
connected silhouette in image space that

completely co v ers only those pix els re�ecting the object' s

position). In practice, this is not al w ays possible, especially

in unconstrained, arbitrarily illuminated, f ar -�eld settings

in v olving man y objects from man y dif ferent classes. Se v-

eral issues mak e this problem dif �cult: partial occlusion

( e.g., trees,fences)andaccidentalalignment(e.g., portions
of amovingobjectareaccidentallyverysimilarto objectsin
thebackgroundresultingin undetectedmoving pixels)can
fragmenta silhouetteinto temporallyor spatiallyseparated
elements;spatialproximity of objectscan causedetected

to lossof spatialresolution.
If thenumberof objectsis varyingandunknown,anam-

biguity ariseswhenusinggenericmodelsto track objects
thatmay fragmentor group. This fragment-object-group
ambiguity is illustrated by the foregroundblobs in Fig-
ure 1(c,d,e). Here, two interactingobjectsinitially merge
into a single foregroundblob. A frame later, the objects

1In experimentson a variety of unconstrainedvideos,we found frag-
mentationto occuronceevery 6 frames,onaverage.

1
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2. Framework Description

Theinputto oursystemis asetof measurements,Z1:T =
f zi;t j1 � i � mt ; 1 � t � Tg, wheretherearem t mea-
surementsat timet. Themeasurementsareforegroundpix-
els obtainedby backgroundsubtraction[8] (an improved
versionof [12]) for eachvideo-frame.Theoutputis asetof
tracksof objectsY = f Y i

t i 1 :t i 2
j1 � i � N g, whereY i

t i 1 :t i 2

is the track of the i th objectexisting from time t i 1 to t i 2.
Thenumberof objects,N , is notknown a priori . An object
trackmayconsistof multiple fragmenttracks.Two objects
sharea trackwhenthey interactto form a group.

2.1. The Target­SetConcept

In most tracking methods,eachphysicalobject is rep-
resentedby a correspondingtarget. This approachis not
suitablefor handlingfragmentation.Instead,we modelan
objectasa setof elementarytargets. An elementarytarget
correspondsto an indivisible part of a physicalobject. Of
course,we canonly track setsof elementarytargetslarge
enoughto beobserved. Sowe de�ne thetarget-setA i;t as
the i th setof elementarytargetsat time t thatareall indis-
tinguishablefrom eachothergiven the observed measure-
ments.For i 6= j , A i;t \ A j;t = ; . A target-setcouldbean
object, apartof anobject(fragment), or theunionof several
objects(group). The intuition is that theobservableevents
(image blobs) may be composedof elementsfrom oneor
moreactualphysicalobjects,which over time could shift
from oneobservedblob to another. Wewantto tracktheset
of elementarytargetsthatbelongto a singleobjectasthey
movefrom oneobservablesetto another, to createaunique
trackfor eachphysicalobject.Henceweneedto labeleach
observableblob in amannerthatsupportsthatanalysis.

Wespatiallypartitionthemeasurementszi;t attimet into
K t clusters,Ck ;t . Two foregroundpixelsbelongto thesame
cluster(or blob) if they fall into a commons � s window.
Theseblobsgeneralize8-connectedcomponents(s = 3) to
windowedconnectedcomponents.We considermeasure-
mentswithin a blob to be indistinguishable.Note that in-
distinguishabledoesnot imply thepixelshave identicalin-
tensities,ratherthatpixelsin ablobarecurrentlypartof the
sameconnectedmoving component.In principle, appear-
anceinformationsuchascolorcouldbeusedto distinguish
elementsof a blob, however, our experiencewith far-�eld
settingsindicatesthat color information is often not suf�-
cientto uniquelydistinguishsubpartsof blobs.

To track target-sets,we needdataassociationof blobs
with target-sets. In our observation model, eachtarget-
set A i;t can produceat most one blob Ck ;t . Using this
model,we track target-sets3, till thesesetsmerge or split.
Fromframet � 1 to t, target-setsmaypropagate(A j;t � 1 =

3By trackingtarget-sets,we avoid having to explicitly representindi-
vidualelementarytargets.

A i;t ), appear, disappear, merge(A i;t =
S

j A j;t � 1) or split
(A i;t � 1 =

S
j A j;t ). Mergingandsplittingof target-setsal-

lows us to representthe processesof object fragmentation
andgroupinteraction.

2.2. Our GenericObject Model

We de�ne 3 target-set labels: object, fragment, and
group. An object is amaximalsetof elementarytargetsthat
exhibit spatial connectednessand coherent motion. Spa-
tial connectednessmeansthat for eachpair of elementary
targetsbelongingto the object, there exists sometime t
suchthat thesetargetsbelongto the sametarget-setA i;t ,
i.e., they arepartof thesameobservedimageblob. Coher-
entmotionmeansthatall theelementarytargetsmovewith
similar averagevelocity over extendedperiodsof time. In
particular, we modelthe (average)differencein speeds(in
bothhorizontalandverticaldirections)betweenany pair of
elementarytargetsfrom the sameobjectas independently
Gaussian-distributedwith zeromeanandsmallvariance� 2

0 .
In contrast,thedifferencein speedsbetween2 targetsfrom
differentobjectsis modeledasindependentGaussianswith
zeromeanandlargevariance� 2

1 . Essentially, thisde�nition
providesa model for (the 2D projectionof) a physically-
connected3D object,while allowing that, at every time t,
someof its partsmaynotbedetected.Therelativecon�gu-
rationof thepartsshouldbestableover time.

The othertwo typesof target-setsarede�ned with ref-
erenceto objects. A fragment is a subsetof an object. A
group is a target-setconsistingof elementarytargetsfrom
two or moredifferentobjects.Every target-setA i;t canbe
assignedoneof thesethreelabels. We do not know a pri-
ori whetherthe tracked target-setsare fragments, objects,
or groups. In Section3, weusethegenericobjectde�nition
given above to designan algorithmthat distinguishesbe-
tweenfragments, objectsandgroups, andobtainscomplete
objecttracksby stitchingtogetherrelevantpartsof fragment
andgrouptrackswith existingobjecttracks.

2.3. Summary of our Approach

Our algorithm hasmany details, so we �rst presenta
high-level summaryusing an example(Fig. 2). We �rst
track target-sets(Sec.3.1) using the foregroundblobs till
mergesandsplits aredetected(Fig. 2a). At this stage,we
do not know whetherthe trackedtarget-setsarefragments,
objectsor groups. Thesecondstep(Sec.3.2)organizesthe
trackedtarget-setsinto verticesof a directed,acyclic graph
calledtheinferencegraph.Thegraphis built sothatspatial
connectedness(i.e., the �rst part of our object de�nition)
is guaranteedbetweenany nodeandall of its descendants.
The merge/split eventsdetectedin the �rst stepare used
to addedgesin this graphfrom eachmergedtarget-setto
target-setsbeforethemergeandafterthesplit (seeFig. 2b).
Thus,target-setsthataregroupswill beparents(ancestors)


