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Abstract

Thispaperdescribesa real-timecomputervisionsystemfor
tracking peoplein monocularvideosequences.Thesystem
tracks peopleas they move through the camera's �eld of
view, by a combinationof backgroundsubtractionand the
learningof appearancemodels.Theappearancemodelsal-
low objectsto betrackedthroughocclusionsusinga proba-
bilistic pixel reclassi�cationalgorithm. Thesystemis eval-
uatedon thethreetestsequencesof thePETS2002dataset,
for which trackingresultsandprocessingtimerequirements
arepresented.

1. Intr oduction
The PETS2002peopletracking databasepresentsa chal-
lenging tracking problemin the �eld of automatedvisual
surveillance.Automatedvisualsurveillancehasavarietyof
potentialapplications:

� securityandsurveillance:limiting videostorageto in-
terestingevents,andalertingguardsto exceptions

� traf�c �o w design:analysingtheuseof spacesandde-
signingbetterlayoutsfor public places,museumsand
shops

� retail spaceinstrumentation:analyzingthe shopping
habitsof consumers

� videoindexing: automaticannotationof videofor sub-
sequentretrieval

� sports video enhancement:automaticallygathering
statisticsonsportsvideo

All of thesetaskshave,to someextent,hithertobeencarried
out by people,but the labourintensityof suchjobsandthe
tedium, resulting in errors,makes them prime targetsfor
automation. In recentyearsthe reductionin costof cam-
erasandcomputerprocessingpowerhaveenabledpractical
videoprocessingin a muchwider setof applications.Con-
sequently, researchinterestin theseareashasgrown consid-
erably. In practicethough,theproblemsof trackingpeople
in video remaindif�cult. Automaticapproachesareham-
peredby thevariability of humanappearance,poorquality
images,lighting variations,occlusionsandunexpectedsit-
uations.

Thetaskfor thePETS2002workshopis to trackthemo-
tion of pedestriansin video sequencesof a shoppingmall,
andautomaticallydeterminetheir motionandactivity. The
datacanbeseenasrepresentinga typical surveillancetask,
thoughthereare a numberof particularfeaturesthat dis-
tinguishthedatafrom datathatmight beacquiredin other
surveillancesituations:thepeoplearecloseto thecamera,
subtendinga wide area;the peopleof interestaremoving
beyonda glasswindow which partially re�ects objectsbe-
hind thecamera;thepeoplebeingobservedarewalking on
a re�ective surface;thoughcolour camerasareusedthere
is little saturationin the colours;beingindoorsthereis no
noticeablechangein theambientlighting.
1.1 Previouswork

A numberof authorshave previously tackledthe problem
of trackingpeopleor objectsin video,with a varietyof dif-
ferentapplicationsin mind [1,2,6,8].

Taoet al. [9] developa dynamiclayerrepresentationin
whichrigid objects(vehicles)aretrackedthrough2D trans-
lation and rotationwith constantvelocity prediction. Be-
causeof the natureof the overheadview, this systemonly
dealswith occlusionsby �x edobjects.Objectsassmallas
10x10pixelsaredetectedby motionsegmentation.It is as-
sumedthatappearancechangesaresmall. Zhaoet al. [11]
have also describedan approachwhich usesappearance
modelsvery similar to thoseusedhere. They storea tex-
tural templateanddevelopa foregroundprobability. These
authorstrackwith a Kalman�lter , modelcastshadows ex-
plicitly andmodel the variationsin shapedue to walking
motion.

2. Tracking systemarchitecture
The systemthat we presentherefollows the designof our
previousPETSpaper[7]. Themajorcomponentsareshown
in �gure 1. Video is segmentedinto backgroundandfore-
groundregionsby a backgroundsubtractionalgorithmde-
scribedin section3. Theseregionsareassociatedinto tracks
(section4) which arere�ned usingtheappearancemodels
describedin section5. Occlusionsareresolvedusingthese
modelsasdescribedin section5.2andin section6 we pro-
posea methodof learningand dealingwith �x ed objects
which occludethe scene.Finally, in sections7 and8 we
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Figure1: A schematicview of thecomponentsof thetrack-
ing system.

presentexperimentalresultson thePETS2002datasetsand
summarizeour approachandexperiencesin theevaluation.

3. Background estimationand subtrac-
tion

Themostfundamentaloperationof thesystemis to distin-
guishobjectsof interestwhich are to be tracked from the
background.Sincethecamerais �x edandconditionsin the
sequencesare fairly stable,we rely on a backgroundsub-
tractionalgorithm.Thealgorithmusedis thatof Horprasert
etal. [3].

Brie�y , this algorithmaccumulatesimagesfor a period
that shows typical variationin the backgroundappearance
and calculatesstatisticsfor eachpixel acrossthis period.
Meanand varianceof the pixel valuesare calculatedand
thresholdsfor the noise derived from these. In addition
thesystemmodelslightnessvariationsof pixelsto account
for lighting changesgiving highlights and shadows when
a pixel is not occludedby a foregroundobject. A �nal
morphologyandconnectedcomponentsstepremovessmall
foregroundregionsand �lls small holesin biggercompo-
nents.Ultimately thealgorithmreturnstheset

�

of pixels
consideredto bepartof foregroundobjects.Thealgorithm
hasbeenmodi�ed slightly to allow thebackgroundmodelto
becreatedonsequenceswherethereareforegroundobjects.
Duringthetrainingperiodregionswhichdiffer signi�cantly
in appearancefrom thesameregionsin theinitial frameare
assumedto beforegroundobjectsandnotaddedinto thees-

timation of the backgroundstatistics.For the experiments
here,thebackgroundmodelwastrainedontrainingset2be-
tweenframes120and269whichdonotcontainany moving
objects.

On the test sequences,the backgroundsubtractionis
found to work reasonablywell. It hasa tendency to under
segment,sosmall objectsareoftenmissed,partly because
the systemhasa lower limit (300 pixels) on the smallest
connectedcomponentthatwill bereturnedasa foreground
region. On thetestdatausedhere,thereis very little colour
information,andthemovingobjectsarefrequentlyof asim-
ilar colourto thebackground,solargeregionsof theobjects
areclassi�ed asbackground.This meansthat the objects
are often fragmentedinto several connectedcomponents,
andasmallproportionof theforegroundpixelsareactually
identi�ed assuch. In sequence3 backgroundsubtraction
sometimesfails in the lower right handcorner, so we dis-
cardforegroundregionsbelow theline ���������
	��
� .

4. High-level tracking
The trackingsystemusedin this paperis an extensionof
thesystemdescribedin our previous trackingwork [7]. A
numberof extensionshavebeennecessaryto allow thesys-
temto copewith thePETS2002datasets— in particularto
copewith thepoorquality of thesegmentationinformation
comingfrom thebackgroundsubtractionalgorithmin these
conditions.

Initial tracking under simple conditionsis carried out
by boundingbox tracking. For this, in eachframe, we
form a list of theconnectedcomponentsfoundby theback-
groundsubtractionalgorithm. From precedingframeswe
have a list of tracksof objectswhich have beenseenin
recentframes,togetherwith their centroidsand a bound-
ing box for the object. The velocity of eachtrack is cal-
culatedand its centroidand boundingbox in the current
frame are predicted. Tracksare associatedwith the con-
nectedcomponentsbysearchingfor overlapin thepredicted
areasof thetrackandtheregionsoccupiedby theconnected
components.We associatea boundingbox with a track if
their boundarydistance(the shortestdistancebetweenthe
perimetersof two rectangles)is below somethreshold(typ-
ically around� vepixels).

In asimplescene,with well-separatedtracks,theassoci-
ationgivesa one-to-onemappingbetweentracksandcon-
nectedcomponents,andthe systemproceedsdirectly to a
�ner approachusinganappearancemodel,describedin sec-
tion 5.

A numberof othercasescanoccur:

� A foregroundcomponenthasno correspondingtrack:
herea new track is createdto correspondto the fore-
groundregion.
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� A track is associatedwith more thanoneforeground
region: in this casetheobjectis assumedto have been
poorlysegmentedandbothconnectedcomponentsare
treatedasforegroundregionsof theassociatedtrack.

� A track is not associatedwith any foregroundregion:
The track is assumedto have beenmissedby back-
groundsubtraction,andis keptalive. If a trackhasnot
beenobservedfor a numberof framesit is markedas
inactive,andif only observedin ahandfulof frames,it
is markedasinvalid – attributedto noise,lighting vari-
ationsor otherartefactsof thebackgroundsegmenta-
tion.

� Finally, if several tracks are associatedwith one or
moreforegroundcomponents,all theforegroundcom-
ponentsaretreatedasa singleregion andtheappear-
ancemodelsareusedto segmentthat region into sub-
regions eachassociatedwith just one of the nearby
tracks.This procedureis describedin section5.2.

Additional rulesareusedto managetracksasfollows:

� If thecentroidof a trackgoesout of the image,andit
is not associatedwith a foregroundregion, thetrackis
markedinactiveandnot consideredfurther.

� If a new track appears,but within 15 few framesis
close to anothertrack and its motion is similar, the
tracks are assumedto be different fragmentsof the
sameobject,andaremergedinto a singleobject.

� If a single track is explaining two regionswhich are
moving apartandif the separationbetweenthembe-
comeslarge, the track is assumedto be two objects
which wereinitially closetogether(suchastwo peo-
ple who enteredthe scenetogether),and the track is
split into two objectsrepresentingthetwo regions.

5. Appearancemodels
To resolvemorecomplex structuresin thetracklatticepro-
ducedby the boundingbox tracking, we useappearance-
basedmodelling. Here,for eachtrackwe build anappear-
ancemodel,showing how theobjectappearsin the image.
Theappearancemodelis anRGB colourmodelwith anas-
sociatedprobability mask. The colour model, ���������
	�� ,
shows the appearanceof eachpixel of an object, and the
probability mask, 
����
	�� , recordsthe likelihoodof the ob-
jectbeingobservedat thatpixel. For simplicity of notation,
thecoordinates	 areassumedto be in imagecoordinates,
but in practicethe appearancemodelsmodellocal regions
of theimageonly, normalizedto thecurrentcentroid,which
translatewith respectto theimagecoordinates.However, at
any timeanalignmentis known,allowing usto calculate


�

and ������� for any point 	 in the image, 
�����	�� beingzero
outsidethemodelledregion.

Whena new track is created,a rectangularappearance
model is createdwith the samesize as the boundingbox
of theforegroundregion. Themodelis initializedby copy-
ing thepixelsof thetrack's foregroundcomponentinto the
colour model. The correspondingprobabilitiesare initial-
izedto ��� � , andpixelswhichdid notcorrespondto thistrack
aregivenzeroinitial probability.

On subsequentframes,theappearancemodelis updated
by blendingin the currentforegroundregion. The colour
modelis updatedby blendingthecurrentimagepixel with
thecolourmodelfor all foregroundpixels,andall theprob-
ability maskvaluesarealsoupdatedwith thefollowing for-
mulae( � ��� � ��� ��� ):

����������	���� � �!���������
	�� ��"$#%�&� �'�&#�"(���&)*��	�� if 	(+

�

(1)


��%��	���� � �,
�����	�� ��"-#���� if 	/. +

�

(2)

�,
�����	�� ��"-#���� �'�&#0"��1� if 	2+

�

(3)

In this way, we maintaina continuouslyupdatedmodel
of the appearanceof the pixels in a foregroundregion, to-
getherwith theirobservationprobabilities.Thelattercanbe
thresholdedandtreatedasamaskto �nd theboundaryof the
object,but alsogivesinformationaboutnon-rigidvariations
in theobject,for instanceretainingobservationinformation
aboutthewholeregionsweptoutby apedestrian's legs.

Test1 fr. 570 Test2 fr. 756

Test2 fr. 1703 Test3 fr. 590

Figure2: Selectedappearancemodelsduringtesting.Each
modelis representedby two images,theleft-handbeing 
3� ,
with grey scalefrom black to white indicating the prob-
ability range[0,1]. The right hand imageshows �$�����

for thosepixelswhere 

� ¿��� � . In particular, notethe frag-

mentednatureof the models. The model for sequence2,
frame756is for two peoplewhichhavenotyetbeendistin-
guished.The probability maskshows striationswherethe
modelsareoccludedby a re�ection. Theright-handmodel
of frame570 however, shows a white patchwheresucha
re�ection, classi�ed as foregroundafter being �lled in by
morphology, is incorporatedinto theappearancemodel.

3



5.1 Appearance-basedtracking

Theappearancemodelsareusedto re�ne thetrackingof ob-
jects.Giventhelocationof anobjectpredictedby the�rst-
ordermodel,thelocationis re�ned by �nding themaximum
likelihoodlocationof the appearancemodel. The appear-
anceof theobjectis approximatedby a sphericalGaussian
colourdistribution for eachpixel. Thecolour modelgives
themeanfor eachpixel sowecancalculatethelikelihoodof
theimagedata,) , giventhemodelandaparticularlocation.

�

�
)1� 	�� � � �

�

�

�

����� ��	 ��� �&
��%��	 � ��� (4)

�

����� ��	�� � �������
	 ����
 ������������������� �������

�

�"!

� (5)

We evaluatethis likelihoodovera smallsearchregion ( #$�

pixels), and �tting a quadraticsurface, predict the loca-
tion of themaximumlikelihood.Theprocedureis repeated
aroundthatpeak,with a �ner stepsize,to ultimatelyarrive
atsub-pixel localizationof theobject.

5.2 Multi-object segmentation

Theappearancemodelsalsoprovidethekey to thesegmen-
tation of foregroundregions madeup of several objects.
Herethetaskis to labelthepixelsof theforegroundregion
accordingto whichobjectproducedthem.

At theheartof this segmentationis a probabilisticpixel
classi�cationalgorithmthatusestheappearancemodelsto
calculatethe likelihoodthata pixel in a foregroundregion
belongsto a particularobject. This is an extensionof the
classi�cationalgorithmusedin ourpreviouspaper. As with
theone-to-onecase,thealgorithm�rst beginsby predicting
the locationof the foregroundobjectswith a constantve-
locity model. Thentheobjectsarealsoalignedto thedata
usingthe maximumlikelihood�t andquadraticinterpola-
tion. This stepis complicatedby the fact that the objects
may well be overlappingand so many of the foreground
pixelscanonly beexplainedby only oneof severalmodels
thatoverlie thepixel. In recognitionof this, for objectsthat
overlappedin thepreviousframewe take advantageof the
previousdepthordering(calculatedasdescribedbelow) to
guidethe�tting andalignmentprocesses.

To �t and align the objects,we proceedin depth or-
der, �tting the front-most model �rst. After �nding its
maximum-likelihood position, pixels that appearto have
come from that model (i.e. whoselikelihoodsexceeda
threshold)aredeletedfrom the foregroundobject. Subse-
quent�tting operationsonly seekto �t deepermodelsto the
so-far-unexplainedpixels which remain. Finally, any ob-
jects for which no depthorderingis availableare�tted to
thedata.Whentherewasnooverlapin thepreviousframe,
thereis nodepthorderinginformationavailable,but theex-
tentof overlapis likely to besmall.

554 575

590 616

694 719

742 783

Figure3: Theprogressof segmentationduringtwo partsof
testsequence3, with framenumbers.

Given this alignmentof all the appearancemodels,the
algorithmcanmake a betterclassi�cation of which pixels
camefrom whichmodel.This is formulatedasa maximum
likelihoodclassi�cation,with thelikelihood�
%

��	�� of apixel
being generatedby foregroundmodel & calculatedas fol-
lows:

�'%

��	�� �

�

�����
( �
	��&
��"( �
	��&
*) + �,&&� (6)

The non-occlusionprobability 
-)�+ �,&&� is either available
from a previous frame(describedbelow), or is assumedto
beone.Choosingthetrack & with maximum


%

�
	�� givesus
anobjectlabel for thepixel. If themaximumlikelihoodis
very low or is not muchhigher thanthe likelihoodof be-
longing to anotherobject,thepixel is markedas“ambigu-
ous”andsubsequentprocessesareusedto classifyit.

While assigningthepixels in this way, a countis made
of the numberof “disputedpixels”, i.e. pixels for which
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two appearancemodelshavehighobservationprobabilities.

 �"( �
	�� . Thesepixelsareareaswhereocclusionsareoccur-
ring. For eachobjectwe record,in a row of an occlusion
matrix, how many times it occludedpixels of eachother
object. From the occlusionmatrix, we can calculatethe
non-occlusionprobabilitiesandthedepthorderingusedin
subsequentframes.

Becauseof the natureof the data,andthe approximate
natureof ourappearancemodels,therearenecessarilymis-
classi�cationsof foregroundpixels,soa numberof heuris-
ticsareemployedto `clean' thesegmentation.

First,weapplyaconnectedcomponentsalgorithmto the
segmentedobject's regions. Small holesare�lled andla-
belledasbelongingto their largestneighbourregion. Re-
gionswhich areentirelysurroundedby anothercomponent
are also assignedto the enclosingcomponent.Finally, if
two well-separatedregionsaredisputedbetweentwo fore-
groundobjects,smallareasof pixelsin oneregionassigned
to theobjectwhich `owns' theotherregion arereassigned
to the owner of the neighbouringregion instead.Figure3
shows theresultsof trackingthreepeoplethroughtwo sep-
arateocclusionsin testsequence3. Eachpersonis labelled
with a separatecolour, andthe boundingbox of eachper-
son's appearancemodelis drawn asa rectangle.It canbe
seenthatdespitethealmosttotal occlusion,the trackingis
maintained.

5.3 Background vs foreground segmentation

One disadvantage of most backgroundsubtraction ap-
proachesis that they are attemptingto solve a two-class
classi�cation problem where one class is unde�ned. A
backgroundsubtractionalgorithmmustdecideif a pixel is
backgroundor not. The background's appearancevaria-
tion canbe modelledmore-or-lesswell by observingthat
pixel over time andmakingassumptionsaboutsuchthings
as lighting variations. However, the alternative category,
`not background',cannotbewell modelleda priori , (how-
ever seee.g. Isardet al. [4] who do this). Indeed,thereis
nothingto preventanobjectof exactly thesameappearance
as the backgroundpassingin front of the observed pixel.
While we rely onbackgroundsubtractionfor our initial de-
terminationof foregroundvs background,once we have
built modelsfor the moving objectsin a scene(and for a
givenpixel, if it is unlikely for anew objectto appearthere),
thenwe canformulatethe problemasa two-classclassi�-
cationproblemdistinguishingbetweenthebackgroundand
the(oneor more)foregroundobjectsthatmightoccludethe
pixel. Thisshouldgiveamoreaccurateclassi�cationascan
beseenfrom thefollowingexample:Supposeabackground
pixel,modelledascolour ��� , is observedto havecolour ���

in a particularframe,whenwe predictthat it shouldbeoc-
cludedby a foregroundobject pixel of colour ��� . If �

�

is very similar to ��� , anddissimilar to �
� even thoughit

is similar enoughto � � to be deemedbackgroundby our
backgroundsubtractionalgorithm, it would be reasonable
to assumethatit wasin facta foregroundpixel.

Thus, after alignmentof the foregroundobjects,every
pixel in the areamodelledby any foregroundobject is re-
classi�edaccordingto themostlikely of all theoverlapping
models,including the backgroundmodel. Pixels areonly
reclassi�edwhentheprobabilisticevidenceis strong.

5.4 Systemfailur es

Themaincauseof failure in thesystemis a failure to cor-
rectly segmenta group of people. Segmentationfailures
can be divided into two main categories: (1) Under seg-
mentation. The tracking algorithm usedis unableto dis-
tinguishtwo peoplewho enterthe scenewalking together
until they separateinto two foregroundregions. Sincean
individual is of variableshape,with different partsmov-
ing relative to eachotherandthe foregroundextraction is
erratic,thereis nosalientfeaturethatdistinguishesoneper-
sonfrom two peoplewalking together. An explicit person
modelmight resolve this,but wouldprobablyrequirebetter
quality images.Thesegmentationwhentwo peopledosep-
arateshouldbe carriedout sooner. (2) Mis-segmentation.
Whentwo trackscometogetherthealgorithmfails to allo-
catethepixels to the correctmodelbecauseof similarities
in appearance,and tracking is lost, particularly when the
depth-orderingis incorrectlyestimated.When the people
doseparate,additionaltracksarecreated,sothesystemcan
endupwith morethanonetrackfor asingleperson.

6. Foreground occlusionmodelling
In section5.2 we have dealtwith theproblemof occlusion
of one tracked object by anothertracked object, but an-
otherproblemin many computervision problemsis when
a trackedobjectis occludedby a staticobject. In our situ-
ation,we have no specialmodelof thestaticobjectsin the
scene— they aresimply modelledby thebackgroundsub-
tractionalgorithm— andit is consequentlytacitly assumed
that the backgroundmodel pixels will be occludedwhen
they overlapwith thepixelsof a foregroundobject.

In both thePETS2001and2002datasets,this assump-
tion is violated—moving objectspassbehindobjectsmod-
elledby thebackgroundmodel,whetherthesebebuildings,
parkedcars,or in thePETS2002dataset,thewindow frame
or the text appearingon the window. The previously de-
scribedmodellingwill fail at theselocations,andpixelsare
quickly “forgotten”( 


� approacheszero)by theappearance
model when they are not detectedas foreground. In fact
thesepixels arebeingoccluded,which shouldnot leadto
changesin theappearancemodel.To improvethemodelling
of suchsceneswe createa foregroundocclusionmap.

In complex scenespredictingwhethera moving object
will beoccludedby thestatic“background”objectsrequires
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amodelof thedepthof themovingobjectandof everypoint
in thebackgroundmodel.Thiscanbelearntovertime,with
enoughdata[5] but for the short sequenceshereit is not
practicable.However thedatain PETS2002canbesimply
dividedinto threedepthcategories.

� Backgroundpixels: Theseare the backgroundpixels
that are occludedby moving objectsand which are
modelledby thebackgroundmodel.

� Moving objects: The tracked foreground objects
for which we createappearancemodels. They oc-
clude pixels in the backgroundbut are occludedby
foreground-occludingpixels:

� Foreground-occluding pixels: Thesepixels are static
andmodelledby thebackgroundmodel,but arenever
occluded,beingcloserto thecamerathanall themov-
ing objects.

This three-layermodel holds well for thesedata-sets,the
only exceptionbeingpeoplepassingbehindtheshopoppo-
site the camera. Thesepeopleare, however, too small to
be detectedreliably by our backgroundsubtraction,so the
exceptionis not important.

We modelthe foreground-occludingpixelswith a sepa-
rateprobabilitymap, 
 �*��	�� , which recordstheprobability
of a pixel, 	 , being in this category. The map is updated
with thefollowing equation:


 �*��	�� �

�������


 ���
	�� �	��


�
�
�



�

�
	�� �����

(7)

where � is thosetimes when pixel 	 is assignedto the
background.Thesumsareupdatedfor every frame,chang-
ing only whenan objectoverliesa given pixel. Constants
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� ��� � and ��� � � areusedto initialize the model to
give initial estimates,andto prevent the model from satu-
rating with small amountsof data. The mapis initialized
with the threetraining sequences,and then loadedbefore
operatingon the testsequences,thoughit continuesto be
updatedduringthetestsequences.

Theforegroundocclusionmodelcannow beusedin the
updatefunctionfor theappearancemodels.Theprobability
maskupdaterulenow becomes:


 �%�
	�� � � �,
 ����	�����"$#%� �&#0"��1
 �*��	���� if 	 .+

�

(8)

�,
 ����	�����"$#%� � �'�&#0"��*� if 	(+

�

(9)

(Figure 4 shows examplesof the foreground-occlusion
model during training. The occludingregions of text on
the window and the window frame, as well as the strong
re�ections on the glass,can be clearly seenin the model
ashaving high probabilityof occludingthe foregroundap-
pearancemodels.In areaswheremoving objectshavebeen
frequentlyseen,the probability is closeto zero. In less-
well travelledareas,theprobabilitiestake intermediateval-
ues,oftentoohighbecauseof earlyfailuresin trackingand

wherethe foregroundmodelprobability mask,beingtem-
porally smoothed,is only a roughguideto theappearance
of theforegroundregioncomingfrom backgroundsubtrac-
tion. Theforeground-occlusionmodelalsohighlightsareas
wherebackgroundsubtractionis proneto failure, suchas
thebandto the top-rightof the image.This is desirableas
a consistentfailureof backgroundsubtractionis equivalent
to anocclusion.

While the foreground-occlusionmodels generateddo
matchour intuition of whatshouldbelearned,andthey do
resultin appearancemodelswhich arelesserodedby pass-
ing behindforeground-occludingpixels, it was found that
usingthemled to poorertrackingperformance.Sincelarge
areasof the �eld of view are “expectedto be occluded”,
theseareasinhibit diminutionof modelobservationproba-
bilities. Thismeansthatobjectsaremistakenly trackedinto
theseareas,but thesefailuresare not penalizedasbefore
when foregroundpixels are not observed. Consequently,
this featurewasnotusedin the�nal experiments.

7. Experimental results
The systemdescribedabove wasappliedto the sequences
provided in the PETS2002persontrackingdatasets.The
MPEGvideosprovidedwereusedwithout modi�cation. A
backgroundmodel and foregroundocclusionmodel were
trainedon the training sequencesandthe former informa-
tion wasusedin therunson thetestsequences.

The PETS2002taskrequiresthe following measuresto
beevaluated,whichwe provideona frame-by-framebasis:

� Numberof peoplein thescene

� Numberof peoplein front of thewindow

� Numberof peoplelookingat thewindow

� Processortime

Timing is discussedin section7.1. Theothermeasuresare
shown plotted in �gure 5. The numberof peoplein the
sceneis just the numberof tracksactive at a given time,
thoughtheremaynot actuallybeany foregroundpixelsas-
signedto thetrackfor thecurrentframe(dueto occlusions
or failure of backgroundsubtraction). We have created
groundtruth datafor the entry andexit times for all peo-
ple,regardlessof sizeor occlusionby observingthevideos.
Thenumberof peoplevisible in thescene(or occludedby
thelettering)is plottedin thegraphsof �gure 5.

On sequenceone,resultsareessentiallycorrect,except
the failure to detectpeoplewhenthey aredistant— a per-
sonwhoentersat frame144is notdetecteduntil afterframe
300, andanotherpersonenteringat aroundframe 333, is
never detected. On sequences2&3, failures to correctly
segmentarerelatively frequentwhenthereareseveralpeo-
ple in the scene,but the graphsshows that our estimate
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Figure4: Evolution of the foreground-occlusion model 
 �*��	�� during training. (a) after119framesfrom trainingsequence
2. (b) afterall 1420framesof sequence2 (c) aftertrainingonall threetrainingsequences,prior to beingusedfor testing.

of the numberof peopleis within 1 of the correctanswer
for sequence2, andnearlyalwayswithin 2 for sequence3,
thoughafter aboutframe800 the tracking is almostcom-
pletelywrong.

Determiningif apersonwasin front of thewindow, was
carriedout with two simpleconditions:if the � coordinate
of thecentroidisbetween140and490andtheloweredgeof
theboundingbox for this ordinateis below theline joining
(110,140)with (490,50). Peopleweredeemedto be look-
ing into thewindow if their centroidspeedis below 1 pixel
perframe.For thesemeasuresin particular, sometemporal
smoothingwouldgivemoreusefulresults.

Wedid investigateusingheadposedetectionto moreac-
curatelydeterminethedirectionof gaze,with amethodsim-
ilar to thatof Wu andToyama[10], but thepersonlocation,
andthedataqualityandresolutionwerenotgoodenoughto
returnmeaningfulanswers.

Since the results are reportedon a whole sequence,
the observationcountsareactuallycalculatedafter the se-
quencehasbeenprocessed.Thispermitsasmallamountof
post-processingthatmeanstheresultscanbereportedmore
accurately. Speci�cally, trackswhichwereseento split into
two peoplecanbe retrospectively labelledasrepresenting
two people,backto the time the peopleenteredthescene.
Similarly, with trackswhich were deemedto be separate
partsof a single person,or deemedspuriouscan be cor-
rectly reportedwith this “hindsight”. The postprocessing
takesa negligible amountof CPUtime.

7.1 Processingtime

For experimentalpurposes,thebackgroundsubtractionand
thetrackingwerecarriedoutseparately, andwehaveevalu-
atedtheprocessingtimefor thetwo componentsseparately.
Figure6 showsgraphsof thetimeusedfor eachframeof the
threesequences.Theupperline in eachgraphshowstheto-
tal amountof time (in ms) usedby the system,excluding
diskaccessandsoftwaredecodingof theMPEGvideo,and
thelowerline showstheportionof this timerequiredfor the

backgroundsubtraction. All experimentswereperformed
onamachinewith asingle1.8GHzPentium4 processor.

It canbe seenthat during sequence1 the systemoper-
atesat at least10fpson the640x240imagessupplied.Per-
formanceis lower whentherearemany peoplearepresent
trackingstartsto fail. Signi�cant speed-upcanbeachieved
by down-samplingthe imagesor not processingall the
frames. In �gure 6(2) we show times for processingse-
quence2 recodedasanAVI �le athalf � resolution,(but full

� resolutioni.e. 320x240)andusingonly alternateframes.
The time for eachframe is halved and tracking works as
well. Theworst-caseperformance(7̃5ms/frame)on this se-
quenceis fasterthanreal-time(12.5fps).Furtherdownsam-
pling in resolutionor timeshouldgiveapproximatelylinear
speed-increases.

8. Summary and conclusions

Wehavedescribedasystemthattrackspeoplein video,and
is ableto track themin real time despitea numberof dif-
�cult conditionsfound in the testsetsused.Non-rigid ob-
jects,occlusions,similarly colouredobjectsandre�ections
areall handledby thetrackingsystem.

Furtherimprovementsto the algorithmscould be made
by more detailedanalysisof pixel reclassi�cationwith a
foregroundmodel,as the systemis still heavily reliant on
theresultsof thebackgroundmodelbeforethedetailedfore-
groundmodelsareconsidered.Tracking,perhapswith im-
agegradients,and incorporatingobject edgesmight also
yield improvements.Finally, it is hopedthattheforeground
occlusionmodelcanbemadeto yield betterresults,though
for mostpracticalsituationsif sucha modelis to beof use,
it will needto allow arbitrarydepths,not thesimplethree-
planemodelthatwehave implemented.For apracticalsys-
temto handlethescenariopresentedin thePETSdata,the
re�ectionscouldbeavoidedby bettercameraplacementor
polarization,andthemodellingcouldbeimprovedby larger
amountsof trainingdata.
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Figure5: Personcountsfor thethreetestsequences,in order. Thegraphsshow our ground-truthestimateof thenumberof
peoplein thescene(solid). In addition,thegraphsshow (dashed)thenumberof peoplein thescene(upperline), thenumber
consideredto bein front of thewindow (middle)andthenumberof peopleconsideredto bestoppedin front of thewindow
(lower). Thelinesaredisplacedvertically for clarity.
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Figure6: Timing resultsfor thethreetestsequences,in order. For eachframeweplot thetotalprocessingtimein milliseconds
for backgroundsubtractionandtracking,and(lower line) thetimespentonbackgroundsubtractiononly. In themiddlegraph
wealsoplot thetimesrequired(`sub') for processingalternateframesat half resolution.

Acknowledgments

The authorwould like to thankRuudBolle and the other
membersof IBM' sPeopleVisionproject:SharathPankanti,
Arun Hampapur, Lisa Brown andYing-Li Tian for theiras-
sistancethroughoutthis work; the reviewersfor many use-
ful comments;andIsmail Haritao�glu of IBM AlmadenRe-
searchfor theoriginalbackgroundsubtractioncode.

References

[1] I. Haritao�glu and M. Flickner. Detectionand tracking of
shoppinggroupsin stores.In CVPR, 2001.

[2] I. Haritao�glu, D. Harwood,andL. S.Davis. W � : Real-time
surveillanceof peopleandtheir activities. IEEE Trans.Pat-
ternAnalysisandMachineIntelligence, 22(8):809–830,Au-
gust2000.

[3] T. Horprasert,D. Harwood, andL. S. Davis. A statistical
approachfor real-timerobust backgroundsubtractionand
shadow detection.In ICCV'99Frame-RateWorkshop, 1999.

[4] M. Isard and J. MacCormick. BraMBLe: A Bayesian
multiple-blobtracker. In InternationalConf. on Computer
Vision, volume2, pages34–41,2001.
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