AppearanceModelsfor OcclusionHandling

Andrew Senior Arun HampapurYing-Li Tian, Lisa Brown, SharathPankantiandRuudBolle
aws,arunh,yltian,lisabsharat,bolle@us.ibm.com
IBM T. J. WatsonResearclCenter
POBox 704,
Yorktown Heights,NY 10598

Abstract

Objectsin the world exhibit comple interactions. When
captued in a video sequencesomeinteractions manifest
themselvess occlusions. A visual tracking systemmust
be able to track objectswhich are partially or evenfully
occluded. In this paper we presenta methodof track-
ing objectsthrough occlusionsusing appeaance models.
Thesemodelsare usedto localizeobjectsduring partial oc-
clusions,detectcompleteocclusionsand resolvedepthor-
dering of objectsduring occlusions. This paper presents
a tradking systemwhich successfullydealswith comple
real world interactions,asdemonstatedon the PETS2001
dataset.

1. Intr oduction

Realworld video sequencesapturethe comple interac-
tionsbetweerobjects(people vehicles building, trees etc.
). In video sequencesheseinteractionsresultin several
challengego thetrackingalgorithm. Distinct objectscross
pathsandcauseocclusions.A numberof objectsmay ex-
hibit similar motion, causingdif culties in sggmentation.
New objectsmay emege from existing objects(a person
getting out of a car) or existing objectsmay disappeara
persorenteringa caror exiting the scene) Maintainingap-
pearancenodelsof objectsovertime andusingthemto deal
with complex interactionsis key to a successfutracking
system.

In this papemwe presentatrackingsystemwhich usesap-
pearancenodelsto successfullyrackobjectsthroughcom-
plex realworld interactions.Section2 presents shortre-
view of relatedresearch.Section3 presentghe overall ar
chitectureof the systemandits components:background
subtractionhigh-level trackingandappearancenodelsare
discussedh sections4, 5 and6 respectiely. Section6 dis-
cussesheappearanceodels.We have developedaninter
activetool for generatinggroundtruth usingpartialtracking
resultwhichis discussedn section9. Sectionl0 discusses
our methodfor comparingautomatidrackingresultsto the
groundtruth. Sectionll1 presentgesultson the PETStest

sequencesWe summarizeour paperandpresentuture di-
rectionsin section12.

2. Relatedwork

A videoimagewill changeovertime dueto objector cam-
eramotion, illumination variation,comple< occlusion,and
othervariations.Theanalysisof appearancehangesanbe
usedto detectandtrackmoving objectsin videosequences.
Many systemshave beendevelopedfor video sureillance
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
the camerasat a high angle,looking down on the planeof
motionof the objects[3, 4].

Methodsto solve the occlusionproblemhave beenpre-
viously presentedl, 2,5,8]. Changetal. [1] and Dock-
staderet al. [2] usethe fusion of multiple camerainputs
to overcomeocclusionin multi-objecttracking. Khanand
Shah[8] presentec systemto track peoplein the presence
of occlusion. First, they sgmenteda personinto classes
of similar colourusingthe ExpectatiorMaximizationalgo-
rithm. Thenthey useda maximuma posterioriprobability
approachto tracktheseclassedrom frameto frame.

Lipton etal. [9] describea simplemethodbasedntem-
plate matchingand temporalconsisteng via object clas-
si cation and motion detection. Their methodcan deal
with partial occlusions. Templatematchingplays a simi-
lar role to appearance-basedodelsbut doesnot take into
accounthevariableappearancef theobjectdueto lighting
changesself-occlusionsandothercomplex 3-dimensional
projectioneffects.

SeveralmethodsiseKalman ltering or probabilisticap-
proachego perform robust tracking which can deal with
someinstanceof occlusion[7,12,14] Thesemethodsre-
quire estimationof prior distributionsfor modellingmotion
and appearanceTao et al. [14] usea dynamiclayer ap-
proachwhich relieson anappearancenodel. Their system
candealwith partial occlusionof passingvehiclesasseen



from above. Isardetal. [7] have built a systemfor tracking
peoplewalking by eachotherin acorridor. Eachforeground
objectis statisticallymodelledusinga generalizedylinder
objectmodeland a mixture of Gaussiansnodel basedon
intensity Rosaleset al. [12] presentan approachto de-
tect and predictocclusionby usingtemporalanalysisand
trajectoryprediction. In temporalanalysis,a map of the
previous sgmentedand processedrameis usedasa pos-
sible approximationof the currentconnectecelements.In

trajectoryprediction,anextendedkalman Iter providesan
estimateof eachobject’s positionandvelocity. Thesemeth-
odsmalke sereralassumptionsboutthe typesof objectsin

the sceneandtheir shapeandmotioncharacteristics.

The works most closely relatedto this paperarethose
of Haritaalu etal. [5] andRohetal. [11] sincethey use
appearancenodelsto handleocclusionproblem. The for-
mer combinethe gray-scaleexture appearancand shape
informationof a persontogethelin a2D dynamictemplate,
but do not suchappearancaformationin analyzingmulti-
peoplegroups. Roh et al. useanappearancenodelbased
ontemporalcolourto trackmultiple peoplein the presence
of occlusion.They usetemporakolourfeaturesvhichcom-
binecolourvalueswith associatewveights. Theweightsare
determinedby the size,duration,frequeng, andadjacenyg
of acolourobject.

3. Tracking systemarchitecture

In this paperwe describea new visualtrackingsystemde-
signedto trackindependentlynoving objectsandusingthe
outputof a corventionalvideo camera.Figure 1 shovs the
structureof thetrackingsystem.

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

The rst trackingprocessassociateforegroundregions
in consecutieframesto construchypothesizedracks.The
secondtier of trackingusesappearancenodelsto resole
ambiguitiesin thesetracksthat occur dueto objectinter-
actionsandresultin trackscorrespondingo independently
moving objects.

A nal operationlters thetracksto removetrackswhich
areinvalid artefactsof the track constructionprocessand
savesthe track information (the centroidsof the objectsat
eachtime frame)in thePETSXML le format.

In this paperwe describeresultsusingthe PETS2001
evaluationdatasetl, cameral. For reasonf speedand
storageeconomy we have chosento processhe video at
half resolution. The sytem operateson AVI video les
(Cinepakcompressedjeneratedrom thedistributedJPEG
images Naturally higheraccuraciesindreliability areto be
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Figurel: Block diagramof thetrackingsystem

expectedfrom processindhevideoat full sizeandwithout
compressiorartefcts.

4.Background estimationand subtrac-
tion

Thebackgroundubtractiorapproactpresentethereis sim-

ilar to thattaken by Horpraserietal. [6] andis anattempt
to make the backgroundsubtractionrobustto illumination

changes.The backgrounds modelledstatisticallyat each
pixel. The estimationprocessomputeghe brightnesdis-

tortion and colour distortionin RGB colour space. Each
pixel is modelledby a 4-tuple( ), where is

a vectorwith the meansof the pixel's red, green,andblue

componentgomputedover  backgroundrames; isa

vectorwith the standardleviationsof the colourvalues;

is the variation of the brightnessdistortion; and is the

variation of the chromaticitydistortion. We have alsode-

velopedan active backgroundestimationmethodthat can

dealwith moving objectsin the frame. First, we calculate
imagedifferenceoverthreeframesto detecthemoving ob-

jects. Thenthe statisticalbackgroundnodelis constructed,
excludingthesemoving objectregions.

By comparingthe differencebetweenthe background
imageandthe currentimage,a givenpixel is classi edinto
oneof four cateyories: original backgroundshadedback-
groundor shadav, highlightedbackgroundandforeground



objects.thresholdsarecalculatedautomaticallydetailscan
be foundin the original paper[6]. Finally, a morphology
stepis appliedto remove smallisolatedspotsand Il holes
in theforegroundimage. The currentalgorithmworksrea-
sonablywell indoorsandoutsidewithoutadaptingheback-
groundafterinitial estimationput we arecurrentlyadapta-
tion to thesystem.

5. High-level tracking

Theforegroundregionsof eachframearegroupednto con-
nectedcomponents.A size lter is usedto remove small

components.Eachforegroundcomponenis describecby

a boundingbox andanimagemask,which indicatesthose
pixelsin the boundingbox that belongto the foreground.
For eachsuccessie frame, the correspondencprocessat-

temptsto associateéhe foregroundregionswith one of the
existing tracks. This is achieved by constructinga distance
matrixshowving thedistancébetweereachof theforeground
regionsandall the currentlyactive tracks.We usea bound-
ing box distancemeasue, asshavn in gure 2. Thedis-

tancebetweerboundingboxes and (gure 2,left) isthe

lowerof thedistancdromthecentroid, ,of totheclos-
estpointon or fromthecentroid, ,of totheclosest
pointon . In eithercentroidlies within theotherbounding
box ( gure 2,right), thedistances zero. Themotivationfor

usingthe boundingbox distanceas opposedo Euclidean
distancebetweerthe centroidsis the large jump in the Eu-

clideandistancewhentwo boundingboxes(objects)meige
or split. A time distancebetweenthe obsenationsis also
addedin to penalizetracksfor which no evidencehasbeen
seerfor sometime.

Figure2: Boundingbox distancemeasure

The distancematrix is thenbinarized,by thresholding,
resultingin acorrespondenamatrix associatingrackswith
foregroundregions. Theanalysisof thecorrespondenama-
trix producedour possibleresultsasshavnin gure 1: ex-
isting object,new object,mergedetectecandsplit detected.

For well-separatednoving objects,the correspondence
matrix (rows correspondo existing tracksand columnsto
foregroundregionsin the currentsegmentation)will have
atmostonenon-zercelementn eachrow or column— as-
sociatingeachtrack with one foregroundregion and each
foregroundregion with one track, respectiely. Columns
with all zero elementsrepresennew objectsin the scene

which are not associatedvith ary track, andresultin the
creationof a new track. Rows with all zeroelementsepre-
senttracksthatareno longervisible (becausehey left the
sceneor weregeneratedecausef artefactsof the back-
groundsubtraction).

In the caseof merging objects,two or moretrackswill
correspondo oneforegroundregion, i.e. a columnin the
correspondencenatrix 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 arow of the correspondence
matrix. Whena singletrack correspondso morethanone
boundingbox, all those boundingboxes are meiged to-
gether andprocessingproceeds.If two objectstracked as
onedo separatethe partscontinueto betracked asoneun-
til they separatesufciently that both boundingboxesdo
not correspondo thetrack,andanew trackis created.

Onceatrackis createdanappearancenodelof the ob-
jectis initialized. This appearancenodelis adaptedevery
time the sameobjectis trackedinto the next frame. Onthe
detectiorof objectmergesandsplits,theappearancemodel
is usedto resohe the ambiguity A detaileddiscussiorof
the appearancenodelandits applicationto occlusionhan-
dling is presentedn thefollowing section.

6. Appearance-basedracking

To resohe morecomple structuresn thetracklattice pro-
ducedby the boundingbox tracking, we use appearance-
basedmodelling. Here,for eachtrack we build anappear
ancemodel,shaving how the objectappearsn theimage.
Theappearancmodelis anRGB colourmodelwith aprob-
ability masksimilarto thatusedby Haritagylu etal. [5]. As
the track is constructedthe foreground pixels associated
with it areaddedinto the appearancenodel. The new in-
formationis blendedin with an updatefraction (typically
0.05) so that new informationis addedslownly andold in-
formationis graduallyforgotten. This allows the modelto
accommodat¢o gradualchangessuchasscaleandorien-
tation changesput retain someinformationaboutthe ap-
pearancef pixelsthatappeaintermittently asin the legs
or armsof a moving person. The probability maskpartis
alsoupdatedo re ect theobsenationprobabilityof agiven
pixel. Figure3 shavs theappearancenodelfor avanfrom
the PETSdataat several differentframes.

Theseappearancenodelsareusedto solve a numberof
problemsjncludingimprovedlocalizationduringtracking,
trackcorrespondencandocclusionresolution.

Given a one-to-onetrack-to-forggroundregion corre-
spondenceye usethe appearancenodel to provide im-
provedlocalizationof the tracked object. The background
subtractioris necessarilyoisy, andtheadditionallayersof
morphologyincreasehenoisein thelocalizationof the ob-
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Figure 3: The evolution of an appearancenodel. In each
gure, the upperimage shavs the appearancdor pixels
whereobsenationprobabilityis greatethan0.5. Thelower
shavsthe probabilitymaskasgrey levels,with white being
1.) Theframenumbersatwhich theseimagesrepresenthe
modelsaregiven,showving the progressie accommodation
of themodelto slow changesn scaleandorientation.

jects, by addingsomebackgroundpixels to a foreground
region, and removing extremities. The appearancenodel
however, hasanaccumulatiorof informationaboutthe ap-
pearanceof the pixels of an objectand can be correlated
with theimageto give a moreaccurateestimateof the cen-
troid of the object. The accumulatecuclideanRGB dis-
tanceis minimizedover a smallsearchregion andthe point
with the lowestdistancetaken asthe object's location. The
processcould be carriedout to sub-pidel accurag, but the
pixel level is sufcient for ourtracking.

Whentwo tracksmemeinto a singleforegroundregion,
we usethe appearancenodelsfor thetracksto estimatethe
separat@bjects'locationsandtheir depthordering.

This is doneby the following operationsijllustratedin

gures 4&5:

1. Usinga rst-order model,the centroidlocationsof the
objectsarepredicted.

2. For a new meme, with no estimateof the depth-
ordering,eachobjectis correlatedwith the imagein
the predictedposition,to nd thelocationof best- t.

3. Given this best- t location, the “disputed' pixels —
thosewhich have non-zeroprobabilitiesin morethan
oneof theappearancenodelprobabilitymasks— are
classi ed usinga maximumlikelihood classi er with
a simplesphericalGaussiarRGB model,determining
which modelwasmostlikely to have producedhem.
Figures4c & 5c shaw the resultsof suchclassi ca-
tions.

4. Objectsare orderedso that thosewhich are assigned
fewer disputedpixels are given greaterdepth. Those
with few visible pixelsaremarkedasoccluded.

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

Figure4: An occlusionresolution(Frame921 of datasetl,
cameral). (a) shows threeappearancenodelsfor tracks
corvergingin asingleregion. (b) shavs the pixels of a sin-
gle foregroundregion, classi edindependentlyasto which
of themodelsthey belongto. (d,e,f)shav the pixels 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 the objectcentroids.

Onsubsequerftamesthelocalizationstepis carriedout
in depthorder, with the foremostobjectsbeing tted rst,
and pixels which matchtheir appearancenodel beingig-
noredin the localizationof “deeper'objects,as they are
consideredccluded. After the localizationand occlusion
resolution the appearancenodelfor eachtrackis updated
usingonly thosepixelsassignedo thattrack.

Becauseof failuresin the backgroundsubtraction par
ticularly in thepresencef lighting variation,somespurious
foregroundregions are generatedwhich resultin tracks.
However mostoof theseare Itered out with rulesdetect-
ing their shortlife or thefactthattheappearancmodelcre-
atedin oneframefailsto explain the ‘foreground'pixelsin
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Figure5: An occlusionresolution(Frame825 of datasetl,
cameral). (a) appearancenodels. (b) independentlyclas-
si ed foregroundregion pixels asto which of the models
they belongto. (d,e)the pixelsallocatedto eachtrack,and
(c) theregionsoverlaidon the original frame.

subsequerframes.An additionalrule is usedto pruneout
trackswhich donotmove. Theseareconsideredo bestatic
objectswhoseappearancearies,suchasmoving treesand
re ectionsof sky.

7. Multi-object segmentation

The appearancenodelscanalsobe usedto split complex
objects.While thebackgroundubtractionyieldscomple,
noisyforegroundregions,theblendingproces®f themodel
updateallows ner structurein objectsto beobsened. The
principalway in which this structureis usedin the current
systemis to look for objectswhich are actually groupsof
people. Thesecanbe detectedn the representatiofif the
peopleare walking sufciently far apartthat background
pixelsarevisible betweerthem. Theseareevidencedn the
probabilitymask,andcanbedetectedy observinghever
tical projectionof theprobabilitymask.We look for minima
in this projectionwhich aresufciently low anddivide suf-
ciently high maxima.Whensucha minimumis detected,
the track can be divided into the two componenibjects,
thoughherewe chooseo trackthe multi-personobjectand
ag its identity.

~
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Figure6: Theappearancenodelfor agroupof people.

8. Object classi cation

For the understandingf video it is importantto label the
objectsin the scene. For the limited variety of objectsin
thetestdataprocessetiere we have written asimplerules-
basedclassi er. Objectsareinitially classi ed by sizeand

shapeWe classifyobjectsas: SinglePersonMultiple Peo-
ple, Vehicle,and Other For eachobjectwe nd thearea,
the lengthof the contour andthe lengthandorientationof
the principal axes. We computethe “dispersednessiyvhich
is theratio of the perimetersquaredo thearea.Dispersed-
nesshasbeenshavn to be a useful cueto distinguish2D
imageobjectsof oneor morepeoplefrom thoseof individ-
ual vehicles[9]. For each2D imageobject,we alsodeter
minewhich principal axisis mostnearlyverticalandcom-
putethe ratio of the more-nearlyhorizontalaxis lengthto
themore-nearlyerticalaxislength. Thisratio, , is usedto
distinguisha foregroundregion of a singlepersorfrom one
representingnultiple peoplesincea single persons image
is typically signi cantly tallerthanit is wide while a multi-
persorblob growsin width with thenumberof visible peo-
ple. Fromtheseprinciples,we have designedhe ad-hoc,
rule-basedtlassi cationshavn in gure 7. In addition,we
usetemporalkonsisteng to improverobustnessoacleanly
tracked object,whichis occasionallymisclassi ed,canuse
its classi cationhistoryto improve theresults.

A r>0.65
>0.8 People
People People
r< 0.65
" 1<0.8 Person
@ Person
s r>0.75
3 People
g r< 0.75
-g Person Vehicle
Vehicle
Vehicle
Area 3

Figure7: Theclassi cationrulesfor aforegroundregion.
is the horizontal-to-erticalprincipal axislengthratio.

9. Ground truth generation

The tracking results were evaluatedby comparingthem
with groundtruth. This sectionoverviews the groundtruth
generatiorprocess.A semi-automatiénteractive tool was
developedto aid the userin generatinggroundtruth. The
groundtruth marking (GTM) tool hasthe following four
major components:(i) iterative frame acquisitionand ad-
vancemenimechanism(ii) automaticobjectdetection(iii)

automatimbjecttracking;(iv) visualization;(v) re nement.
After eachframe of video is acquired,the object detec-
tion componentautomaticallydeterminesthe foreground
objects.Theforegroundobjectsdetectedn frame arere-
latedto thoseframe by theobjecttrackingcomponent.
At ary frame , all the existing tracksup to frame and
the boundingboxes detectedn frame are displayedby



thevisualizationcomponentTheeditingcomponenallows
the userto either(a) acceptthe resultsof the objectdetec-

tion/trackingcomponents(b) modify (insert/delete/update)

the detectedcomponents(c) partially/totally modify (cre-
ate,associateanddissociatejrackrelationshipamongthe
objectsdetectedn frame andthosein frame . Once
theuseris satis edwith theobjectdetection/trackingesults
atframe , shecanproceedo thenext frame.

Generatingobject position and track ground truth for
videosequencess avery labourintensive processlin order
to alleviate the tedium of the groundtruth determination,
GTM allows for spaisegroundtruth markingmode.In this
mode theusereednotmarkall theframesof thevideobut
only asubsethereof. Theintermediatebjectdetectiorand
trackingresultsareinterpolatedfor the skippedframesus-
ing linearinterpolation.Therate, , of framesubsamplings
useradaptableandcanbechangedlynamicallyfrom frame
to frame.

The basicpremisein visualdeterminatiorof theground
truth is that the humansare perfectvision machines. Al-
thoughwe referto the visually determinedbject position
andtracksas“the groundtruth”, it shouldbe emphasized
that thereis a signi cant subjectivecomponentof human
judgmentinvolvedin the processTheobjectsto betracked
in mary instancesverevery small(e.g. few pixels)andex-
hibited poor contrastagainstthe surroundingbackground.
Whenseveral objectscamevery closeto eachother, deter
minationof the exactboundaryof eachobjectwasnoteasy
Further sincethe judgmentsaboutof the objectlocation
werebasednvisualobsenationof asingle(current)frame,
themotioninformation(whichis asigni cant cluefor deter
mining the objectboundary)wasnot availablefor marking
thegroundtruthinformation. Finally, limited humanability
to exert sustainedttentionto markminutedetailsframeaf-
ter frametendsto introduceerrorsin the groundtruth data.
Becauseof the monotonousatureof the groundtruth de-
termination,theremay be an inclination to acceptancef
thegroundtruth proposedy the (automaticlcomponentbf
theGTM interface.Consequentlytheresultangroundtruth
resultsmaybebiasedowardsthealgorithmsusedin theau-
tomaticcomponenof the GTM recipe.Perhapsomeof the
subjectvenesof the groundtruth datacanbe assessebly
juxtaposingindependentlyisually markedtracksobtained
from differentindividuals and from different GTM inter-
faces. For the purposeof this study we assumethat the
visually marked groundtruth datais predominantlyerror
free.

10. Performance metrics

Given a groundtruth labelling of a sequencethis section
presentshemethodusedfor comparisorof thegroundtruth
with trackingresultsto evaluatethe performance.The ap-
proachpresentedereis similar to the approachpresented

by PingaliandSegen[10]. Giventwo setsof tracks,a cor-
respondencéetweenthe two setsneedsto be established
beforetheindividual trackscanbe comparedo eachother
Let  bethenumberof tracksin the groundtruth and

be the numberof tracksin the results. Correspondencis
establishedy minimizing the distancebetweerindividual
tracks. The following distancemeasurds used,evaluated
for frameswhenbothtracksexist:

— 1)

)

®3)

Where is the numberof pointsin bothtracks  and
, is the centroidand is the velocity of ob-
ject attime . Thusthedistancebetweentwo tracksin-

creasesvith the distancebetweerthe centroidsandthe dif-
ferencein velocities. The distancds inverselyproportional
to thelengthfor which bothtracksexist — sotrackswhich
have mary framesin commonwill have low distancesAn

distancematrix is constructedisingthetrackdis-
tancemeasure . Trackcorrespondencis establishedby
thresholdinghis matrix. Eachtrackin thegroundtruth can
be assignedne or moretracksfrom the results. This ac-
commodatesragmentedracks. Oncethe correspondence
betweenthe groundtruth and the resulttracks are estab-
lished,thefollowing errormeasuregarecomputedetween
the correspondingracks.

Objectcentroidpositionerror: Objectsin the ground
truth are representeds boundingboxes. The object
centroidpositionerroris approximatedy thedistance
betweerthecentroidsof theboundingboxesof ground
truth and the results. This error measurds usefulin

determininghow closethe automatidrackingis to the
actualpositionof the object.

Objectareaerror: Here again,the objectareais ap-
proximatedby the areaof the boundingbox. The
boundingbox areawill be very differentfrom the ac-
tual object area. However, given the impracticality
of manuallyidentifying the boundaryof the objectin

thousand®f frames,the boundingbox areaerroris a
reasonableneasuref thequality of the segmentation.

Objectdetectionlag: Thisis the differencen time be-
tweenwhenthe groundtruth identi ed a new object
versughetrackingalgorithm.

Trackincompletenestactor: This measuresiow well
theautomatidrack coversthe groundtruth:



where, is the falsenegative framecount,i.e. the
numberof framesthat are missing from the result
track. is the false positive frame count,i.e. the
numberof framesthatarereportedin the resultwhich
arenotpresentn thegroundtruthand isthenumber
framespresenin boththeresultsandthegroundtruth.

Trackerrorrates:Theseincludethefalsepositive rate
andthefalsenegativerate  asratiosof numbers
of tracks:

Resultswithout correspondingroundtruth
{4)
Total numberof groundtruth tracks
Groundtruth without correspondingesult
Total numberof groundtruth tracks

®)

Objecttypeerror: This countsthe numberof tracksfor
whichour classi cation(person/carjvasincorrect.

11. Experimental results

Thegoalof our effort wasto developatrackingsystemfor
handlingocclusion.Giventhisfocus,we reportresultsonly
on PETStestdatasetl, cameral. The currentversionof
our systemdoesnot supportcontinuousbackgroundesti-
mationandhencewe do notreportresultson theremaining
sequencewhich have signi cant lighting variations.Given
the labourintensive natureof the groundtruth generation,
we have only generatedroundtruth upto frame841. Table
1 shavsthevariousperformancametricsfor theseframes.

Of the seven correcttracks,four are correctly detected,
andtheremainingthree(threepeoplewalking together)are
mergedinto a single track, thoughwe do detectthat it is
several people. This accountdor the majority of the posi-
tion error, sincethis resulttrackis comparedo eachof the
threegroundtruth tracks. No incorrecttracksaredetected,
thoughin the completesequence, ve spuioustracksare
generatedy failuresin the backgroundsubtractionwhich
areaccumulatednto tracks. The boundingbox areamea-
sureis asyetlargely meaninglessincetheboundingboxes
in the resultsare only crudeapproximationof the object
boundingboxes,subjectto the vagariesof the background
subtractionand morphology The detectionlag is small,
shaving that the systemdetectsobjectsnearly as quickly
asthe humangroundtruthet

12. Summary and conclusions

We have written a computersystemcapableof tracking
moving objectsin video, suitablefor understandingnod-
eratelycomple interactionof peopleandvehiclesasseen
in thePETS2001datasets.We believethatfor thesequence
on which we have concentrateaur efforts, the trackspro-
ducedareaccurate.The two tier approactproposedn the

Datasetl, Cameral

Trackerror 8/7
Trackerror 217
Averagepositionerror 5.51
Averageareaerror -346
Averagedetectionag 1.71
Averagetrackincompleteness 0.12
Objecttypeerror 0

Tablel: PerformancéMeasuredor Datasetl, Cameral

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

papersuccessfullytracksthroughall the occlusionsin the
dataset. The high level boundingbox associations suf-
cientto handleisolatedobjecttracking. At objectinterac-

Figure9: An imageshawing all the tracksdetectecby the

systemfor datasetl, cameral, overlaid on a background

image.



tions,theappearancenodelis very effective in segmenting
andlocalizing the individual objectsand successfullyhan-
dlestheinteractions.

To evaluatethe system,we have designedand built a
groundtruthingtool andcarriedout preliminaryevaluation
of our resultsin comparisonto the groundtruth. The at-
temptto groundtruth the dataand useit for performance
evaluationleadto the following insights. The mostimpor-
tantaspecbf thegroundtruthis atobjectinteractions.Thus
groundtruthcanbegenerate@tvaryingresolutionghrough
asequencegoarseresolutiondor isolatedobjectpathsand
high resolutionat objectinterations.The tool we designed
allows for this variation.

13. Futur e work

The implementatiorof the appearancenodelsholdsmuch
scopefor future investigation. A more comple< model,
for instancestoringcolour covariancesor evenmultimodal
distributionsfor eachpixel would allow morerobust mod-
elling, but the modelsasdescribedseemto be adequatédor
the currenttask. The backgroundsubtractionalgorithmis
currently not adaptve, and so begins to fail for long se-
guenceswith varying lighting conditions. Continuousup-
dating of backgroundregionswill improve its robustness
to suchsituations. The systemmustalso operatein real-
timeto beapplicableto real-world trackingproblems.Cur-
rently the backgroundsubtractionworks at about9 fps and
the subsequenprocessingakesa similar amountof time.
Without furtheroptimization,the systemshouldrun onlive
databy droppingframes but we have not testedthe system
in thismode.
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