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Abstract

Objectsin the world exhibit complex interactions. When
captured in a videosequence, someinteractionsmanifest
themselvesas occlusions. A visual tracking systemmust
be able to track objectswhich are partially or even fully
occluded. In this paper we presenta methodof track-
ing objectsthrough occlusionsusing appearancemodels.
Thesemodelsareusedto localizeobjectsduringpartial oc-
clusions,detectcompleteocclusionsand resolvedepthor-
dering of objectsduring occlusions. This paper presents
a tracking systemwhich successfullydealswith complex
realworld interactions,asdemonstratedon thePETS2001
dataset.

1. Intr oduction
Real world video sequencescapturethe complex interac-
tionsbetweenobjects(people,vehicles,building, trees,etc.
). In video sequencestheseinteractionsresult in several
challengesto thetrackingalgorithm.Distinct objectscross
pathsandcauseocclusions.A numberof objectsmay ex-
hibit similar motion, causingdif�culties in segmentation.
New objectsmay emerge from existing objects(a person
gettingout of a car) or existing objectsmay disappear(a
personenteringacaror exiting thescene).Maintainingap-
pearancemodelsof objectsovertimeandusingthemto deal
with complex interactionsis key to a successfultracking
system.

In thispaperwepresentatrackingsystemwhichusesap-
pearancemodelsto successfullytrackobjectsthroughcom-
plex realworld interactions.Section2 presentsa shortre-
view of relatedresearch.Section3 presentstheoverall ar-
chitectureof the systemand its components:background
subtraction,high-level trackingandappearancemodelsare
discussedin sections4, 5 and6 respectively. Section6 dis-
cussestheappearancemodels.Wehavedevelopedaninter-
activetool for generatinggroundtruthusingpartialtracking
resultwhich is discussedin section9. Section10 discusses
our methodfor comparingautomatictrackingresultsto the
groundtruth. Section11 presentsresultson thePETStest

sequences.We summarizeour paperandpresentfuturedi-
rectionsin section12.

2. Relatedwork
A videoimagewill changeover time dueto objector cam-
eramotion, illumination variation,complex occlusion,and
othervariations.Theanalysisof appearancechangescanbe
usedto detectandtrackmoving objectsin videosequences.
Many systemshave beendevelopedfor video surveillance
to detectand track people,vehiclesand moving objects
[5, 13,15].

Occlusionis a signi�cant problemin moving objectde-
tection and tracking. Someprevious work doesnot deal
with occlusionat all, or minimizesocclusionsby placing
thecamerasat a high angle,looking down on theplaneof
motionof theobjects[3, 4].

Methodsto solve theocclusionproblemhave beenpre-
viously presented[1,2,5,8]. Changet al. [1] andDock-
staderet al. [2] usethe fusion of multiple camerainputs
to overcomeocclusionin multi-objecttracking. Khan and
Shah[8] presenteda systemto trackpeoplein thepresence
of occlusion. First, they segmenteda personinto classes
of similar colourusingtheExpectationMaximizationalgo-
rithm. Thenthey useda maximuma posterioriprobability
approachto tracktheseclassesfrom frameto frame.

Lipton etal. [9] describeasimplemethodbasedontem-
plate matchingand temporalconsistency via object clas-
si�cation and motion detection. Their methodcan deal
with partial occlusions. Templatematchingplaysa simi-
lar role to appearance-basedmodelsbut doesnot take into
accountthevariableappearanceof theobjectdueto lighting
changes,self-occlusions,andothercomplex 3-dimensional
projectioneffects.

SeveralmethodsuseKalman�ltering or probabilisticap-
proachesto perform robust tracking which can deal with
someinstancesof occlusion[7,12,14] Thesemethodsre-
quireestimationof prior distributionsfor modellingmotion
andappearance.Tao et al. [14] usea dynamiclayer ap-
proachwhich relieson anappearancemodel.Their system
candealwith partial occlusionof passingvehiclesasseen



from above. Isardet al. [7] havebuilt a systemfor tracking
peoplewalkingbyeachotherin acorridor. Eachforeground
objectis statisticallymodelledusinga generalizedcylinder
objectmodelanda mixture of Gaussiansmodelbasedon
intensity. Rosaleset al. [12] presentan approachto de-
tect andpredictocclusionby using temporalanalysisand
trajectoryprediction. In temporalanalysis,a map of the
previoussegmentedandprocessedframeis usedasa pos-
sible approximationof thecurrentconnectedelements.In
trajectoryprediction,anextendedKalman�lter providesan
estimateof eachobject'spositionandvelocity. Thesemeth-
odsmake severalassumptionsaboutthetypesof objectsin
thesceneandtheir shapeandmotioncharacteristics.

The works most closely relatedto this paperare those
of Haritao�glu et al. [5] andRoh et al. [11] sincethey use
appearancemodelsto handleocclusionproblem. The for-
mer combinethe gray-scaletexture appearanceandshape
informationof apersontogetherin a2D dynamictemplate,
but donot suchappearanceinformationin analyzingmulti-
peoplegroups.Roh et al. useanappearancemodelbased
on temporalcolourto trackmultiple peoplein thepresence
of occlusion.They usetemporalcolourfeatureswhichcom-
binecolourvalueswith associatedweights.Theweightsare
determinedby thesize,duration,frequency, andadjacency
of a colourobject.

3. Tracking systemarchitecture
In this paperwe describea new visual trackingsystemde-
signedto trackindependentlymovingobjects,andusingthe
outputof a conventionalvideocamera.Figure1 shows the
structureof thetrackingsystem.

The input video sequenceis usedto estimatea back-
groundmodel,which is thenusedto performbackground
subtraction,asdescribedin section4. The resultingfore-
groundregionsform theraw materialof a two-tieredtrack-
ing system.

The �rst trackingprocessassociatesforegroundregions
in consecutiveframesto constructhypothesizedtracks.The
secondtier of trackingusesappearancemodelsto resolve
ambiguitiesin thesetracksthat occur due to object inter-
actionsandresultin trackscorrespondingto independently
moving objects.

A �nal operation�lters thetracksto removetrackswhich
areinvalid artefactsof the track constructionprocess,and
savesthe track information(the centroidsof theobjectsat
eachtime frame)in thePETSXML �le format.

In this paperwe describeresultsusing the PETS2001
evaluationdataset1, camera1. For reasonsof speedand
storageeconomy, we have chosento processthe video at
half resolution. The sytem operateson AVI video �les
(Cinepakcompressed)generatedfrom thedistributedJPEG
images.Naturally, higheraccuraciesandreliability areto be
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Figure1: Block diagramof thetrackingsystem

expectedfrom processingthevideoat full sizeandwithout
compressionartefacts.

4.Background estimationand subtrac-
tion

Thebackgroundsubtractionapproachpresentedhereissim-
ilar to that takenby Horprasertet al. [6] andis anattempt
to make the backgroundsubtractionrobust to illumination
changes.The backgroundis modelledstatisticallyat each
pixel. Theestimationprocesscomputesthebrightnessdis-
tortion and colour distortion in RGB colour space. Each
pixel � is modelledby a 4-tuple( ���������	��
��	�
��� ), where ��� is
a vectorwith themeansof thepixel's red,green,andblue
componentscomputedover � backgroundframes; ��� is a
vectorwith thestandarddeviationsof thecolourvalues;
��

is the variation of the brightnessdistortion; and ��� is the
variationof the chromaticitydistortion. We have alsode-
velopedan active backgroundestimationmethodthat can
dealwith moving objectsin the frame. First, we calculate
imagedifferenceoverthreeframesto detectthemoving ob-
jects.Thenthestatisticalbackgroundmodelis constructed,
excludingthesemoving objectregions.

By comparingthe differencebetweenthe background
imageandthecurrentimage,a givenpixel is classi�ed into
oneof four categories: original background,shadedback-
groundor shadow, highlightedbackground,andforeground



objects.thresholdsarecalculatedautomatically, detailscan
be found in the original paper[6]. Finally, a morphology
stepis appliedto removesmall isolatedspotsand�ll holes
in theforegroundimage.Thecurrentalgorithmworksrea-
sonablywell indoorsandoutsidewithoutadaptingtheback-
groundafter initial estimation,but we arecurrentlyadapta-
tion to thesystem.

5. High-level tracking
Theforegroundregionsof eachframearegroupedinto con-
nectedcomponents.A size �lter is usedto remove small
components.Eachforegroundcomponentis describedby
a boundingbox andan imagemask,which indicatesthose
pixels in the boundingbox that belongto the foreground.
For eachsuccessive frame,thecorrespondenceprocessat-
temptsto associatethe foregroundregionswith oneof the
existing tracks.This is achievedby constructinga distance
matrixshowing thedistancebetweeneachof theforeground
regionsandall thecurrentlyactive tracks.We usea bound-
ing box distancemeasure, asshown in �gure 2. The dis-
tancebetweenboundingboxes� and � (�gure 2, left) is the
lowerof thedistancefrom thecentroid,��� , of � to theclos-
estpoint on � or from thecentroid,��� , of � to theclosest
pointon � . In eithercentroidlieswithin theotherbounding
box(�gure 2, right), thedistanceis zero.Themotivationfor
using the boundingbox distanceasopposedto Euclidean
distancebetweenthecentroidsis the largejump in theEu-
clideandistancewhentwo boundingboxes(objects)merge
or split. A time distancebetweenthe observationsis also
addedin to penalizetracksfor which no evidencehasbeen
seenfor sometime.
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Figure2: Boundingboxdistancemeasure

The distancematrix is thenbinarized,by thresholding,
resultingin acorrespondencematrixassociatingtrackswith
foregroundregions.Theanalysisof thecorrespondencema-
trix producesfour possibleresultsasshown in �gure 1: ex-
istingobject,new object,mergedetectedandsplit detected.

For well-separatedmoving objects,the correspondence
matrix (rows correspondto existing tracksandcolumnsto
foregroundregions in the currentsegmentation)will have
atmostonenon-zeroelementin eachrow or column— as-
sociatingeachtrack with one foregroundregion andeach
foregroundregion with one track, respectively. Columns
with all zeroelementsrepresentnew objectsin the scene

which arenot associatedwith any track, andresult in the
creationof a new track.Rows with all zeroelementsrepre-
senttracksthatareno longervisible (becausethey left the
scene,or weregeneratedbecauseof artefactsof the back-
groundsubtraction).

In the caseof merging objects,two or moretrackswill
correspondto oneforegroundregion, i.e. a columnin the
correspondencematrix will have more than one non-zero
entry. When objectssplit, for examplewhen peoplein a
groupwalk away from eachother, a singletrack will cor-
respondto multiple foregroundregions, resultingin more
thanonenon-zeroelementin a row of thecorrespondence
matrix. Whena singletrackcorrespondsto morethanone
boundingbox, all thoseboundingboxes are merged to-
gether, andprocessingproceeds.If two objectstrackedas
onedo separate,thepartscontinueto betrackedasoneun-
til they separatesuf�ciently that both boundingboxesdo
not correspondto thetrack,anda new trackis created.

Oncea track is created,anappearancemodelof theob-
ject is initialized. This appearancemodelis adaptedevery
time thesameobjectis trackedinto thenext frame.On the
detectionof objectmergesandsplits,theappearancemodel
is usedto resolve the ambiguity. A detaileddiscussionof
theappearancemodelandits applicationto occlusionhan-
dling is presentedin thefollowing section.

6. Appearance-basedtracking
To resolvemorecomplex structuresin thetracklatticepro-
ducedby the boundingbox tracking, we useappearance-
basedmodelling. Here,for eachtrackwe build anappear-
ancemodel,showing how theobjectappearsin the image.
Theappearancemodelis anRGBcolourmodelwith aprob-
ability masksimilar to thatusedby Haritao�glu etal. [5]. As
the track is constructed,the foregroundpixels associated
with it areaddedinto the appearancemodel. The new in-
formation is blendedin with an updatefraction (typically
0.05)so that new informationis addedslowly andold in-
formationis graduallyforgotten.This allows themodelto
accommodateto gradualchangessuchasscaleandorien-
tation changes,but retainsomeinformationaboutthe ap-
pearanceof pixels thatappearintermittently, asin the legs
or armsof a moving person.The probability maskpart is
alsoupdatedto re�ect theobservationprobabilityof agiven
pixel. Figure3 shows theappearancemodelfor a vanfrom
thePETSdataatseveraldifferentframes.

Theseappearancemodelsareusedto solve a numberof
problems,includingimprovedlocalizationduringtracking,
trackcorrespondenceandocclusionresolution.

Given a one-to-onetrack-to-foreground-region corre-
spondence,we use the appearancemodel to provide im-
provedlocalizationof the tracked object. The background
subtractionis necessarilynoisy, andtheadditionallayersof
morphologyincreasethenoisein thelocalizationof theob-
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Figure3: The evolution of an appearancemodel. In each
�gure, the upper image shows the appearancefor pixels
whereobservationprobabilityis greaterthan0.5.Thelower
showstheprobabilitymaskasgrey levels,with whitebeing
1.) Theframenumbersat which theseimagesrepresentthe
modelsaregiven,showing theprogressiveaccommodation
of themodelto slow changesin scaleandorientation.

jects, by addingsomebackgroundpixels to a foreground
region, andremoving extremities. The appearancemodel
however, hasanaccumulationof informationabouttheap-
pearanceof the pixels of an object and can be correlated
with theimageto givea moreaccurateestimateof thecen-
troid of the object. The accumulatedEuclideanRGB dis-
tanceis minimizedoverasmallsearchregionandthepoint
with thelowestdistancetakenastheobject's location.The
processcouldbe carriedout to sub-pixel accuracy, but the
pixel level is suf�cient for our tracking.

Whentwo tracksmergeinto a singleforegroundregion,
weusetheappearancemodelsfor thetracksto estimatethe
separateobjects'locationsandtheir depthordering.

This is doneby the following operations,illustratedin
�gures 4&5:

1. Usinga �rst-order model,thecentroidlocationsof the
objectsarepredicted.

2. For a new merge, with no estimateof the depth-
ordering,eachobject is correlatedwith the imagein
thepredictedposition,to �nd thelocationof best-�t.

3. Given this best-�t location, the `disputed' pixels —
thosewhich have non-zeroprobabilitiesin morethan
oneof theappearancemodelprobabilitymasks— are
classi�ed usinga maximumlikelihoodclassi�er with
a simplesphericalGaussianRGB model,determining
which modelwasmostlikely to have producedthem.
Figures4c & 5c show the resultsof suchclassi�ca-
tions.

4. Objectsareorderedso that thosewhich areassigned
fewer disputedpixels aregiven greaterdepth. Those
with few visiblepixelsaremarkedasoccluded.

5. All pixels are reclassi�ed, with disputedpixels be-
ing assignedto the foremostobjectwhich overlapped
them.

(a) (b) (c)

(d) (e) (f)

Figure4: An occlusionresolution(Frame921of dataset1,
camera1). (a) shows threeappearancemodelsfor tracks
convergingin a singleregion. (b) shows thepixelsof a sin-
gle foregroundregion,classi�ed independentlyasto which
of themodelsthey belongto. (d,e,f)show thepixels�nally
allocatedto eachtrack,and(c) shows the regionsoverlaid
on the original frame,with the original foregroundregion
boundingbox (thick box), the new boundingboxes (thin
boxes)andthetracksof theobjectcentroids.

Onsubsequentframes,thelocalizationstepis carriedout
in depthorder, with the foremostobjectsbeing�tted �rst,
andpixels which matchtheir appearancemodelbeing ig-
nored in the localizationof `deeper'objects,as they are
consideredoccluded. After the localizationandocclusion
resolution,theappearancemodelfor eachtrack is updated
usingonly thosepixelsassignedto thattrack.

Becauseof failuresin the backgroundsubtraction,par-
ticularly in thepresenceof lighting variation,somespurious
foregroundregions are generated,which result in tracks.
However mostoof theseare�ltered out with rulesdetect-
ing theirshortlife or thefactthattheappearancemodelcre-
atedin oneframefails to explain the`foreground'pixelsin



(a) (b) (c)

(d) (e)

Figure5: An occlusionresolution(Frame825of dataset1,
camera1). (a) appearancemodels.(b) independentlyclas-
si�ed foregroundregion pixels as to which of the models
they belongto. (d,e)thepixelsallocatedto eachtrack,and
(c) theregionsoverlaidon theoriginal frame.

subsequentframes.An additionalrule is usedto pruneout
trackswhichdonotmove. Theseareconsideredto bestatic
objectswhoseappearancevaries,suchasmoving treesand
re�ectionsof sky.

7. Multi-object segmentation
The appearancemodelscanalsobe usedto split complex
objects.While thebackgroundsubtractionsyieldscomplex,
noisyforegroundregions,theblendingprocessof themodel
updateallows �ner structurein objectsto beobserved.The
principalway in which this structureis usedin thecurrent
systemis to look for objectswhich areactuallygroupsof
people. Thesecanbe detectedin the representationif the
peopleare walking suf�ciently far apart that background
pixelsarevisiblebetweenthem.Theseareevidencedin the
probabilitymask,andcanbedetectedby observingthever-
ticalprojectionof theprobabilitymask.Welook for minima
in this projectionwhicharesuf�ciently low anddividesuf-
�ciently high maxima.Whensucha minimumis detected,
the track can be divided into the two componentobjects,
thoughherewe chooseto trackthemulti-personobjectand
�ag its identity.

Figure6: Theappearancemodelfor agroupof people.

8. Object classi�cation
For the understandingof video it is importantto label the
objectsin the scene. For the limited variety of objectsin
thetestdataprocessedhere,wehavewrittenasimplerules-
basedclassi�er. Objectsareinitially classi�ed by sizeand

shape.We classifyobjectsas:SinglePerson,Multiple Peo-
ple, Vehicle,andOther. For eachobjectwe �nd the area,
the lengthof thecontour, andthe lengthandorientationof
theprincipalaxes.We computethe`dispersedness',which
is theratio of theperimetersquaredto thearea.Dispersed-
nesshasbeenshown to be a usefulcue to distinguish2D
imageobjectsof oneor morepeoplefrom thoseof individ-
ual vehicles[9]. For each2D imageobject,we alsodeter-
minewhich principalaxis is mostnearlyverticalandcom-
putethe ratio of the more-nearlyhorizontalaxis length to
themore-nearlyverticalaxislength.This ratio, � , is usedto
distinguisha foregroundregionof asinglepersonfrom one
representingmultiple peoplesincea singleperson's image
is typically signi�cantly taller thanit is wide while a multi-
personblobgrowsin width with thenumberof visiblepeo-
ple. From theseprinciples,we have designedthe ad-hoc,
rule-basedclassi�cationshown in �gure 7. In addition,we
usetemporalconsistency to improverobustnesssoacleanly
trackedobject,which is occasionallymisclassi�ed,canuse
its classi�cationhistoryto improvetheresults.
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Figure7: Theclassi�cationrulesfor a foregroundregion. �

is thehorizontal-to-verticalprincipalaxislengthratio.

9. Ground truth generation
The tracking resultswere evaluatedby comparingthem
with groundtruth. This sectionoverviews thegroundtruth
generationprocess.A semi-automaticinteractive tool was
developedto aid the userin generatinggroundtruth. The
groundtruth marking (GTM) tool hasthe following four
major components:(i) iterative frameacquisitionandad-
vancementmechanism;(ii) automaticobjectdetection;(iii)
automaticobjecttracking;(iv) visualization;(v) re�nement.
After eachframe of video is acquired,the object detec-
tion componentautomaticallydeterminesthe foreground
objects.Theforegroundobjectsdetectedin frame � arere-
latedto thoseframe ���

�

by theobjecttrackingcomponent.
At any frame � , all the existing tracksup to frame � and
the boundingboxesdetectedin frame � are displayedby



thevisualizationcomponent.Theeditingcomponentallows
theuserto either(a) acceptthe resultsof theobjectdetec-
tion/trackingcomponents,(b) modify (insert/delete/update)
the detectedcomponents,(c) partially/totally modify (cre-
ate,associate,anddissociate)trackrelationshipsamongthe
objectsdetectedin frame � �

�

andthosein frame � . Once
theuseris satis�edwith theobjectdetection/trackingresults
at frame � , shecanproceedto thenext frame.

Generatingobject position and track ground truth for
videosequencesis avery labourintensiveprocess.In order
to alleviate the tedium of the groundtruth determination,
GTM allows for sparsegroundtruth markingmode.In this
mode,theuserneednotmarkall theframesof thevideobut
only asubsetthereof.Theintermediateobjectdetectionand
trackingresultsareinterpolatedfor theskippedframesus-
ing linearinterpolation.Therate,

�

, of framesubsamplingis
user-adaptableandcanbechangeddynamicallyfrom frame
to frame.

Thebasicpremisein visualdeterminationof theground
truth is that the humansareperfectvision machines.Al-
thoughwe refer to the visually determinedobjectposition
andtracksas“ the groundtruth”, it shouldbe emphasized
that thereis a signi�cant subjectivecomponentof human
judgmentinvolvedin theprocess.Theobjectsto betracked
in many instanceswereverysmall(e.g. few pixels)andex-
hibited poor contrastagainstthe surroundingbackground.
Whenseveralobjectscamevery closeto eachother, deter-
minationof theexactboundaryof eachobjectwasnoteasy.
Further, sincethe judgmentsaboutof the object location
werebasedonvisualobservationof asingle(current)frame,
themotioninformation(whichisasigni�cant cluefor deter-
mining theobjectboundary)wasnot availablefor marking
thegroundtruth information.Finally, limited humanability
to exertsustainedattentionto markminutedetailsframeaf-
ter frametendsto introduceerrorsin thegroundtruth data.
Becauseof the monotonousnatureof the groundtruth de-
termination,theremay be an inclination to acceptanceof
thegroundtruthproposedby the(automatic)componentof
theGTM interface.Consequently, theresultantgroundtruth
resultsmaybebiasedtowardsthealgorithmsusedin theau-
tomaticcomponentof theGTM recipe.Perhapssomeof the
subjectivenessof thegroundtruth datacanbe assessedby
juxtaposingindependentlyvisually markedtracksobtained
from different individuals and from different GTM inter-
faces. For the purposeof this study, we assumethat the
visually marked groundtruth data is predominantlyerror
free.

10. Performancemetrics
Given a groundtruth labelling of a sequence,this section
presentsthemethodusedfor comparisonof thegroundtruth
with trackingresultsto evaluatetheperformance.Theap-
proachpresentedhereis similar to theapproachpresented

by PingaliandSegen[10]. Giventwo setsof tracks,a cor-
respondencebetweenthe two setsneedsto be established
beforetheindividual trackscanbecomparedto eachother.
Let ��� bethenumberof tracksin thegroundtruth and ���

be the numberof tracksin the results. Correspondenceis
establishedby minimizing thedistancebetweenindividual
tracks. The following distancemeasureis used,evaluated
for frameswhenbothtracksexist:

���	��


�

�



�����

�

���

�

�

�

��� �

�

���������! 

�

�

�

�������

" #

�

$

�

�

�&%

#

�

'

�

�

�

(1)

#

$

�

�

�(� )+*

�

�

�

�

�

*

�

�

�

�,)

(2)
#

'

�

�

�(� )+-

�

�

�

�

�

-

�

�

�

�,)

(3)

Where �

�

�

is the numberof points in both tracks
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is the velocity of ob-
ject 1 at time

�

� . Thusthedistancebetweentwo tracksin-
creaseswith thedistancebetweenthecentroidsandthedif-
ferencein velocities.Thedistanceis inverselyproportional
to thelengthfor whichbothtracksexist — sotrackswhich
have many framesin commonwill have low distances.An

�2�43 ��� distancematrix is constructedusingthetrackdis-
tancemeasure

���

. Trackcorrespondenceis establishedby
thresholdingthismatrix. Eachtrackin thegroundtruthcan
be assignedoneor moretracksfrom the results. This ac-
commodatesfragmentedtracks. Oncethe correspondence
betweenthe groundtruth and the result tracksare estab-
lished,thefollowing errormeasuresarecomputedbetween
thecorrespondingtracks.

5 Objectcentroidpositionerror: Objectsin the ground
truth are representedasboundingboxes. The object
centroidpositionerroris approximatedby thedistance
betweenthecentroidsof theboundingboxesof ground
truth and the results. This error measureis useful in
determininghow closetheautomatictrackingis to the
actualpositionof theobject.

5 Object areaerror: Here again,the object areais ap-
proximatedby the areaof the boundingbox. The
boundingbox areawill bevery differentfrom theac-
tual object area. However, given the impracticality
of manuallyidentifying theboundaryof theobjectin
thousandsof frames,theboundingbox areaerror is a
reasonablemeasureof thequalityof thesegmentation.

5 Objectdetectionlag: This is thedifferencein timebe-
tweenwhen the groundtruth identi�ed a new object
versusthetrackingalgorithm.

5 Trackincompletenessfactor:This measureshow well
theautomatictrackcoversthegroundtruth:

687�9
%:6<;=9
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where,
6 7 9

is the falsenegative framecount,i.e. the
numberof frames that are missing from the result
track.

6<; 9

is the falsepositive framecount, i.e. the
numberof framesthatarereportedin theresultwhich
arenotpresentin thegroundtruthand




� is thenumber
framespresentin boththeresultsandthegroundtruth.

5 Trackerrorrates:Theseincludethefalsepositive rate
� ;

andthe falsenegative rate
� 7

asratiosof numbers
of tracks:

�

;4� Resultswithout correspondinggroundtruth
Total numberof groundtruth tracks

(4)

�

7 � Groundtruth withoutcorrespondingresult
Totalnumberof groundtruth tracks

(5)

5 Objecttypeerror:Thiscountsthenumberof tracksfor
whichour classi�cation(person/car)wasincorrect.

11. Experimental results
Thegoalof our effort wasto developa trackingsystemfor
handlingocclusion.Giventhis focus,wereportresultsonly
on PETStestdataset1, camera1. The currentversionof
our systemdoesnot supportcontinuousbackgroundesti-
mationandhencewedonot reportresultson theremaining
sequenceswhichhavesigni�cant lighting variations.Given
the labourintensive natureof the groundtruth generation,
wehaveonly generatedgroundtruthupto frame841.Table
1 showsthevariousperformancemetricsfor theseframes.

Of the seven correcttracks,four arecorrectlydetected,
andtheremainingthree(threepeoplewalking together)are
mergedinto a single track, thoughwe do detectthat it is
severalpeople.This accountsfor themajority of theposi-
tion error, sincethis resulttrack is comparedto eachof the
threegroundtruth tracks.No incorrecttracksaredetected,
thoughin the completesequence,� ve spuioustracksare
generatedby failuresin the backgroundsubtractionwhich
areaccumulatedinto tracks. The boundingbox areamea-
sureis asyet largelymeaninglesssincetheboundingboxes
in the resultsareonly crudeapproximationsof the object
boundingboxes,subjectto thevagariesof thebackground
subtractionand morphology. The detectionlag is small,
showing that the systemdetectsobjectsnearly asquickly
asthehumangroundtruther.

12. Summary and conclusions
We have written a computersystemcapableof tracking
moving objectsin video, suitablefor understandingmod-
eratelycomplex interactionsof peopleandvehicles,asseen
in thePETS2001datasets.Webelievethatfor thesequence
on which we have concentratedour efforts, the trackspro-
ducedareaccurate.Thetwo tier approachproposedin the

Dataset1, Camera1
Trackerror

�

;

8/7
Trackerror

� 7

2/7
Averagepositionerror 5.51
Averageareaerror -346
Averagedetectionlag 1.71
Averagetrackincompleteness 0.12
Objecttypeerror 0

Table1: PerformanceMeasuresfor Dataset1, Camera1

Figure 8: A comparisonof estimatedtracks(black) with
groundtruthpositions(white),for two trackssuperimposed
onamid-sequenceframeshowing thetwo objects.

papersuccessfullytracksthroughall the occlusionsin the
dataset.The high level boundingbox associationis suf�-
cient to handleisolatedobjecttracking. At objectinterac-

Figure9: An imageshowing all the tracksdetectedby the
systemfor dataset1, camera1, overlaid on a background
image.



tions,theappearancemodelis veryeffective in segmenting
andlocalizing the individual objectsandsuccessfullyhan-
dlestheinteractions.

To evaluatethe system,we have designedand built a
groundtruthingtool andcarriedout preliminaryevaluation
of our resultsin comparisonto the groundtruth. The at-
tempt to groundtruth the dataanduseit for performance
evaluationleadto the following insights.Themostimpor-
tantaspectof thegroundtruthis atobjectinteractions.Thus
groundtruthcanbegeneratedatvaryingresolutionsthrough
a sequence,coarseresolutionsfor isolatedobjectpathsand
high resolutionat objectinterations.Thetool we designed
allows for thisvariation.

13. Futur e work
Theimplementationof theappearancemodelsholdsmuch
scopefor future investigation. A more complex model,
for instancestoringcolourcovariancesor evenmultimodal
distributionsfor eachpixel would allow morerobustmod-
elling, but themodelsasdescribedseemto beadequatefor
the currenttask. The backgroundsubtractionalgorithmis
currently not adaptive, and so begins to fail for long se-
quenceswith varying lighting conditions. Continuousup-
dating of backgroundregions will improve its robustness
to suchsituations. The systemmust also operatein real-
time to beapplicableto real-world trackingproblems.Cur-
rently thebackgroundsubtractionworksat about9 fps and
the subsequentprocessingtakesa similar amountof time.
Without furtheroptimization,thesystemshouldrunon live
databy droppingframes,but we havenot testedthesystem
in this mode.
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