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Abstract

We presentthe theory behind a novel unsupervised
methodfor discovering quasi-statimbjects,objectsthat are
stationaryduring someinterval of observation,within im-
age sequenceacquiredby anynumberof uncalibratedcam-
eras. For ead pixelwegenertea signatuethatencodeshe
pixel's tempoal structuie. Usingthe setof tempoel signa-
turesgatheedacrossviews, we hypothesiza global sched-
ule of eventsand a small setof objectswhosearrivals and
departues explain the events. The paper speci esobserv-
ability conditionsunderwhich theglobal schedulecanbees-
tablishedand presentghe QSLalgorithmthat geneatesthe
maximally-informativenappingof pixels' observation®nto
the objectsthey stemfrom. Our framevork ignoresdistract-
ing motion,correctlydealswith complicatedcclusionsand
naturally groupsobservationsaacrosscamers. The setsof
2D maskswerecover are suitablefor unsupervisedraining
andinitialization of objectrecanition andtracking systems.

1. Intr oduction

“Object Discovery” (OD) is the problemof groupingall
obserationsspringingfrom a single objectwithout includ-
ing ary obsenationsgeneratedy otherobjects. StaticOD
systemssuchas objectrecognizersand imagesegmenters,
seekto discover objectsin single,staticimages.Objectrec-
ognizersdiscover objectsfor which they alreadyhave mod-
els,asin [5, 9], andgenerallyrequireextensve training for
satishctory performance.In contrastto objectrecognizers,
imagesementersdo not requirean a priori modelof each
objectof interest. Segmentergypically rely uponlocal spa-
tial homogeneityof color [3], texture [4], or a combination
of thesecues|[2] to discover objects. Becauseobjectsare
not actually spatially homogeneoussegmentersoften split
objectsandcombineportionsof differentobjectstogether

Dynamic OD systemsnd objectsthat move indepen-
dentlyin theworld usingacombinatiorof temporalandspa-
tial information. Many suchsystemsdependupon spatial
homogeneityf motion o w vectors[1], andaresometimes
combinedwith texture or color [1]. OtherdynamicOD sys-
temsusebackgroundubtractiorf10] to separatenoving ob-
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Figure 1. OD results on a sequence in which
the spoon and can arrive simultaneousl y, the
keyboar d is always partially occluded in cam-
eras 0 and 1, and the can and keyboar d mutu-
ally occlude each other in camera 1. Temporal
information alone is suf cient to group the pix-
els in and across the uncalibrated cameras.

jectsfrom a staticbackground.Unfortunately dynamicOD
system®ftenrequirehighframeratesand/orcannotseparate
objectsfrom the persormanipulatinghem.

In this paperwe presentthe theory behind a “quasi-
static” systemthat achieves good results(seeFigure 1) us-
ing only temporalinformationto clusterpixel obsenations.
In the gure, theimagesin the top row are examplesfrom



sequenceacquiredby threedifferentuncalibrateccameras.
The otherimagesin the bottomgrid shov the objectsdis-
covered(the backgrounds alsofound but not showvn). The
completekeyboardis recorered even thoughit is partially
occludedby eitherthe bowl or the canin every imagein
which camera<Q and1 obsere it. The canandspoonare
correctlydiscriminatedeventhoughthey arrive in the scene
atthe sametime, a signi cant improvementover the results
reportedin [7]. Becauseve do not usespatialinformation,
our approachs novel andcomplementshe existing body of
segmentationwork which generallyreliesuponlocal spatial
homogeneityof color, texture or motion o w vectors. The
adwantagesf our methodinclude the following: (1) Low
frame rate requirementge.g., 1Hz); (2) Entire objectsare
discoreredeven in somecaseswherethey are always par
tially occluded;(3) Objectsthatarrive or departsimultane-
ouslyarecorrectlydistinguishedf eachobjectslifetime (ar
rival/departurepair) is distinguishablerom the lifetime of
every otherobject;(4) The approachscalesnaturallyto and
bene tsfrom multiple completelyuncalibrateccameras.

2. The Quasi-staticWorld

In this sectionwe de ne the quasi-statiovorld model
usedthroughoutheremaindenf thepaper Thismodelis at-
tractive becausedt imposesenoughrestrictionson the world
to be theoreticallytreatablewhile maintainingpracticalap-
plication to real systems. The quasi-stationodel assumes
thatthe only objectsof interestarethosethat undego mo-
tion on sometime intenal andarestationaryon someother
timeinterval (i.e., objectsthatstaystill for awhile). Thusthe
quasi-statiovorld modeltargetsobjectsthat are picked up
andsetdown while ignoringthe personrmanipulatinghem?
The following de nitions will be usedthroughoutthe paper
in connectionwith the quasi-statianodel:

Physical object: A chunkof matterthatleadsto consistent
obsenationsthroughspaceandtime (i.e., an objectin
theintuitive sense)We de ne physicalobjectsin order
to contrastthemwith quasi-staticobjects A physical
objectis mobileif it is obseredto move in thescene.

Quasi-staticobject: The quasi-staticworld interpretation
of amobile physicalobjectthatis stationaryover a par
ticulartime interval.

Quasi-staticobject lifetime: Thetime interval over which
a mobile physical objectis stationaryat a singleloca-
tion. Whena mobile physical objectm movesaround
the sceneand is stationaryat multiple physical loca-
tions,eachstationarylocationi is interpretedasa sepa-
ratequasi-statiobjecto; .

10f course accordingto the quasi-statiavorld model,whena persoris
completelystationaryhe/shebecomesnobjectof interest.

Global schedule: A setof quasi-statiobjectlifetimes.

Pixel visage: A setof obsenationsmadeby a given pixel
thatareinterpretecasstemmingrom a particularquasi-
static object. A pixel's visagesare disjoint with each
other and eachforms a history of a particular quasi-
staticobjectsvisualappearancthroughtime according
to the pixel. Whenan obsenationfor a pixel p madeat
timet is assignedo a visagev, p is saidto obsene v
attimet. Likewise, whencontiguousobsenationsfor
p areassignedo v, p is saidto obsenre v on the in-
tenal delineatedby the rst andlastof the contiguous
obsenations. A pixel visageis valid if eachof its ob-
senationsstemsfrom a singlequasi-statiobject.

The quasi-statioworld model assumeghat eachpixel
can reliably group obsenations that stem from a single
guasi-statiobject. In otherwords,the obserationsbelong-
ing to onevisagefor aparticularpixel arediscriminablefrom
theobsenationsbelongingto ary othervisagefor thatpixel.
The next section presentsthe methodwe use to perform
this grouping of obsenationsinto visages. The following
schedulingandlabelingsectionghendescribehow to deter
mine the identity of the quasi-staticobject responsiblefor
eachvisage.

3. Temporally Coherent Clusters

The rst phaseof the algorithm, temporally coherent
cluster(TCC) constructionbeginsby extractingeachpixel's
view of the world in the form of a temporalsignatureand
nishes by building large clustersof signatureshat agree
on a particularworldview. Constructinga pixel's temporal
signatureconsistsof encodingthe temporalstructurein the
pixel's obsenration history Signatureextractionis a com-
pletelylocal operation.Eachsetof obsenrationsin a pixel's
history that appearto comefrom a single stationaryobject
aregroupedtogetherinto a pixel visage.Figure2 illustrates
apixel'sobsenationhistoryandthesignaturextractedfrom
it. In the gure, eachintenal onwhich a particularvisageis
obseredis labeledaccordingto the visages number

Theinterval betweentwo different,temporallyadjacent
visagesin a particularsignatureis anevent An eventcon-
tainseitherthe departureof the objectcorrespondindo the
visageobsenedimmediatelybeforethe event, or the arrival
of the objectcorrespondindo the visageobsened immedi-
atelyaftertheevent. An eventis unambiguoud eitherinter
pretationcanbetrivially eliminated. In Figure 2 the events
0! 1and2! 0 areunambiguoudecausameitherevent
caninvolve movementof 0. An eventis completelyspeci-
ed by theinterval overwhichtheeventoccurredthevisage
thatimmediatelyprecedeshe event,andthe visagethatim-
mediatelyfollows the event. Therelevanttemporalstructure
in a pixel's obseration history its so called worldview, is



60 second pixel history for the pixel at camera 1, row 2, col 3

5 10 15 20 25 30 35 40 45 50 55 60
time (secs)

pixel visage intervals

—— ][] ] —— i —

event event event event event
$->0 0->1 1->2 2->0 0->$

Figure 2. A pixel's temporal signature .

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

Many signaturegontainintenals uponwhich onevis-
ageis obsened beforeand after someothersetof visages.
Oneway in which theseboundedntervals of asignatureare
interestings thatthey allow the signatureto be decomposed
into anequivalentsetof nestedsimplesignatureghatdo not
containboundedntervals (Figure 3). Eachcomple signa-
ture may be decomposedhto a single uniquesetof simple
signatures. The two representationare equialentin that
both representationsontainexactly the samesetof events.
Decomposinga signaturein this way allows a given pixel
to represenits overarchingworldview by a setof simpler
worldviews thateachcoversa smallertemporalextent. This
decompositiorallows our approacho scalenaturallyto long
sequencemvolving mary objects. Additionally, corverting
to simple signaturesonsiderablysimpli es the scheduling
algorithmpresentedh the next section.

Becauseof noise and/ora breakdavn of quasi-static
world assumptionsa particularpixel may have oneor more
falseviews of the world and so generatesignatureghat are
inconsistentvith reality. In orderto be robustto theseout-
liers, we needa methodof determiningwhich signaturesre
consistentvith theworld andwhich signaturesrenot. Since
thestateof theworld is notdirectly obsenable, we mustinfer
world statefrom the setof all worldviews (i.e., the setof all
simpletemporakignaturesrom all pixels). To determinghe
amountof supportfor a particularworldview, we construct
atemporallycoherentluster(TCC) of all simplesignatures
(from all pixels)thatagreeon that particularworldview. In
our casea particularworldview is succinctlycapturedby a
signatue hull, the most permissie temporalsignaturethat
is consistentvith every signaturen agiven TCC. Theseno-
tionsareformalizedin thefollowing de nitions:

Visagecontainment: A visagevg,, containsa visagevi,
if Veon IS Obsenedon every intenal uponwhichv, is
obsered.

Signature containment: A signatures.o, containsa signa-

complex signature
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Figure 3. Converting a pixel's signature to an
equiv alent set of simple signatures.

turesi, if thefollowing hold: (1) Every visagein si, is
containedby somevisagein sqon; (2) Every visagein
Scon CONtainsatmostonevisagein sj,. It is trivially true
thatevery signaturecontainsandis containedy itself.

Setcontainment: A signaturesgy, containsa setof signa-
turesS if s¢on cONtainsevery signaturen S.

Setcoherence: A setof signaturesS is coheent if some
signaturescon (not necessarilyn S) containsS. For the
setof simplesignaturedor a given pixel, no subsetf
sizetwo is coherent.

Signature hull:  For ary setof coherensignaturesS, there
exists a uniquesignaturesy,, calledthe signatue hull
of S, that containsS andis containedby every other
signaturethat also containsS. The signaturehull of
ary two coherenssignaturess; ands, may be directly
constructedrom theintersection®f the pairsof events
thatcorrespondn s; ands;.

A signaturehull capturesthe essenceof a particular
worldview thatis supporteddy every signaturethe hull con-
tains. Thusa signaturehull for a TCC maysene asarepre-
sentatve for all thesignaturesn thecluster If thescheduling
phaseexplainsthe signaturehull, the explanationis guaran-
teedto generalizao thesignature$n the TCC. To determine
which worldviews arewell supportecandwhich arenot, we
seekto nd asmallsetof large TCCsthateffectively spans
thesetof all simplesignaturegienerated@crosall pixels. In
our currentimplementatiorwe constructsucha setof large
TCCsusingthefollowing greedyalgorithm:

1. Begin with anemptysetof signaturehullsH .

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

3. Constructa TCC for eachhull h 2 H composedf all
signatures; suchthath containss;.

4. CombineT CCsthatcontainnearlythe samepopulation
of signaturesThis maydisenfranchisa small (negligi-
ble) numberof signatureghatareconsistenwith only
oneor theotherTCC.



More detailsof TCC constructionand combinationmay be
foundin [8].

4. Establishing a Global Schedule

In the secondphaseof objectdiscavery, schedulecon-
struction we usethe signaturehulls from thewell supported
TCCsof the last sectionto hypothesizethe existenceof a
small set of objectswhosearrivals and departuressatisfy
the constraintsof the hulls andthusexplain them. The hy-
pothesizedetobjectlifetimesconstitutesa globalschedule.
EachTCC'ssignaturenhull placesconstraintaipontheglobal
scheduleln orderto bevalid andcomplete a global sched-
ulemustsatisfyall of theseconstraintsFor aglobalschedule
to bevalid, thelifetime of eachquasi-statiobjectit contains
mustexactly matchaninterval on which somemobile phys-
ical objectwas stationaryin the scene. To be complete a
global schedulemustexplain every eventobsered by some
nonngligible numberof pixels. A valid andcompleteglobal
schedulds a correctschedulén theintuitive sense.

When a TCC's signaturehull is inconsistentwith the
world, a globalschedulghatsatis estheinconsistentwll's
constraintgs notvalid. Yet,if someeventin the TCC's sig-
naturehull is not explainedby the schedulethe schedulds
not complete. Schedulings the art of nding a goodcom-
promisebetweerthesetwo measuresf correctness.

In general,the constraintsfrom temporalinformation
alonearenot enoughto completelydeterminethe schedule.
Speci cally, temporalinformationcannotdeterminevhether
anobjecto hasarrived or departedinlesso hasbotharrived
anddepartedduring the period of obsenation. While tem-
poralinformationcannot,in general,completelydetermine
a global schedule mary casesexist wheretemporalinfor-
mationdoessufce. In fact, if the following obsenability
criteriaaremet, the 2DSchedalgorithmwe presentlaterin
this sectionis guaranteetb nd acompleteandvalid global
schedulaisingonly temporalinformation.

2D Scheduling(2DSched)Obsewability Criteria Given
that there are n. camerasobservingthe sceneand
an arbitray constantk, temporal information alone
is sufcient to constructa valid and completeglobal
schedulef thefollowing obserability criteriaaremet:

1. Clean world criterion: Every quasi-stationarybject
botharrivesanddeparts’

2. 2Dtemporal discriminability criterion: Thetruestate
of theworld is suchthateachobjectslifetime is clearly
distinctfrom every otherobjectslifetime in the2D tem-
poralspaceof arrival/departurgairs. Essentiallywhen

2The backgrounds treatedspeciallyandis the union of all objectsthat
neitherarrive nor depart.

theconstraintgrom all thesignaturesreconsideredo-
gether eachlifetime mustclearly standout asseparate
from the others.

3. Strong temporal obsewability criterion: For every
objecto, the signaturehull h for someTCC containing
atleastkn. signaturesinambiguouslypbseresboththe
arrival anddepartureof o (neitherof o's eventsarehid-
denby anotherobject). Pixels that have valid visages
and obsene an objectarrive and departover top of a
single other stationaryobjectgeneratea simple signa-
turethatunambiguoushdetermineghe objects arrival
and departureevents. This strongobsenrability crite-
rion becomeamorelikely to be met asthe numberof
differentviewpointsincreases.

4. Valid visagescriterion: The total numberof invalid
visagess lessthankn.. In ourimplementationhisgen-
erally implies that eachstationarypixel's obserations
of eachparticularstationaryobjectlie in asmallregion
of RGB spaceuniqueto the pixel/objectpair.

The criteria listed above signi cantly wealen the 1D
temporaldiscriminability criterion we presentedn [7] that
requiredevery event to be discriminablefrom every other
event. In this paperevent pairsratherthaneventsmustbe
distinct,allowing objectsthatarrive at the sametime but de-
part at differenttimesto be discriminated. The big win in
temporaldiscriminability comeswith the costof a slightly
strongerobsenrability criterion that still tendsto be a good
assumptiorfor real-world sequencesThesecriterialeaddi-
rectly to theschedulingalgorithmpresentedbelow.

2D Scheduling(2DSched)Algorithm Given that the
2DSchedbsenability criterialistedabove aremet,the
following algorithm establishesa valid and complete
globalschedule:

1. Collectall TCCswhosesignaturehull is composedf
exactly two eventsandfor whichn,  knc wheren,
is the total numberof pixels the TCC contains(from
all cameras)n. is the numberof camerasobserving
the sceneandk is the constanfor which the 2DSched
obsenability criteria collectively hold. Eachof these
TCCssatis esthe strongtemporalobsenrability crite-
rion mentionedabore.

2. For eachof theseTCCs,createanobjecthypothesighat
explainsthetwo eventsin the TCC's hull asthearrival
anddepartureof a quasi-statimbjectandenterthe hy-
pothesizedbijects lifetime into the globalschedule.

5. Mapping Obsevationsto Objects

During the labeling phaseof objectdiscovery, we use
the schedulegeneratedy the 2DSchedalgorithm and the



O(red) = F(U,,)

For all X ;: red observed at time t

Figure 4. The relationships between the sets
for avisage red

compl temporalsignaturecomputedor eachpixel during
the rst phaseto mapthe obsenationsin eachpixel visage
to the objectsin the schedulehatthoseobsenationscould
have stemmedrom. This labelingof obsenrationsis the ul-

timate goal of objectdiscovery. Onceeachobsenation has
beenmappedto the objectsthat could have givenriseto it,

we caneasilyassemblenulti-view 2D masksof eachobject
from the obsenationsattributedto the object. In this section
we describeour Quasi-Statid_abeling (QSL) algorithmfor

solvingthe mappingproblem.For the detailsof the QSL al-

gorithmincluding proofssee[6]. We begin this sectionby

de ning the obsenationlabelingproblem.

Observation labeling problem: Givenapixel p andavalid
andcompleteglobalscheduledetermindor eachof p's
visagesv; the smallestsetof quasi-statiobjectsin the
scheduleguaranteedo containthe actual quasi-static
objectthatgenerateq's obsenationsof v;.

The remainderof this sectionis written from the per
spectve of asinglepixel's obsenationlabelingproblemand
assumeshe existenceof avalid andcompleteglobal sched-
ule containingall known objects.We begin by de ning sev-
eraltermsusedto describethe QSL algorithm.

Contemporaneousobject set: A contemporaneousbject
setX is asetof objectssuchthateachobjecto 2 X is
presentn thesceneatsometimet. A maximalcontem-
poraneousbjectsetX isthesetof all objectspresent
in thesceneaattimet.

X, = fo: oispresenattimetg

Intersection set: For apixel visagev, v'sintersectiorsetl ,
is the setof all objectssuchthateachobjectis present
ateverytime atwhichv is obsened.

\
Iy = X
t

t : visobseredattimet

Union set: Forapixelvisagev, v'sunionsetU, isthesetof
all objectssuchthateachobjectis presentat sometime
atwhichv is obsered. ClearlyU, |, (Figure4).

[
U = X,
t

t : visobseredattimet

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

1. bis obseredprior to every obserationof v;

2. bis obsenedafter every obserationof v.

Boundedset: For a pixel visagev, v's boundedsetB, is
the setof all objectssuchthateachobjectis presentat
everytimethatv is obsered,andno objectis presenat
anytime atwhich aboundingvisageof v is obsered.

[
By=1ly Up

b

b: b isaboundingvisageof v

Giventhe quasi-stati@assumptionsthe objectbounded
setB, for avisagev containgheactualobjectobsened
by v.

Object function: The objectfunctionO(v) = o0 mapsa
visagev ontoan objecto. This functionrepresentsb-
stractlythe true stateof the world. The goal of the la-
beling processis to nd the smallestsetof candidate
objectsC suchthatO(v) 2 C is true giventhatthe
modelassumption&old. In somecasest is not physi-
cally possibleto narrav C down to asingleton.

Front function: Thefront functionF (C) = o for apixel
p mapsa set of candidateobjectsC onto the object
o 2 C thatis in front of the other objects. The
front objecto is saidto occludethe otherobjectsin C.
F(C) = oisuniquefor all setsC suchthatfor every
othero® 2 C, atsometimet, botho ando®aresimulta-
neouslypresentandp obsereso attimet. Any subset
of theunionsetfor avisagev thatcontainsO(v) meets
this condition. Lik e the objectfunctionO(), F () repre-
sentsabstractlythetrue stateof theworld, not whatwe
know aboutit.

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

Lemmal For avisagered, thefollowing statementsold:
1. O(red) = F(Byeq);
2. O(red) = F(lreq);
3. 0(red) = F(X;), 8X;:
4. O(red) = F(Ureq).

redis observedatt;

The relationshipshetweenthe setsand the objectand
front functionsare illustratedin Figure4. Theserelation-
shipsfollow directly from the de nitions of the setsandthe
objectandfront functions.



The following QSL Theoremis centralto the QSL al-
gorithm. In essencethe QSL Theoremprovidesa general
rule thatallows usto useone pixel visages union set(e.g.,
Ubiue) to rule out candidategor O(red) for someothervis-
ager ed. Iterative invocationof this theoremformsthe heart
of QSL andallows usto nd the mostinformative mapping
from visagego objects.

Theorem 2 QSL TheoremGivendistinctvisagesred;blue
and contempaaneous subsets X eq; Xpue Sud that
O(red) = F (X eq) andO(blue) = F(Xpiue):

Xbiwe Urea ) O(red) occludesO(blue)
) O(red) = l:(Xr(-:'d Ublue)

Thede nitions andresultspresentedibore allow usto
statethe QuasiStatic Labeling (QSL) algorithmsuccinctly
Thealgorithmmaintainsa collectionR of statementsf the
formO(v;) = F(C;), onefor eachvisagev;, wheretheele-
mentsof setC; essentiallyencodea setof candidatesor the
objectthatmapsto visagev; asdeterminedy QSL atsome
point in the algorithm. We startwith an initial setof true
statements@and attemptto producenew, smallertrue state-
mentsby applyingthe QSL Theorem. The ultimategoal is
to obtainfor eachvisagethetrue statementith thesmallest
possiblefront functionsubsetirgument.

Quasi-StaticLabeling (QSL) Algorithm Given a com-
pleteglobalschedulefor eachpixel p andits setof pixel
visagesv,:

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

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

3. Repeatedhppplythe QSL Theorento appropriatgairs
of statementin R to shrinkthe subsetargumentof one
of the statementsRepeatuntil no further applications
arepossible.

If the QSL Theoremappliesto a pair of statementsit
equallyappliesto the pair of statement# eitherstatemeng
subsetargumentshrinks. Thusthe resultis independenbf
the orderin which the transformationsre applied. If there
arem visagedn thepixel andn objectsin the schedulethe
QSL algorithmis guaranteedio terminatein lessthanm®3n?
steps.

6. Conclusion

Theframevork describedy thetheoryin this paperig-
noresdistractingmotion, correctly dealswith comple oc-
clusions,discriminatesetweenobjectshaving the samear-
rival/departurdut differentdepartures/awvals,andrecovers

entire objectseven in caseswherethe objectsare partially
occludedin every frame(seeFigure 1 for exampleresults).
Becausewe do not usespatialinformationto perform our
clustering,our techniqueis signi cantly differentfrom and
complementgraditional spatially basedsegmentationalgo-
rithms. Additionally, our approachs well suitedto trainand
initialize objectrecognitionandtrackingsystemsawithoutre-
quiring humansupervision More detailson the systemmay
befoundin in [6, 7, 8] availablefrom:
http://www.cs.rochester.edu/"sanders
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