is stationaryat a single loca-
tion. Whena mobile physical objectm movesaround
the sceneand is stationaryat multiple physical loca-
tions,eachstationarylocationi is interpretedasasepa-
ratequasi-staticobjectoi .

1Of course,accordingto thequasi-staticworld model,whena personis
completelystationaryhe/shebecomesanobjectof interest.

Global schedule: A setof quasi-staticobjectlifetimes.

Pixel visage: A setof observationsmadeby a given pixel
thatareinterpretedasstemmingfrom aparticularquasi-
staticobject. A pixel's visagesaredisjoint with each
other and eachforms a history of a particularquasi-
staticobject'svisualappearancethroughtimeaccording
to thepixel. Whenanobservationfor a pixel p madeat
time t is assignedto a visagev, p is saidto observe v
at time t. Likewise,whencontiguousobservationsfor
p are assignedto v, p is said to observe v on the in-
terval delineatedby the �rst andlastof thecontiguous
observations. A pixel visageis valid if eachof its ob-
servationsstemsfrom asinglequasi-staticobject.

The quasi-staticworld model assumesthat eachpixel
can reliably group observations that stem from a single
quasi-staticobject. In otherwords,theobservationsbelong-
ing to onevisagefor aparticularpixel arediscriminablefrom
theobservationsbelongingto any othervisagefor thatpixel.
The next sectionpresentsthe methodwe use to perform
this groupingof observationsinto visages. The following
schedulingandlabelingsectionsthendescribehow to deter-
mine the identity of the quasi-staticobject responsiblefor
eachvisage.

3. Temporally Coherent Clusters

The �rst phaseof the algorithm, temporallycoherent
cluster(TCC)construction,beginsby extractingeachpixel's
view of the world in the form of a temporalsignatureand
�nishes by building large clustersof signaturesthat agree
on a particularworldview. Constructinga pixel's temporal
signatureconsistsof encodingthe temporalstructurein the
pixel's observation history. Signatureextraction is a com-
pletely local operation.Eachsetof observationsin a pixel's
history that appearto comefrom a singlestationaryobject
aregroupedtogetherinto a pixel visage.Figure2 illustrates
apixel'sobservationhistoryandthesignatureextractedfrom
it. In the�gure, eachinterval on which a particularvisageis
observedis labeledaccordingto thevisage's number.

Theinterval betweentwo different,temporallyadjacent
visagesin a particularsignatureis an event. An event con-
tainseitherthedepartureof theobjectcorrespondingto the
visageobservedimmediatelybeforetheevent,or thearrival
of theobjectcorrespondingto thevisageobserved immedi-
atelyaftertheevent.An eventis unambiguousif eitherinter-
pretationcanbe trivially eliminated. In Figure2 theevents
0 ! 1 and2 ! 0 areunambiguousbecauseneitherevent
caninvolve movementof 0. An event is completelyspeci-
�ed by theinterval overwhichtheeventoccurred,thevisage
that immediatelyprecedestheevent,andthevisagethat im-
mediatelyfollows theevent.Therelevanttemporalstructure
in a pixel's observation history, its so called worldview, is
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Figure 2. A pix el's temporal signature .

capturedby the eventsin its temporalsignature.See[6, 7]
for signatureextractiondetails.

Many signaturescontainintervals uponwhich onevis-
ageis observed beforeandafter someothersetof visages.
Oneway in which theseboundedintervalsof asignatureare
interestingis thatthey allow thesignatureto bedecomposed
into anequivalentsetof nestedsimplesignaturesthatdo not
containboundedintervals (Figure3). Eachcomplex signa-
ture may be decomposedinto a singleuniquesetof simple
signatures. The two representationsare equivalent in that
both representationscontainexactly the samesetof events.
Decomposinga signaturein this way allows a given pixel
to representits overarchingworldview by a set of simpler
worldviews thateachcoversa smallertemporalextent. This
decompositionallowsourapproachto scalenaturallyto long
sequencesinvolving many objects.Additionally, converting
to simplesignaturesconsiderablysimpli�es the scheduling
algorithmpresentedin thenext section.

Becauseof noise and/or a breakdown of quasi-static
world assumptions,a particularpixel mayhave oneor more
falseviews of theworld andsogeneratesignaturesthatare
inconsistentwith reality. In orderto be robust to theseout-
liers,weneeda methodof determiningwhichsignaturesare
consistentwith theworld andwhichsignaturesarenot. Since
thestateof theworld isnotdirectlyobservable,wemustinfer
world statefrom thesetof all worldviews (i.e., thesetof all
simpletemporalsignaturesfrom all pixels).To determinethe
amountof supportfor a particularworldview, we construct
a temporallycoherentcluster(TCC) of all simplesignatures
(from all pixels) thatagreeon thatparticularworldview. In
our case,a particularworldview is succinctlycapturedby a
signature hull, the mostpermissive temporalsignaturethat
is consistentwith everysignaturein agivenTCC.Theseno-
tionsareformalizedin thefollowing de�nitions:

Visagecontainment: A visagevcon containsa visagevin

if vcon is observedon every interval uponwhich vin is
observed.

Signature containment: A signaturescon containsa signa-

equivalent set of two simple signatures
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Figure 3. Conver ting a pix el's signature to an
equiv alent set of simple signatures.

turesin if thefollowing hold: (1) Every visagein sin is
containedby somevisagein scon; (2) Every visagein
scon containsatmostonevisagein sin. It is trivially true
thateverysignaturecontainsandis containedby itself.

Setcontainment: A signaturescon containsa setof signa-
turesS if scon containseverysignaturein S.

Setcoherence: A set of signaturesS is coherent if some
signaturescon (not necessarilyin S) containsS.For the
setof simplesignaturesfor a given pixel, no subsetof
sizetwo is coherent.

Signature hull: For any setof coherentsignaturesS, there
existsa uniquesignatureshull, calledthesignature hull
of S, that containsS and is containedby every other
signaturethat also containsS. The signaturehull of
any two coherentsignaturess1 ands2 maybedirectly
constructedfrom theintersectionsof thepairsof events
thatcorrespondin s1 ands2.

A signaturehull capturesthe essenceof a particular
worldview thatis supportedby every signaturethehull con-
tains.Thusa signaturehull for a TCC mayserve asa repre-
sentativefor all thesignaturesin thecluster. If thescheduling
phaseexplainsthesignaturehull, theexplanationis guaran-
teedto generalizeto thesignaturesin theTCC.To determine
which worldviews arewell supportedandwhich arenot,we
seekto �nd a smallsetof largeTCCsthateffectively spans
thesetof all simplesignaturesgeneratedacrossall pixels. In
our currentimplementationwe constructsucha setof large
TCCsusingthefollowing greedyalgorithm:

1. Begin with anemptysetof signaturehullsH .

2. Examineeachsignatures in thesetof all simplesigna-
turesgatheredacrossall pixels. If s is coherentwith a
signaturehull h 2 H , replaceh with thesignaturehull
of s andh, otherwiseadds to H asanew hull.

3. Constructa TCC for eachhull h 2 H composedof all
signaturessi suchthath containssi .

4. CombineTCCsthatcontainnearlythesamepopulation
of signatures.Thismaydisenfranchiseasmall(negligi-
ble) numberof signaturesthatareconsistentwith only
oneor theotherTCC.
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More detailsof TCC constructionandcombinationmay be
foundin [8].

4. Establishinga Global Schedule

In the secondphaseof objectdiscovery, schedulecon-
struction, weusethesignaturehulls from thewell supported
TCCs of the last sectionto hypothesizethe existenceof a
small set of objectswhosearrivals and departuressatisfy
the constraintsof the hulls andthusexplain them. The hy-
pothesizedsetobjectlifetimesconstitutesa globalschedule.
EachTCC'ssignaturehull placesconstraintsupontheglobal
schedule.In orderto bevalid andcomplete,a globalsched-
ulemustsatisfyall of theseconstraints.For aglobalschedule
to bevalid, thelifetime of eachquasi-staticobjectit contains
mustexactly matchaninterval on which somemobilephys-
ical object was stationaryin the scene. To be complete, a
globalschedulemustexplain every eventobservedby some
nonnegligible numberof pixels.A valid andcompleteglobal
scheduleis acorrectschedulein theintuitivesense.

When a TCC's signaturehull is inconsistentwith the
world, a globalschedulethatsatis�estheinconsistenthull's
constraintsis not valid. Yet, if someevent in theTCC's sig-
naturehull is not explainedby theschedule,thescheduleis
not complete.Schedulingis the art of �nding a goodcom-
promisebetweenthesetwo measuresof correctness.

In general,the constraintsfrom temporalinformation
alonearenot enoughto completelydeterminetheschedule.
Speci�cally, temporalinformationcannotdeterminewhether
anobjecto hasarrivedor departedunlesso hasbotharrived
anddepartedduring the periodof observation. While tem-
poral informationcannot,in general,completelydetermine
a global schedule,many casesexist wheretemporalinfor-
mationdoessuf�ce. In fact, if the following observability
criteria aremet, the 2DSchedalgorithmwe presentlater in
thissectionis guaranteedto �nd acompleteandvalid global
scheduleusingonly temporalinformation.

2D Scheduling(2DSched)Observability Criteria Given
that there are nc camerasobserving the sceneand
an arbitray constantk, temporal information alone
is suf�cient to constructa valid and completeglobal
scheduleif thefollowing observability criteriaaremet:

1. Clean world criterion: Every quasi-stationaryobject
botharrivesanddeparts.2

2. 2D temporal discriminability criterion: Thetruestate
of theworld is suchthateachobject's lifetime is clearly
distinctfromeveryotherobject'slifetime in the2Dtem-
poralspaceof arrival/departurepairs.Essentially, when

2Thebackgroundis treatedspeciallyandis theunionof all objectsthat
neitherarrivenordepart.

theconstraintsfrom all thesignaturesareconsideredto-
gether, eachlifetime mustclearlystandout asseparate
from theothers.

3. Strong temporal observability criterion: For every
objecto, thesignaturehull h for someTCC containing
atleastknc signaturesunambiguouslyobservesboththe
arrival anddepartureof o (neitherof o's eventsarehid-
denby anotherobject). Pixels that have valid visages
and observe an objectarrive and departover top of a
singleotherstationaryobjectgeneratea simplesigna-
turethatunambiguouslydeterminestheobject's arrival
and departureevents. This strongobservability crite-
rion becomesmore likely to be met as the numberof
differentviewpointsincreases.

4. Valid visagescriterion: The total numberof invalid
visagesis lessthanknc. In ourimplementationthisgen-
erally implies that eachstationarypixel's observations
of eachparticularstationaryobjectlie in a smallregion
of RGBspaceuniqueto thepixel/objectpair.

The criteria listed above signi�cantly weaken the 1D
temporaldiscriminability criterion we presentedin [7] that
requiredevery event to be discriminablefrom every other
event. In this paperevent pairs ratherthaneventsmustbe
distinct,allowing objectsthatarrive at thesametime but de-
part at different times to be discriminated.The big win in
temporaldiscriminability comeswith the costof a slightly
strongerobservability criterion that still tendsto be a good
assumptionfor real-world sequences.Thesecriterialeaddi-
rectly to theschedulingalgorithmpresentedbelow.

2D Scheduling(2DSched)Algorithm Given that the
2DSchedobservability criterialistedabovearemet,the
following algorithm establishesa valid and complete
globalschedule:

1. Collect all TCCswhosesignaturehull is composedof
exactly two eventsandfor which np � knc wherenp

is the total numberof pixels the TCC contains(from
all cameras),nc is the numberof camerasobserving
thesceneandk is theconstantfor which the2DSched
observability criteria collectively hold. Eachof these
TCCssatis�es the strongtemporalobservability crite-
rion mentionedabove.

2. For eachof theseTCCs,createanobjecthypothesisthat
explainsthetwo eventsin theTCC's hull asthearrival
anddepartureof a quasi-staticobjectandenterthehy-
pothesizedobject's lifetime into theglobalschedule.

5. Mapping Observations to Objects

During the labelingphaseof objectdiscovery, we use
the schedulegeneratedby the 2DSchedalgorithm and the
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complex temporalsignaturecomputedfor eachpixel during
the �rst phaseto mapthe observationsin eachpixel visage
to the objectsin the schedulethat thoseobservationscould
have stemmedfrom. This labelingof observationsis theul-
timategoal of objectdiscovery. Onceeachobservation has
beenmappedto the objectsthat could have given rise to it,
we caneasilyassemblemulti-view 2D masksof eachobject
from theobservationsattributedto theobject.In thissection
we describeour Quasi-StaticLabeling(QSL) algorithmfor
solvingthemappingproblem.For thedetailsof theQSL al-
gorithm including proofssee[6]. We begin this sectionby
de�ning theobservationlabelingproblem.

Observation labeling problem: Givenapixel p andavalid
andcompleteglobalschedule,determinefor eachof p's
visagesvi thesmallestsetof quasi-staticobjectsin the
scheduleguaranteedto containthe actualquasi-static
objectthatgeneratedp'sobservationsof vi .

The remainderof this sectionis written from the per-
spectiveof asinglepixel'sobservationlabelingproblemand
assumestheexistenceof a valid andcompleteglobalsched-
ule containingall known objects.We begin by de�ning sev-
eraltermsusedto describetheQSLalgorithm.

Contemporaneousobject set: A contemporaneousobject
setX is a setof objectssuchthateachobjecto 2 X is
presentin thesceneatsometimet. A maximalcontem-
poraneousobjectsetX �

t is thesetof all objectspresent
in thesceneat time t.

X �
t = f o : o is presentat time tg

Intersection set: For apixel visagev, v's intersectionsetI v

is thesetof all objectssuchthateachobjectis present
ateverytimeatwhichv is observed.

I v =
\

t

X �
t t : v is observedat time t

Union set: For apixel visagev, v'sunionsetUv is thesetof
all objectssuchthateachobjectis presentat sometime
atwhichv is observed.ClearlyUv � I v (Figure4).

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 observedprior to everyobservationof v;

2. b is observedafter everyobservationof v.

Boundedset: For a pixel visagev, v's boundedsetB v is
thesetof all objectssuchthateachobjectis presentat
everytimethatv is observed,andnoobjectis presentat
anytimeatwhichaboundingvisageof v is observed.

Bv = I v �
[

b

Ub b : b is aboundingvisageof v

Giventhequasi-staticassumptions,theobjectbounded
setBv for avisagev containstheactualobjectobserved
by v.

Object function: The object function O(v) = o mapsa
visagev ontoanobjecto. This functionrepresentsab-
stractlythe truestateof theworld. Thegoalof the la-
beling processis to �nd the smallestset of candidate
objectsC suchthat O(v) 2 C is true given that the
modelassumptionshold. In somecasesit is not physi-
cally possibleto narrow C down to asingleton.

Front function: Thefront functionF (C) = o for a pixel
p mapsa set of candidateobjectsC onto the object
o 2 C that is in front of the other objects. The
front objecto is saidto occludetheotherobjectsin C.
F (C) = o is uniquefor all setsC suchthat for every
othero0 2 C, atsometimet, botho ando0aresimulta-
neouslypresentandp observeso at time t. Any subset
of theunionsetfor avisagev thatcontainsO(v) meets
thiscondition.Like theobjectfunctionO() , F () repre-
sentsabstractlythetruestateof theworld, not whatwe
know aboutit.

The following lemmasandtheoremsprovide the foun-
dation for the labeling algorithm. To make the discussion
easierto follow, we usecolor namesto refer to particular
pixel visages.

Lemma 1 For a visage r ed, thefollowingstatementshold:

1. O(r ed) = F (B r ed);

2. O(r ed) = F (I r ed);

3. O(r ed) = F (X �
t ), 8X �

t : redis observedat t;

4. O(r ed) = F (Ur ed).

The relationshipsbetweenthe setsand the object and
front functionsare illustratedin Figure 4. Theserelation-
shipsfollow directly from thede�nitions of thesetsandthe
objectandfront functions.
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The following QSL Theoremis centralto the QSL al-
gorithm. In essence,the QSL Theoremprovidesa general
rule that allows us to useonepixel visage's union set(e.g.,
Ublue ) to rule out candidatesfor O(r ed) for someothervis-
ager ed. Iterative invocationof this theoremformstheheart
of QSL andallows usto �nd themostinformative mapping
from visagesto objects.

Theorem2 QSL TheoremGivendistinctvisagesr 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 )

Thede�nitions andresultspresentedabove allow us to
statethe QuasiStaticLabeling(QSL) algorithmsuccinctly.
Thealgorithmmaintainsa collectionR of statementsof the
form O(vi ) = F (Ci ), onefor eachvisagevi , wheretheele-
mentsof setCi essentiallyencodeasetof candidatesfor the
objectthatmapsto visagevi asdeterminedby QSL at some
point in the algorithm. We start with an initial set of true
statementsand attemptto producenew, smallertrue state-
mentsby applyingthe QSL Theorem.The ultimategoal is
to obtainfor eachvisagethetruestatementwith thesmallest
possiblefront functionsubsetargument.

Quasi-StaticLabeling (QSL) Algorithm Given a com-
pleteglobalschedule,for eachpixelpanditssetof 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 Lemma1 theseareall truestatements.

3. RepeatedlyapplytheQSLTheoremto appropriatepairs
of statementsin R to shrinkthesubsetargumentof one
of the statements.Repeatuntil no further applications
arepossible.

If the QSL Theoremappliesto a pair of statements,it
equallyappliesto thepair of statementsif eitherstatement's
subsetargumentshrinks. Thusthe result is independentof
the orderin which the transformationsareapplied. If there
arem visagesin thepixel andn objectsin theschedule,the
QSL algorithmis guaranteedto terminatein lessthanm3n2

steps.

6. Conclusion

Theframework describedby thetheoryin thispaperig-
noresdistractingmotion, correctlydealswith complex oc-
clusions,discriminatesbetweenobjectshaving thesamear-
rival/departurebut differentdepartures/arrivals,andrecovers

entireobjectseven in caseswherethe objectsarepartially
occludedin every frame(seeFigure1 for exampleresults).
Becausewe do not usespatial information to perform our
clustering,our techniqueis signi�cantly differentfrom and
complementstraditionalspatiallybasedsegmentationalgo-
rithms.Additionally, ourapproachis well suitedto trainand
initialize objectrecognitionandtrackingsystemswithoutre-
quiring humansupervision.More detailson thesystemmay
befoundin in [6, 7, 8] availablefrom:
http://www.cs.rochester.edu/˜sanders .
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