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Abstract

Thispaperdescribes real-timecomputewisionsystenfor
tracking peoplein monocularvideosequencesThesystem
tracks peopleas they move through the camea's eld of
view, by a combinationof badkgroundsubtaction and the
learningof appeaancemodels. Theappeaancemodelsal-
low objectsto betradkedthroughocclusionsusinga proba-
bilistic pixel reclassi cationalgorithm. Thesystenis eval-
uatedon thethreetestsequencesfthe PETS2002dataset,
for which tracking resultsandprocessindimerequirements
are presented.

1. Intr oduction

The PETS2002peopletracking databasepresentsa chal-
lenging tracking problemin the eld of automatedvisual
suneillance.Automatedvisualsuneillancehasavariety of
potentialapplications:

securityandsurnwillance:limiting videostorageto in-
terestingevents,andalertingguardsto exceptions
trafc o w design:analysingheuseof spaceandde-
signingbetterlayoutsfor public placesmuseumsand
shops

retail spaceinstrumentation:analyzingthe shopping
habitsof consumers

videoindexing: automaticannotatiorof videofor sub-
sequentetrieval

sports video enhancement:automatically gathering
statisticson sportsvideo

All of thesetaskshave, to someextent, hithertobeencarried
out by people but the labourintensityof suchjobsandthe
tedium, resultingin errors, makes them prime targetsfor
automation. In recentyearsthe reductionin costof cam-
erasandcomputemrocessingpower have enabledoractical
videoprocessingn a muchwider setof applications.Con-
sequentlyresearclinterestin theseareagasgrown consid-
erably In practicethough,the problemsof trackingpeople
in video remaindif cult. Automaticapproachesre ham-
peredby the variability of humanappearancegoor quality
images lighting variations,occlusionsand unexpectedsit-
uations.

Thetaskfor the PETS2002vorkshopis to trackthe mo-
tion of pedestrianén video sequencesf a shoppingmall,
andautomaticallydeterminetheir motionandactuvity. The
datacanbe seenasrepresenting typical suneillancetask,
thoughthereare a numberof particularfeaturesthat dis-
tinguishthe datafrom datathat might be acquiredin other
suneillancesituations:the peoplearecloseto the camera,
subtendinga wide area;the peopleof interestare moving
beyond a glasswindow which partially re ects objectsbe-
hind the camerathe peoplebeingobseredarewalking on
are ective surface;thoughcolour camerasare usedthere
is little saturationin the colours;beingindoorsthereis no
noticeablechangean theambientighting.

1.1 Previouswork

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

Taoetal. [9] developadynamiclayerrepresentatioim
whichrigid objects(vehicles)aretrackedthrough2D trans-
lation and rotationwith constantvelocity prediction. Be-
causeof the natureof the overheadview, this systemonly
dealswith occlusionshy x edobjects.Objectsassmallas
10x10pixelsaredetectedy motion sggmentation It is as-
sumedthatappearancehangesresmall. Zhaoetal. [11]
have also describedan approachwhich usesappearance
modelsvery similar to thoseusedhere. They storea tex-
tural templateanddevelop a foregroundprobability. These
authorstrackwith a Kalman Iter , modelcastshadavs ex-
plicitly and modelthe variationsin shapedueto walking
motion.

2. Tracking systemarchitecture

The systemthat we presentherefollows the designof our
previousPETSpaper7]. Themajorcomponentareshovn
in gure 1. Videois sggmentednto backgroundandfore-
groundregionsby a backgroundsubtractionalgorithmde-
scribedn section3. Theseregionsareassociatedhto tracks
(section4) which arere ned usingthe appearancenodels
describedn section5. Occlusionsareresohedusingthese
modelsasdescribedn section5.2 andin section6 we pro-
posea methodof learningand dealingwith x ed objects
which occludethe scene. Finally, in sections7 and 8 we
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Figurel: A schematiziew of thecomponentsf thetrack-
ing system.

presenexperimentakesultson the PETS200atasetsind
summarizeour approachandexperiencesn the evaluation.

3. Background estimationand subtrac-
tion

The mostfundamentabperationof the systemis to distin-
guish objectsof interestwhich areto be tracked from the
backgroundSincethecamerds x edandconditionsin the
sequencearefairly stable,we rely on a backgroundsub-
tractionalgorithm. Thealgorithmusedis thatof Horprasert
etal. [3].

Brie y, this algorithmaccumulatesmagesfor a period
that shows typical variationin the backgroundappearance
and calculatesstatisticsfor eachpixel acrossthis period.
Mean and varianceof the pixel valuesare calculatedand
thresholdsfor the noise derived from these. In addition
the systemmodelslightnessvariationsof pixelsto account
for lighting changeggiving highlights and shadavs when
a pixel is not occludedby a foreground object. A nal
morphologyandconnectedomponentstepremovessmall
foregroundregionsand lls small holesin biggercompo-
nents. Ultimately the algorithmreturnsthe set  of pixels
consideredo be partof foregroundobjects. The algorithm
hasbeemmodi ed slightly to allow thebackgroundnodelto
becreatedn sequencewherethereareforegroundobjects.
Duringthetrainingperiodregionswhich differ signi cantly
in appearanc&om the sameregionsin theinitial frameare
assumedo beforegroundobjectsandnotaddednto thees-

timation of the backgroundstatistics. For the experiments
here thebackgroundnodelwastrainedontrainingset2 be-
tweenframesl20and269which donotcontainany moving
objects.

On the test sequencesthe backgroundsubtractionis
foundto work reasonablywell. It hasatendeng to under
segment,so small objectsare often missed partly because
the systemhasa lower limit (300 pixels) on the smallest
connecteccomponenthatwill bereturnedasa foreground
region. Onthetestdatausedhere thereis verylittle colour
information,andthemoving objectsarefrequentlyof asim-
ilar colourto thebackgroundsolargeregionsof theobjects
are classi ed as background. This meansthat the objects
are often fragmentedinto several connectedcomponents,
andasmallproportionof the foregroundpixelsareactually
identi ed assuch. In sequence backgroundsubtraction
sometimedails in the lower right handcorner so we dis-
cardforegroundregionsbelow theline

4. High-level tracking

The tracking systemusedin this paperis an extensionof

the systemdescribedn our previoustrackingwork [7]. A

numberof extensionshave beennecessaryo allow thesys-
temto copewith the PETS2002datasets— in particularto

copewith the poor quality of the segmentatiorinformation
comingfrom the backgroundubtractioralgorithmin these
conditions.

Initial tracking under simple conditionsis carried out
by boundingbox tracking. For this, in eachframe, we
form alist of theconnectedomponentsoundby theback-
groundsubtractionalgorithm. From precedingframeswe
have a list of tracks of objectswhich have beenseenin
recentframes,togetherwith their centroidsand a bound-
ing box for the object. The velocity of eachtrackis cal-
culatedand its centroid and boundingbox in the current
frame are predicted. Tracksare associatedvith the con-
necteccomponentdy searchindgor overlapin thepredicted
area®f thetrackandtheregionsoccupiedby theconnected
components.We associate boundingbox with a track if
their boundarydistance(the shortestdistancebetweenthe
perimeterf two rectangles)s belov somethreshold(typ-
ically around ve pixels).

In asimplescenewith well-separatedracks,theassoci-
ation givesa one-to-onemappingbetweertracksandcon-
nectedcomponentsand the systemproceeddirectly to a
ner approachusinganappearancmodel,describedn sec-
tion 5.

A numberof othercasesanoccur:

A foregroundcomponentasno correspondingrack:
herea new trackis createdto correspondo the fore-
groundregion.



A trackis associatedvith more than oneforeground
region: in this casethe objectis assumedo have been
poorly segmentedandbothconnectedomponentsire
treatedasforegroundregionsof the associatedrack.
A trackis not associateavith any foregroundregion:
The track is assumedo have beenmissedby back-
groundsubtractionandis keptalive. If atrackhasnot
beenobsenedfor a numberof framesit is marked as
inactive,andif only obsenedin ahandfulof framesit
is markedasinvalid — attributedto noise lighting vari-
ationsor otherartefactsof the backgroundsegmenta-
tion.

Finally, if several tracks are associatedvith one or
moreforegroundcomponentsall theforegroundcom-
ponentsaretreatedasa singleregion andthe appear
ancemodelsareusedto segmentthatregion into sub-
regions eachassociatedvith just one of the nearby
tracks.This procedurds describedn section5.2.

Additional rulesareusedto managedracksasfollows:

If the centroidof atrack goesout of theimage,andit

is not associateavith aforegroundregion, thetrackis

markedinactive andnot consideredurther.

If a new track appearsput within 15 few framesis

closeto anothertrack and its motion is similar, the
tracks are assumedo be different fragmentsof the
sameobject,andaremermgedinto a singleobject.

If a singletrackis explaining two regionswhich are
moving apartandif the separatiorbetweenthem be-
comeslarge, the track is assumedo be two objects
which wereinitially closetogether(suchastwo peo-
ple who enteredthe scenetogether),andthe track is

split into two objectsrepresentinghetwo regions.

5. Appearancemodels

To resolve morecomplex structuresn thetracklattice pro-
ducedby the boundingbox tracking, we useappearance-
basedmodelling. Here, for eachtrack we build anappear
ancemodel,shaving how the objectappearsn theimage.
Theappearanceodelis anRGB colourmodelwith anas-
sociatedprobability mask. The colour model, ,
shaws the appearancef eachpixel of an object, andthe
probability mask, , recordsthe likelihood of the ob-
jectbeingobsenredatthatpixel. For simplicity of notation,
the coordinates areassumedo be in imagecoordinates,
but in practicethe appearancenodelsmodellocal regions
of theimageonly, normalizedo the currentcentroid,which
translatewith respecto theimagecoordinatesHowever, at
ary time analignments known, allowing usto calculate
and for arny point in theimage, beingzero
outsidethemodelledregion.

Whena new track is created,a rectangulaappearance
modelis createdwith the samesize asthe boundingbox
of theforegroundregion. The modelis initialized by copy-
ing the pixelsof thetrack's foregroundcomponentinto the
colour model. The correspondingrobabilitiesareinitial-
izedto , andpixelswhichdid notcorrespondo thistrack
aregivenzeroinitial probability.

On subsequerframes the appearancenodelis updated
by blendingin the currentforegroundregion. The colour
modelis updatedby blendingthe currentimagepixel with
thecolourmodelfor all foregroundpixels,andall the prob-
ability maskvaluesarealsoupdatedwith thefollowing for-
mulae( ):

it (1)
if @)
if (3)

In this way, we maintaina continuouslyupdatedmodel
of the appearancef the pixelsin a foregroundregion, to-
gethemwith theirobsenationprobabilities.Thelattercanbe
thresholde@dndtreatecasamaskto nd theboundaryof the
object,but alsogivesinformationaboutnon-rigidvariations
in the object,for instanceetainingobsenationinformation
aboutthewholeregion sweptout by apedestriars legs.

|

Testl fr. 570 Test2 fr. 756

Test2 fr. 1703 Test3 fr. 590

Figure2: Selectecappearancenodelsduringtesting.Each
modelis representetly two imagestheleft-handbeing
with grey scalefrom black to white indicating the prob-
ability range[0,1]. The right handimage shavs

for thosepixelswhere ¢ . In particular notethe frag-
mentednatureof the models. The modelfor sequence,
frame756is for two peoplewhich have notyet beendistin-
guished. The probability maskshaws striationswherethe
modelsareoccludedby are ection. Theright-handmodel
of frame 570 however, shavs a white patchwheresucha
re ection, classi ed asforegroundafter being lled in by
morphologyis incorporatednto the appearancenodel.



5.1 Appearance-basedracking

Theappearancmodelsareusedo re ne thetrackingof ob-
jects. Giventhelocationof anobjectpredictedby the rst-

ordermodelthelocationis re ned by nding themaximum
likelihoodlocation of the appearancenodel. The appear

anceof the objectis approximatedy a sphericalGaussian

colourdistribution for eachpixel. The colour modelgives
themeanfor eachpixel sowe cancalculatehelik elihoodof
theimagedata, , giventhemodelandaparticularlocation.

(4)
) ®)

We evaluatethis likelihoodover a small searche%ion (
pixels), and tting a quadraticsurface, predict the loca-

tion of the maximumlik elihood. The procedures repeated

aroundthatpeak,with a ner stepsize,to ultimatelyarrive
at sub-pixel localizationof the object.

5.2 Multi-object segmentation

Theappearancmodelsalsoprovide thekey to thesggmen-
tation of foregroundregions madeup of several objects.
Herethetaskis to labelthe pixels of the foregroundregion
accordingo which objectproducedhem.

At the heartof this segmentatioris a probabilisticpixel
classi cationalgorithmthatusesthe appearancenodelsto
calculatethe likelihoodthat a pixel in a foregroundregion
belongsto a particularobject. This is an extensionof the
classi cationalgorithmusedin our previouspaper As with
theone-to-onecasethealgorithm rst beginsby predicting
the location of the foregroundobjectswith a constantve-
locity model. Thenthe objectsarealsoalignedto the data
usingthe maximumlikelihood t and quadraticinterpola-
tion. This stepis complicatedby the fact that the objects
may well be overlappingand so mary of the foreground
pixelscanonly be explainedby only oneof severalmodels
thatoverliethe pixel. In recognitionof this, for objectsthat
overlappedn the previousframewe take advantageof the
previous depthordering(calculatedasdescribedbelow) to
guidethe tting andalignmentprocesses.

To t and align the objects,we proceedin depth or-
der, tting the front-mostmodel rst. After nding its
maximum-likelihood position, pixels that appearto have
come from that model (i.e. whoselikelihoodsexceeda
threshold)are deletedfrom the foregroundobject. Subse-
guenttting operation®nly seekio t deepemodelsto the
so-farunexplainedpixels which remain. Finally, arny ob-
jectsfor which no depthorderingis availableare tted to
thedata. Whentherewasno overlapin the previousframe,
thereis no depthorderinginformationavailable,but the ex-
tentof overlapis likely to besmall.

554 575
590 616
694 719
742 783

Figure3: Theprogresof segmentatiorduringtwo partsof
testsequenc@, with framenumbers.

Given this alignmentof all the appearancenodels,the
algorithm canmake a betterclassi cation of which pixels
camefrom which model. Thisis formulatedasa maximum

likelihoodclassi cation,with thelik elihood of apixel
being generatedy foregroundmodel calculatedas fol-
lows:

(6)

The non-occlusionprobability is either available
from a previous frame (describedbelow), or is assumedo
beone.Choosinghetrack with maximum givesus
anobjectlabelfor the pixel. If the maximumlikelihoodis
very low or is not much higherthanthe likelihood of be-
longing to anotherobject,the pixel is marked as“ambigu-
ous” andsubsequerprocesseareusedto classifyit.

While assigningthe pixelsin this way, a countis made
of the numberof “disputedpixels”, i.e. pixels for which



two appearancmodelshave high obsenationprobabilities.

. Thesepixelsareareasvhereocclusionsareoccur
ring. For eachobjectwe record,in a row of anocclusion
matrix, how mary timesit occludedpixels of eachother
object. From the occlusionmatrix, we can calculatethe
non-occlusiorprobabilitiesandthe depthorderingusedin
subsequerframes.

Becauseof the natureof the data,andthe approximate
natureof our appearancenodels therearenecessarilynis-
classi cationsof foregroundpixels,soa humberof heuris-
ticsareemployedto “clean'thesggmentation.

First,we applya connectedomponentslgorithmto the
segmentedobject’s regions. Small holesare lled andla-
belledasbelongingto their largestneighbourregion. Re-
gionswhich areentirely surroundedy anothercomponent
are also assignedo the enclosingcomponent. Finally, if
two well-separatedegionsare disputedbetweenwo fore-
groundobjects,smallareasof pixelsin oneregionassigned
to the objectwhich “owns' the otherregion arereassigned
to the owner of the neighbouringregion instead. Figure 3
shavs theresultsof trackingthreepeoplethroughtwo sep-
arateocclusiondn testsequenc&. Eachpersonis labelled
with a separateolour, andthe boundingbox of eachper
son's appearancenodelis dravn asarectangle.It canbe
seenthat despitethe almosttotal occlusion,the trackingis
maintained.

5.3 Background vsforeground segmentation

One disadwantage of most backgroundsubtraction ap-
proachess that they are attemptingto solve a two-class
classi cation problemwhere one classis unde ned. A
backgroundsubtractionalgorithmmustdecideif a pixel is
backgroundor not. The backgrounds appearancearia-
tion can be modelledmore-orlesswell by observingthat
pixel over time andmakingassumptiongboutsuchthings
as lighting variations. However, the alternatve category,
“not background',cannotbe well modelleda priori, (how-
everseee.g. Isardetal. [4] whodothis). Indeed thereis
nothingto preventanobjectof exactlythesameappearance
asthe backgroundpassingin front of the obsened pixel.
While we rely on backgroundsubtractiorfor ourinitial de-
terminationof foregroundvs background,once we have
built modelsfor the moving objectsin a scene(andfor a
givenpixel, if it is unlikely for anew objectto appeathere),
thenwe canformulatethe problemasa two-classclassi -
cationproblemdistinguishingoetweerthe backgroundand
the (oneor more)foregroundobjectsthatmight occludethe
pixel. Thisshouldgive amoreaccurateclassi cationascan
beseerfrom thefollowing example:Supposabackground
pixel, modelledascolour , is obsenedto have colour

in a particularframe,whenwe predictthatit shouldbe oc-
cludedby a foregroundobject pixel of colour . If

is very similarto , anddissimilarto  eventhoughit

is similar enoughto  to be deemedbackgroundoy our
backgroundsubtractionalgorithm, it would be reasonable
to assumehatit wasin factaforegroundpixel.

Thus, after alignmentof the foregroundobjects,every
pixel in the areamodelledby ary foregroundobjectis re-
classi edaccordingo themostlikely of all theoverlapping
models,including the backgroundmodel. Pixels are only
reclassi edwhenthe probabilisticevidenceis strong.

5.4 Systemfailur es

The main causeof failurein the systemis a failure to cor-

rectly sgmenta group of people. Segmentationfailures
can be divided into two main categories: (1) Under sey-

mentation. The tracking algorithm usedis unableto dis-

tinguishtwo peoplewho enterthe scenewalking together
until they separaténto two foregroundregions. Sincean

individual is of variable shape,with different parts mov-

ing relative to eachotherandthe foregroundextractionis

erratic,thereis no salientfeaturethatdistinguishe®neper

sonfrom two peoplewalking together An explicit person
modelmightresole this, but would probablyrequirebetter
gualityimages.The sggmentatiorwhentwo peopledo sep-
arateshouldbe carriedout sooner (2) Mis-segmentation.
Whentwo trackscometogetherthe algorithmfails to allo-

catethe pixelsto the correctmodelbecausef similarities
in appearanceand trackingis lost, particularly when the
depth-orderings incorrectly estimated. Whenthe people
do separateadditionaltracksarecreatedsothe systemcan
endup with morethanonetrackfor asingleperson.

6. Foreground occlusionmodelling

In section5.2 we have dealtwith the problemof occlusion
of one tracked object by anothertracked object, but an-
otherproblemin mary computervision problemsis when
atracked objectis occludedby a staticobject. In our situ-
ation, we have no specialmodelof the staticobjectsin the
scene— they aresimply modelledby the backgroundsub-
tractionalgorithm— andit is consequentlyacitly assumed
that the backgroundmodel pixels will be occludedwhen
they overlapwith the pixelsof aforegroundobject.

In boththe PETS2001and 2002 datasetsthis assump-
tion is violated—moving objectspassbehindobjectsmod-
elledby thebackgroundnodel,whetherthesebebuildings,
parkedcars,or in the PETS2002latasetthewindow frame
or the text appearingon the window. The previously de-
scribedmodellingwill fail attheselocations,andpixelsare
quickly “forgotten”(  approachegero)by theappearance
modelwhenthey are not detectedas foreground. In fact
thesepixels are being occluded,which shouldnot leadto
changedn theappearancmodel. Toimprovethemodelling
of suchscenesve createa foregroundocclusionmap

In complex scenegredictingwhethera moving object
will beoccludedby thestatic*background’objectsrequires



amodelof thedepthof themoving objectandof every point
in thebackgroundnodel. This canbelearntovertime, with
enoughdata[5] but for the shortsequencesgereit is not
practicable.However the datain PETS200Zanbe simply
dividedinto threedepthcateyories.

Backgroundpixels: Thesearethe backgroundpixels
that are occludedby moving objectsand which are
modelledby the backgroundnodel.

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

Foreground-occluihg pixels: Thesepixels are static
andmodelledby the backgroundnodel,but arenever
occludedpeingcloserto the camerahanall the mov-
ing objects.

This three-layermodel holds well for thesedata-setsthe
only exceptionbeingpeoplepassingbehindthe shopoppo-
site the camera. Thesepeopleare, however, too small to
be detectedeliably by our backgroundsubtractionso the
exceptionis notimportant.

We modelthe foreground-occludingixelswith a sepa-
rate probability map, , Which recordsthe probability
of a pixel, , beingin this category. The mapis updated
with thefollowing equation:

)

where is thosetimes when pixel is assignedo the
backgroundThe sumsareupdatedor every frame,chang-
ing only whenan objectoverliesa given pixel. Constants
and are usedto initialize the modelto

give initial estimatesandto preventthe modelfrom satu-
rating with small amountsof data. The mapis initialized
with the threetraining sequencesandthenloadedbefore
operatingon the testsequenceshoughit continuesto be
updatedduringthetestsequences.

Theforegroundocclusionmodelcannow beusedin the
updatefunctionfor theappearancenodels.The probability
maskupdaterule now becomes:

if 8)
if )

(Figure 4 shavs examplesof the foreground-occlusion
model during training. The occludingregions of text on
the window and the window frame, as well asthe strong
re ections on the glass,can be clearly seenin the model
ashaving high probability of occludingthe foregroundap-
pearancenodels.In areasvheremoving objectshave been
frequently seen,the probability is closeto zero. In less-
well travelledareasthe probabilitiestake intermediateval-
ues,oftentoo high becausef earlyfailuresin trackingand

wherethe foregroundmodel probability mask,beingtem-
porally smoothedjs only a roughguideto the appearance
of the foregroundregion comingfrom backgroundsubtrac-
tion. Theforeground-occlusiomodelalsohighlightsareas
wherebackgroundsubtractionis proneto failure, suchas
the bandto the top-rightof theimage. This is desirableas
a consistenfailure of backgroundsubtractioris equivalent
to anocclusion.

While the foreground-occlusionmodels generateddo
matchour intuition of whatshouldbe learned andthey do
resultin appearancenodelswhich arelesserodedby pass-
ing behindforeground-occludingpixels, it wasfound that
usingthemled to poorertrackingperformanceSincelarge
areasof the eld of view are “expectedto be occluded”,
theseareasnhibit diminution of modelobsenation proba-
bilities. This meanghatobjectsaremistalenly trackedinto
theseareas,but thesefailuresare not penalizedas before
when foreground pixels are not obsened. Consequently
this featurewasnot usedin the nal experiments.

7. Experimental results

The systemdescribedabore was appliedto the sequences
providedin the PETS2002 persontracking datasets.The
MPEG videosprovidedwereusedwithout modi cation. A
backgroundmodel and foreground occlusionmodel were
trainedon the training sequenceandthe former informa-
tion wasusedin therunsonthetestsequences.

The PETS2002askrequiresthe following measureso
beevaluatedwhich we provide on aframe-by-framebasis:

Numberof peoplein thescene
Numberof peoplein front of thewindow
Numberof peoplelooking at thewindow
Processotime

Timing is discussedn section7.1. The othermeasuresre
shawvn plottedin gure 5. The numberof peoplein the

sceneis just the numberof tracksactive at a given time,

thoughtheremay not actuallybe ary foregroundpixelsas-
signedto the track for the currentframe (dueto occlusions
or failure of backgroundsubtraction). We have created
groundtruth datafor the entry and exit timesfor all peo-
ple, regardles®f sizeor occlusionby observinghevideos.
The numberof peoplevisible in the scene(or occludedby

thelettering)is plottedin thegraphsof gure 5.

On sequenc®ne, resultsare essentiallycorrect,except
thefailureto detectpeoplewhenthey aredistant— a per
sonwho entersatframel44is notdetectedintil afterframe
300, and anotherpersonenteringat aroundframe 333, is
never detected. On sequence®&3, failuresto correctly
segmentarerelatively frequentwhenthereareseveral peo-
ple in the scene,but the graphsshaws that our estimate



Figure4: Evolution of the foreground-occlusia model

duringtraining. (a) after 119 framesfrom training sequence

2. (b) afterall 1420framesof sequence (c) aftertrainingon all threetrainingsequencesrior to beingusedfor testing.

of the numberof peopleis within 1 of the correctanswer
for sequenc®, andnearlyalwayswithin 2 for sequencé,

thoughafter aboutframe 800 the trackingis almostcom-

pletelywrong.

Determiningif a personwasin front of thewindow, was
carriedout with two simpleconditions:if the coordinate
of thecentroidis betweert40and490andtheloweredgeof
the boundingbox for this ordinateis below theline joining
(110,140)with (490,50). Peopleweredeemedo be look-
ing into thewindow if their centroidspeeds below 1 pixel
perframe. For thesemeasure# particular sometemporal
smoothingwould give moreusefulresults.

We did investigatausingheadposedetectiorto moreac-
curatelydeterminghedirectionof gaze with amethodsim-
ilar to thatof Wu andToyama[10], but the personiocation,
andthedataquality andresolutiorwerenotgoodenougho
returnmeaningfulanswers.

Since the results are reportedon a whole sequence,
the obsenation countsare actually calculatedafter the se-
guencehasbeenprocessedThis permitsa smallamountof
post-processinthatmeangheresultscanbereportedmore
accuratelySpeci cally, trackswhichwereseerto splitinto
two peoplecanbe retrospectiely labelledas representing
two people,backto thetime the peopleenterecthe scene.
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 Processingime

For experimentalpurposesthe backgroundsubtractiorand
thetrackingwerecarriedout separatelyandwe have evalu-
atedtheprocessingime for thetwo componentseparately
Figure6 shavsgraph=of thetime usedfor eachframeof the
threesequencesTheupperline in eachgraphshavstheto-
tal amountof time (in ms) usedby the system,excluding
disk accessandsoftwaredecodingof the MPEG video,and
thelowerline shavstheportionof thistime requiredfor the

backgroundsubtraction. All experimentswere performed
on amachinewith asingle1.8GHzPentium4 processar

It canbe seenthat during sequence. the systemoper
atesat atleast10fpson the 640x240imagessupplied.Per
formanceis lower whentherearemary peoplearepresent
trackingstartsto fail. Signi cant speed-uganbeachieved
by down-samplingthe imagesor not processingall the
frames. In gure 6(2) we shav times for processingse-
guence? recodedasanAVI le athalf resolution(butfull

resolutioni.e. 320x240)andusingonly alternateframes.
The time for eachframeis halved and tracking works as
well. Theworst-caseperformance75ms/frame)pn this se-
guences fasterthanreal-time(12.5fps).Furtherdownsam-
pling in resolutionor time shouldgive approximatelytinear
speed-increases.

8. Summary and conclusions

We have described systenthattrackspeoplein video,and
is ableto trackthemin real time despitea numberof dif-
cult conditionsfoundin the testsetsused. Non-rigid ob-
jects,occlusionssimilarly colouredobjectsandre ections
areall handledby thetrackingsystem.

Furtherimprovementgo the algorithmscould be made
by more detailedanalysisof pixel reclassi cationwith a
foregroundmodel, asthe systemis still heavily relianton
theresultsof thebackgroundnodelbeforethedetailedfore-
groundmodelsare consideredTracking,perhapswith im-
age gradients,and incorporatingobject edgesmight also
yield improvementsFinally, it is hopedthattheforeground
occlusionmodelcanbemadeto yield betterresults though
for mostpracticalsituationsf sucha modelis to be of use,
it will needto allow arbitrarydepths not the simplethree-
planemodelthatwe have implementedFor apracticalsys-
temto handlethe scenarigpresentedn the PETSdata,the
re ections could be avoidedby bettercamergplacemenbr
polarizationandthemodellingcouldbeimprovedby larger
amountof trainingdata.
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consideredo bein front of thewindow (middle) andthe numberof peopleconsideredo be stoppedn front of thewindow
(lower). Thelinesaredisplacedvertically for clarity.
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Figure6: Timing resultsfor thethreetestsequencesn order For eachframewe plot thetotal processingimein milliseconds
for backgroundubtractiorandtracking,and(lower line) thetime spenton backgroundubtractioronly. In themiddlegraph
we alsoplot thetimesrequired( sub’) for processin@lternateframesat half resolution.
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