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Abstract

This paper presentsa methodto detect passengrs
on-boad public transportvehicleswith the ultimate aim
of monitoring their behavious under suspiciouscircum-
stances.Themethodcomprisesr st an elliptical headde-
tectionalgorithm usingthe curvatuie pro le of the human
headasa cue Thisis followedby applyingthe geometric
blur featueswhich are consistento af ne distortion of the
image to keeptrack of the moszemenbf the headwithin the
vehicle Thepro le ofthemaovingheadswith respecto eath
otherwithin a lengthof time canthenbe usedasindicative
featuiesto detectthe adventof suspiciousehaviourof the
passengrs.

1. Intr oduction

Vandalismon public transportss a perenniaproblemto
transitauthorities.Most public transportousesin countries
suchas UK, Canadaand Australiahave CCTVs installed
on-board. Repairingvandalisedpropertiesand removing
grafti is costly Measurego impedesuchunnecessargx-
penditures imperatie.

In responseéo increasedvandalismon public transport
systemsespeciallyon busesand trains, a great deal of
mong and efforts are beinginvestedto heightensecurity
in theseareas. This canbe realisedby using stratayically
installedclosecircuit television (CCTV) camerago mon-
itor andtrack commuters'actiities andinteractionsfrom
the time of boardingto departure.While suchtechnology
is not new, theincreasedheedandurgeng for crime ght-
ing measurehasundoubtedlyemphasisedhe importance
of suchcamerasn publictransports.

In suchperspectie, the meritsof videosurweillancesys-
temson public transportdncludeits usefor (1) vandalism
deterrencand(2) asevidentialrecordfor vandalisny 6].

Vandalismis usually conductedunder situationswhen
opportunitiegpresenttself. Although performeddiscretely
thereare several tell-tale behaioural signsprior to the act

of vandalism. Generally passengertendto participatein
active movementssuchasswitchingof seatsandlargebody
motiongesturesTheseareexploitablecuesthatcanbede-
tectedto raisean awarenesso the situation. Unfortunately
suchpsychologicallymotivatedindicationsare not the fo-
cusof publictransport-relateduneillancestudies.

There are major problemsin the operationof video
suneillancesystemson buses. Due to limited concentra-
tion andawarenessbilities, monitoringmultiple long run-
ning video sequenceby humanoperatorss often expen-
sive, tedious,error proneand unproductve. Furthermore,
thevideoacquisitionsarenotprocessedntil thebuseshave
returnedo thebusdepot.As aresult,noimmediateor pre-
cautionaryactionscanbetakenimmediatelyaftertheevents
of vandalismor abnormahumanbehaiour have occurred.
In the face of suchchallengesthe innovative use of au-
tomatedand intelligent agentsare advantageousn public
transportsurweillancetechnology

In this paper we presentan implementatiorof a video-
basedsurveillancesystento detectpassengr movements
on-boad basedon the psydological patternsof the pas-
sengrs.

This paperis organisedas follows: In Section2, we
presenta preliminaryintroductionto relatedcontritutions
in humandetectionandtracking. Thisis followedby anex-
planationon the adoptednethodof approactin Section3.
Thesystemevaluationandexperimentatesultsis discussed
in Sectiond. Subsequenththe projectconclusionandpos-
siblefuturedevelopmentswill be presentedn Sectionb.

2. Background

Speci ¢ to a bus scenario,stereotypicalactvities that
canoccurare (a) seatswitching anda (b) variety of pos-
ture transitionssud as from sitting to standing and vice
versa Thesearetwo actiities thatare of particularinter-
estsin this project. Several situationaland ervironmental
constraintareinvolvedin implementinga bussurweillance
systemto monitor passengeactivities. Firstly, (1) video
suneillanceis operatedon a constantlymoving platform



asopposedo typical suneillanceson staticgrounds,con-

tributing to the (2) nondeterministidighting and shadev

pattern.(3) Passengemovementsareusuallyshortandre-

stricted. (4) Passengerareoften occludedbehindanover-

crowded bus and on-boardfurnitures. Thesecommonali-
ties bring forth the openresearctproblemsof background
inconsisteng, non-trivial objectocclusion,drasticlighting

and shadav issueswhich generallycannotbe resohed by

presentmethods.Consideringtheseproblems the follow-

ing paragraphpresenimageprocessingnethodghathave

beencontemplatedor the projectobjecties.

2.1. Head detection

Fromobsenationof atypicalbusfootage passengerare
commonlyoccludedby seatsand otherpassengersWhile
occlusionhandlingis the highlight of recentpublications,
humanbody detectionsis dif cult and not viable in such
circumstancesspeciallywhenpassengershovementsare
both shortandlimited. This hasmotivatedthe projectto
focuson headdetectiontechniquesnstead.

Methodssuchastemplatematchingbasednimagecor
relation,active shapanodelsandsnalesareavailable. Tem-
plate matchingexhaustiely scansfor an objectgive. Un-
like templatematching,active shapemodels|[ 7, 13] gener
atesa parametricmodel of a shapebasedon the principle
componentf the averageshapeof an object. Matching
is thenbasedn estimatingegal parametersonstrainedy
the model. This allows a morerobustshapematch.Onthe
otherhand,snalesperformlocalizationby forming a con-
tour aroundthe edgesof the objectbasedon “enegy' mod-
els that controlssmoothnessglasticity and external sensi-
tivities. Elliptical matchingis anothempopularapproachn
headdetection. The uncanty similarity of a humanhead
contourto anellipsehasinspiredseveralworks[3, 11]. To
achieve betterrobustnessaandaccuray, severaltechniques
have includedthe studyof color modelscharacterisingkin
colorsof diverseethnicitiesaspartof the detectionprocess

[3 11].
2.2. Feature trac king

Human tracking and motion modelling is perhapsthe
critical task in a visual sunweillance system. Algorithms
suchascondensationparticle Iter and Kalman Iter can
be usedto both track and predictthe humanmotion based
on prede nedpredictionandsamplingmodels.Thesealgo-
rithmscanbe seenin theworksof [9, 5, 17]. Stabletrack-
ing featuresuchasscaleinvariantfeaturetransform(SIFT)
[14] have beenintroduced SIFT generatedescriptorgrom
oriented lter responsewithin awindow patch.Theresul-
tantdescriptoiis designedo beinsensitveto scale orienta-
tion andaf ne transformationsSeveral othertrackingfea-

turesand their variantsinclude Fourier descriptors shape
signaturesindrobustedgefeatures.

From a higherlevel suneillanceviewpoint, motion de-
tectiontechniquessuchas optical o w and image differ-
encing[ 8] areusedin eventdetectionandrecognition. To
discriminatebetweenabnormaland normal events, classi-

ers that canbe trainedwith machinelearningalgorithms
like neuralnetworks and SupportVectorMachines(SVM)
areused[19].

Despitethe growing demandandclearbene ts of auto-
matedvideo surnwillanceon public transportsjnadequate
work is performedwith scenarioson-boardbus in partic-
ular. Broadly, attemptsof video surwillanceon busesare
limited to boardingpassengersvhen busesare stationary
at bus stopsand lack “in-journey' suneillance[1]. Other
transportelatedsurneillancetasksincludesestimatinggeo-
metricalpositioningof passengerdiead[10] andmonitor
ing of crowd andindividualsin public transportatiorareas
[4, 15. New methodsto addresghe speci c issuesfaced
heremustbe developed.

3. Methodology

The proposedmethodof approachis illustratedin Fig-
ure 1. For avideosequencef f frames,eachraw image

following aheaddetectiorprocesghathighlightsheadcan-
didateregions. Subsequentlygeometridlur descriptorg 2]

areobtainedfor eachheadcandidateregions. Theseaf ne

distortiontolerantdescriptorsarethe key featuresfor mea-
suringandassociatingorrespondendeetweerheadcandi-
dateregionsthatappeaiin otherframes.Overtime,the dy-
namicevolution of the passengergnotiontrajectoriescan
be described.The detailsof the modulesare presentedn

thefollowing paragraphs.

Raw image frame extraction, t

Background image sequence [ 1. Image preprocessing j

( Background segmentation )—’[2 Head candidate detectionj

[3. Synthesise geometric blur descriptors j

Tracking features, t
»»»»»»»»»»» > Previously tracked features, {0, ..., t-1} —| Tracking

Tracking output

Figure 1. An overview of the proposed bus
sur veillance system.



3.1. Background segmentation

Backgroundsegmentatioris performedon anemptybus
sceneto demarcatean areaof interestfor headdetection
in areducedocal searchspace.We assumehatthe loca-
tion of a detectecheadon the seatandthe pathway to be
highly improbable Hence aregion of seatandthe pathway
is sgmented|eaving therestof thebackgroundasaregion
of interestby using a standardExpectation-Maximization
(EM) algorithm.

An averagesequencef backgroundmagess corvolved
with a Gaussiarsmoothingkernelto producea normalized
backgroundmage. The EM algorithmis then performed
on the intensity histogramof the normalizedbackground
image.Uniformly texturedregionssuggestheglobalgrey-
level distribution of the normalizedbackgroundimageto
adhereamultivariateGaussiamixturemodel(GMM), suit-
ablefor theapplicationof EM to estimatehehiddenmodel
parametersFor the purposeof this segmentationthe EM
algorithmis constrainedo corvergeon a bimodaldistribu-
tion density with eachGaussianmixture componentrep-
resentinga region's intensity distribution. The corverged
GMM parameterdy the E-M steppingare usedto classify
eachpixel on the backgroundmageaseither ‘interest're-
gionor “seatandpathway' region. Figure 2a) showvs thein-
tensitymeshplot of the normalizedbackgroundmageand
Figure2b) shanvstheresultingsggmentedmage.

A /|

Figure 2. (&) 3D mesh plot of normaliz ed
background image. (b) Result of background
segmentation using EM.

3.2. Elliptical head detection

As mentionecearlier, full body detectiontechniquedor
thepurposeof trackingis notpracticalin abusscenarioFor
example,only headsandshouldersarewell within thecam-
eras eld of view whenpassengerare seated.A human
headretainsan elliptical shapecontourundera variety of
orientationsoffering itself a suitablygoodfeaturefor ellip-
tical matching.The headdetectiontechniquethatis imple-
mentedn the bussuneillancesystemis a variantto thatin
[3] usinganellipseasatwo-dimensionamatchingmodel.

Algorithms basedsolely on grey-level pixel intensi-
ties are not robust enoughagainstillumination variations.
Hence anedgedetectoiis appliedon aninputimageto ob-
tain objectboundariesisedfor headdetection.In [3], the
measurdor the goodnes®f a headmatch,basedn cosine
law, takesbothintensitygradientorientationandmagnitude
into consideration:

1 X

N i=1

g i 1)

wherethescore, , is calculatedrom theaverageof N ab-
solutedot productsf theunnormalizedyradientorientation
atpixeli, g; , andits correspondinginit normalvectorof the
matchingellipse,fij. N is thetotal numberof edgepixels
alongthe perimeterof a matchingellipse. The bestmatch
for aninput imageis found by iterating througha search
window undervariousellipsesizesfor a maximally valued
score.

Modi cations to the headdetectionmethodare neces-
saryfor its applicationin the bussurweillancesystem.Mul-
tiple smallersized headsare requiredto be detectedin a
clutteredervironmentasopposedo detectinga singlehead
asin [3]. Furthermorefull elliptical matchingis moredif -
cultwhereboundarie®f ahumanrheadcontourthatappears
in an edgeimageare generallyshorteranddrasticallydis-
continuousdueto partialocclusionandpooredgedetection
results.

Consequently an initial simple correlation template
matchingis performedfor locatingpotentialheadsusinga
templateof a typical size of a passenges head. For each
matchedregion, a vertically rotatedduplicateis appended
underto fabricatea pseudo-arti cialellipse.A least-squares
ellipse tting algorithmis subsequenthappliedon thefab-
ricatedellipse. This approachallows a robust head tting
sinceno constrainton the elliptical parameterss adminis-
teredduring tting. Finally, only the tted ellipsecontour
residingin the original portion of the fabricateis retained.
With the elliptical arc, a top-hemisphericaheaddetection
canbe performedusing Equationl. In addition, tted el-
liptical arcswith neighbouringlocal maximaare memged
assumingadjacentarcs are associatedo the samehead.
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Figure 3. Procedural steps of the head detec-
tion module .

The headdetectionprocessis illustratedin Figure 3 and
the sampledetectionresultsin Figure 8. Spuriousdetec-
tions maybeignoredusingbasicshapedescriptorssuchas
elliptical roundnessaspectatio, areaandperimeter

3.3. Geometric blur features

[2] describeggeometricblur featureasa discriminatve
descriptorthat averagesgeometricaltransformationsof a
signalin a spatialdomain. It is suitablefor matchingsig-
nalsthathave anaf ne relationship.Thegeometridlur fea-
tureis formedon a sparsesignal(e.g. images rst deriva-
tive) by meansof spatiallyvarying Gaussiarkernelconvo-
lutions. The non-uniformkernel dimensionrelatively in-
creaseglongwith the samplingeuclideardistancegrom a
pointof interest. Geometridlur featuresanbeconstructed
onimageswith impoverishednterestoperatorandhence,
more applicableand e xible over featuredescriptorssuch
asSIFT[14].

After a headdetectionprocessgeometricblur features
are usedfor establishingpoint correspondencefor head
candidatewithin a searchwindow in otherframe. Given
a searchwindow, a templategeometricblur featureis rst
constructedaroundthe local maximaof a head contour
This templatefeatureis matchedwith othergeometricfea-
turesthat are constructedaroundeachedgepixel within a
targetframe. The con denceof eachcorrespondencis de-
terminedby a matchbetweentwo geometricblur features
usingthelL, normalizedcorrelationtechnique.

In constructinga geometricblur feature,animagewin-
dow arounda point of interestis cornvolved with a verti-
cal, horizontaland crossorientedoperatorseachproduc-
ing anorientededge lter responseA total of six sparsely
signalledhalf-wave recti ed channelqseeFigure 4b)) are
obtainedby differenceof Gaussiaron individual oriented

(d) Sampling on
geometric blur
response

(a) Head candidate (b) Half-wave rectified (c) Geometric blur
mple response example response

Figure 4. Snapshots of the geometric blur
template matching process

response. Subsequentlyeach channelis geometrically
blurred arounda point of interest. Unlike [2], geometric
blur featurematrixfollowsarestrictedsub-samplingattern
shown in Figure4d). Thesetof samplingpoints,Sy,, justi-

es aninterestareaunderthelocal maximaof acontourand

disregardsthe restwhich possiblycontainirrelevant back-

groundfeatures. Furthermore the matchingis performed
sequentiallyovereachof threecolorchannel$nsteadof sin-

gle grey-level channel. The bestmatchingcorresponding
point is derived from the highestaveragescoreover three
channelgreferto Algorithm 1). Following [2], thegeomet-
ric blur descriptoraroundinterestpoint Xo of imagel can

bede ned as:

G, X)=1 B jx xj+ ) 2

wherex 2 Sy, andB j,, xj+ Is asymmetricGaussian
kernelwith and smoothingparameters.

Algorithm 1: Colortemplatematching
input : templateémage,targetimage xo
output: pointcorrespondent

foreachcolor channelc 2 fH ; S;Vgdo
templ ¢ componenbf templatemage

target ¢ componenbf targetimage
initialise zeromatrix R¢
computeGiempi o
foreachsamplededge pixelsat (i ;] ) in tar get do
computeGrar get,
Rc.,  correlation
end
end
returnargmax;j (Ry,; + Rs;; + Ry,;)

( Gtempl X0 ! Gtar geti:i)

3.4. Motion detection

Whenthecorrespondenif apointis located atrackpro-
le of a passenges motion trajectory can be established
from the point to the nearestuclideardistancecheadcan-
didatefrom the correspondentThis is illustratedin Figure
5. Overtime, the entire motion trajectory of eachpassen-
ger may be obsened. As part of the suneillancesystem,



bothtrajectorylengthsanddisplacementaremonitoredfor
activity detection.

smallest P at t+1
euclidean

distance

head candidate
local maxima, P

correspondent of P

" frame t frame t+1

previous trackstrack at t+1

motion trajectory of P
Figure 5. Snapshot of atracking process

Thebussuneillancesystemis designedo actively track
motionwhile the busis moving basedon the displacement
of anobject. An objectthathasmovedover a considerable
distanceis marked with motion streakasshown in Figure
7. The motivationof sucha systemis basedn the psycho-
logical behaiour of passengerm a bus journgy. During
periodicalstops,the systemis setto a dormantmodewhile
passengerarefreeto boardandleave the bus. While a bus
is travelling, passengeraretypically well seatecor stand-
ing still. During this period,detectinglarge motion would
indicateabnormality

4. Experiments and Results

To demonstrateéhe robustnessand accurag of the bus
suneillancesystem the implementationvastestedover a
varietyof busscenariosandalternatve systemsetup.Three
scenaricenactmentsvere usedin the experimentsfor test-
ing eachwith displayratesof 25fps Video1 (790frames)
shaws a clutteredscenarioof six passengerfeaturingpas-
sengerlA switchingseatlocations. Video 2 (865 frames)
shaws anothercrowd of ve passengersithout major ac-
tivity. Video3 (835frames)shonsthreepassengemisplay-
ing abnormalbehaiour (referto Figure6). Thetestvideo
groundtruthsindicating true positionsof passengeheads
andappearancémesweremanuallyextracted.lt wascom-
paredwith the experimentakesultsto measurehe systems
detectionperformance. The experimentswere measured
against'correct andincorrect evaluationmetrics. Each
correctlytracked objectwas awardedwith a “correct' met-
ric pointfor eachcorrecttracklocation.Uponoccurrencef
anincorrecttrack, the penaltywassingleone-of increment
of the incorrect' metricuntil the objectresumedts correct
track.

An accurag teston headdetectiondor eachvideo se-
guencesvasconductedasedn averagepercentagef pas-
sengehead<orrectlydetected Subsequentlytrue positive
detectionswere broughtforward to evaluatethe tracking

procedure. The suneillance systemwas testedusing the
pioneerimplementatiorof geometridblur featurecomputa-
tion usingsingle grey-level channeland original sampling
pattern. This will be comparedagainstthe proposedsys-
tem of employing color templatematchingprocessusing
restrictedsamplingpattern.Finally, sampletrackingresults
on Figure 7 attemptsto demonstratehe ability of the pro-

posedsuneillancesystemto detectmotionin a bus. The
empiricalresultsof the experimentsaretatulatedin Table
1. Systenmwith ellipsematchingacceptancat1.5aspecta-

tio usingHSV color templatematchingandrestrictedsam-
pling patternis assumedn the experimentsunlessother

wisespeci ed.
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Video 1 Video 2 Video 3

Figure 6. Snapshots of video enactments

From the resultsin Table 1, the systemshaws an over
all reasonabldeaddetectionaccuray. However, Video 2
haslower detectioraccurag thanothertests.Thisis appar
ently duetheweakedgefeaturef passenge2A and2E re-
sultingin lower detectionfrequenciesFurthermoremove-
mentsnearerthe cameratendto exhibit motion blur trails
makingedgedetectiondif cult. Figure8 shavs snapshots
of theheaddetectiomprocessAlthoughtherearefalselyde-
tectedheadstheir locationalpersistencedo not contribute
to the eventualmotion detectionresult. A comparisonof
thetrackingmethodshasshavn thatcolor templatematch-
ing with HSV modelis predominanthibetterthanits coun-
terpartseven thoughit is restrictedby samplingpattern.
Regardlessof tracking methods the systemdemonstrated
good motion detectioncapabilitiesjusti ed by fairly high
countsof “correct' trackswith occasionafalsely detected
motions. Thesefalsemotionsare often causedoy moving
shouldersandfaceregionscoincidentallyhaving the same
cunaturesof a headasshown in Figure 7. Most motions
were detectedduring the tests. Even thoughthe motion
tracksaredisconnectedhe systemdetectedigni cant mo-
tionsenoughto raiseanawarenes$or Video1 andVideo3,
demonstratingts secondargapabilityasanalarmoperator

5. Discussionand futur e work

This project laid the basicfoundationfor a promising
videosuneillancesystemhatcanbeoperatedvithin abus.
As afuture extension,this canprovide supportfor activity
recognitionthat cancomplimentthe currentsystemin tar
getingthe art of vandalism.Furthermorethe functionality



Table 1. Experimental results

LetK bethetotal numberof passengers avideo

Results
Videol Video2 Video3
K =6 K =5 K = 3

Head detectionacc.
88% 68% 86%

Tracking methods
Original?2  91% 94% 90%
Proposed-HSV  92% 95% 91%
Proposed-RGE  91% 93% 90%

* 'K correct; 100 o £ ...

as i:lm%,whereI-Zfl,...,Kg
2 Grey-level processingisingoriginal samplingpattern
b HSV color processingisingrestrictedsamplingpattern

¢ RGB color processingisingrestrictedsamplingpattern

of motion detectioncanbe extendedto a full trackingsys-
tem deployable on other suitablepublic transportssuchas
trains. In the view of unstableedgefeaturesunderadwerse
lighting conditions,t is alsoour motivationto exploreother
possibletrackingtechniqguesandfeaturessuchasthe KLT

featuretracker[16] thataresuitablefor our busscenario.

1C 1B @ Passenger switches seat to
1A the left and back to the right

@ Passenger shifts to a seat
nearer the window

@ Passenger settles down on a seat
Video 1

2 Passenger moves slightly

2D 2B

@ Passenger peers outside a window

€D Passenger shifts to a seat
nearer the window
Video 2

3C 3B @ Passenger shifts towards a window
™ Passenger changes posture
""""" STy from standing to sitting

@ Passenger changes posture
from standing to sitting

Video 3

Figure 7. Motion detection results

Video 1 Video 2 Video 3

Figure 8. Snapshots of head detection results

References

(1]

(2]

(3]

(4]

(5]

(6]
(7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

F. Bartolini, V. Cappellini,andA. Mecocci. Countingpeo-
ple gettingin andout of a bus by real-timeimage-sequence
processing.Image andvision computing 12(1):36—41Jan
1994.

A. C.Berg andJ. Malik. Geometricblur in templatematch-
ing. In Proceedingsof the 2001 IEEE ComputerSociety
Confeenceon ComputerVision and Pattern Reca@nition,
volumel, pagess07-614 Kauai,Hawaii, Dec2001.
S.Birch®eld. Elliptical headtrackingusingintensitygradi-
entsandcolorhistogramsln IEEE Confeenceon Computer
\ision and Pattern Recanition, SantaBarbara,California,
Jun1998.

N. D. Bird, O. Masoud, N. P. Papanilolopoulos, and
A. Isaacs.Detectionof loitering individualsin public trans-
portationareas. IEEE Transactionson Intelligent Trans-
portation Systems6(2):167-177,Jun2005.

R. Bodor, B. Jackson,and N. Papanilolopoulos. Vision-
basechumantrackingandactivity recognition.In Proceed-
ingsof the 11th MediterraneanConfeenceson Control and
Automation RhodesGreece Jun2003.

N. Brew. An overview of the effectivenesof closedcircuit

television (cctv) suneillance.Researh Notg 14, 0ct2005.
T. F. CootesC. J. Taylor, D. H. CooperandJ. Graham Ac-
tive shapemodel- their trainingandapplication. Computer
\ision andImage Understanding 61(1):38-59,Jan1995.

J. W. Davis. Hierarchicalmotion history imagesfor rec-
oghizing humanmotion. In IEEE Workshopon Detection
and Recagnition of Eventsin Video, pages39-46,Vancou-
ver, Canada,Jul 2001.

S.L. DockstadeandA. M. Tekalp. Multiple camerarack-
ing of interactingandoccludechumanmotion. Proceedings
of thelEEE, 89(10):1441-1455%)ct2001.

P. Faber Image-basegassengedetectionandlocalization
inside vehicles. In Proceedingsof the 19th International
Societyfor Photgyrammetryand RemoteSensingCongess
page230-238 Amsterdam,Jul 2000.

J. Garcia,N. D. V. Lobo, M. Shah,andJ. Feinstein. Auto-
matic detectionof headsn coloredimages.In Proceedings
in the 2nd CanadianConfeenceon Computerand Robot
\ision, page276-281May 2005.

M. Isard and A. Blake. Condensation conditional den-
sity propagatiorfor visual tracking. International Journal
of ComputeiMision, 29(1):5-28,1998.

S. Klim, S. Mortensen,B. Bodvarsson,L. Hyldstrup, and
H. H. Thodbeg. More active shapemodel. In Image and
Vision Computing pages396—401New ZealandNov 2003.
D. Lowe. Distinctive imagefeaturesfrom scale-ivariant
keypoints. International Journal of Computer \Mision,
20:91-1102003.

C. Sacchi, C. Regazzoni, and G. Vernazza. A neural
network-basedimage processingsystemfor detectionof
vandalactsin unmannedailway ervironments.In Proceed-
ingsof thellthinternationalConfeenceon Image Analysis
andProcessingpagess29-534 Palermo,ltaly, Sep2001.
C. TomasiandT. Kanade. Detectionandtrackingof point
featuresTechnicaReportCMU-CS-91-132Carngjie Mel-
lon University, Apr 1991.



	. Introduction
	. Background
	. Head detection
	. Feature tracking

	. Methodology
	. Background segmentation
	. Elliptical head detection
	. Geometric blur features
	. Motion detection

	. Experiments and Results

