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Abstract

This paper presentsa method to detect passengers
on-board public transport vehicleswith the ultimate aim
of monitoring their behaviours under suspiciouscircum-
stances.Themethodcomprises�r st an elliptical headde-
tectionalgorithmusingthe curvature pro�le of thehuman
headasa cue. This is followedby applyingthegeometric
blur featureswhich are consistentto af�ne distortionof the
image to keeptrack of themovementof theheadwithin the
vehicle. Thepro�le of themovingheadswith respectto each
otherwithin a lengthof timecanthenbeusedasindicative
featuresto detecttheadventof suspiciousbehaviourof the
passengers.

1. Intr oduction

Vandalismonpublic transportsis aperennialproblemto
transitauthorities.Most public transportbusesin countries
suchas UK, CanadaandAustralia have CCTVs installed
on-board. Repairingvandalisedpropertiesand removing
graf�ti is costly. Measuresto impedesuchunnecessaryex-
penditureis imperative.

In responseto increasedvandalismon public transport
systemsespeciallyon busesand trains, a great deal of
money andefforts arebeing investedto heightensecurity
in theseareas.This canbe realisedby usingstrategically
installedclosecircuit television (CCTV) camerasto mon-
itor and track commuters'activities and interactionsfrom
the time of boardingto departure.While suchtechnology
is not new, the increasedneedandurgency for crime�ght-
ing measureshasundoubtedlyemphasisedthe importance
of suchcamerasin public transports.

In suchperspective,themeritsof videosurveillancesys-
temson public transportsincludeits usefor (1) vandalism
deterrenceand(2) asevidentialrecordfor vandalism[6].

Vandalismis usually conductedundersituationswhen
opportunitiespresentitself. Althoughperformeddiscretely,
thereareseveral tell-talebehavioural signsprior to the act

of vandalism.Generally, passengerstendto participatein
activemovementssuchasswitchingof seatsandlargebody
motiongestures.Theseareexploitablecuesthatcanbede-
tectedto raiseanawarenessto thesituation.Unfortunately
suchpsychologicallymotivatedindicationsarenot the fo-
cusof public transport-relatedsurveillancestudies.

There are major problemsin the operationof video
surveillancesystemson buses. Due to limited concentra-
tion andawarenessabilities,monitoringmultiple long run-
ning video sequencesby humanoperatorsis often expen-
sive, tedious,error proneandunproductive. Furthermore,
thevideoacquisitionsarenotprocesseduntil thebuseshave
returnedto thebusdepot.As a result,no immediateor pre-
cautionaryactionscanbetakenimmediatelyaftertheevents
of vandalismor abnormalhumanbehaviour have occurred.
In the faceof suchchallenges,the innovative useof au-
tomatedand intelligent agentsareadvantageousin public
transportsurveillancetechnology.

In this paper, we presentan implementationof a video-
basedsurveillancesystemto detectpassenger movements
on-board basedon the psychological patternsof the pas-
sengers.

This paperis organisedas follows: In Section2, we
presenta preliminary introductionto relatedcontributions
in humandetectionandtracking.This is followedby anex-
planationon theadoptedmethodof approachin Section3.
Thesystemevaluationandexperimentalresultsis discussed
in Section4. Subsequently, theprojectconclusionandpos-
siblefuturedevelopmentswill bepresentedin Section5.

2. Background

Speci�c to a bus scenario,stereotypicalactivities that
canoccur are (a) seatswitching anda (b) variety of pos-
ture transitionssuch as from sitting to standing, and vice
versa. Thesearetwo activities that areof particularinter-
estsin this project. Several situationalandenvironmental
constraintsareinvolvedin implementinga bussurveillance
systemto monitor passengeractivities. Firstly, (1) video
surveillanceis operatedon a constantlymoving platform



asopposedto typical surveillanceson staticgrounds,con-
tributing to the (2) nondeterministiclighting and shadow
pattern.(3) Passengermovementsareusuallyshortandre-
stricted.(4) Passengersareoftenoccludedbehindanover-
crowdedbus and on-boardfurnitures. Thesecommonali-
ties bring forth the openresearchproblemsof background
inconsistency, non-trivial objectocclusion,drasticlighting
andshadow issueswhich generallycannotbe resolved by
presentmethods.Consideringtheseproblems,the follow-
ing paragraphspresentimageprocessingmethodsthathave
beencontemplatedfor theprojectobjectives.

2.1. Head detection

Fromobservationof atypicalbusfootage,passengersare
commonlyoccludedby seatsandotherpassengers.While
occlusionhandlingis the highlight of recentpublications,
humanbody detectionsis dif�cult and not viable in such
circumstancesespeciallywhenpassengers'movementsare
both short and limited. This hasmotivatedthe project to
focusonheaddetectiontechniquesinstead.

Methodssuchastemplatematchingbasedonimagecor-
relation,activeshapemodelsandsnakesareavailable.Tem-
platematchingexhaustively scansfor an objectgive. Un-
like templatematching,active shapemodels[7, 13] gener-
atesa parametricmodelof a shapebasedon the principle
componentsof the averageshapeof an object. Matching
is thenbasedonestimatinglegalparametersconstrainedby
themodel.This allows a morerobustshapematch.On the
otherhand,snakesperformlocalizationby forming a con-
tour aroundtheedgesof theobjectbasedon `energy' mod-
els that controlssmoothness,elasticityandexternalsensi-
tivities. Elliptical matchingis anotherpopularapproachin
headdetection. The uncanny similarity of a humanhead
contourto anellipsehasinspiredseveralworks[3, 11]. To
achieve betterrobustnessandaccuracy, several techniques
have includedthestudyof colormodelscharacterisingskin
colorsof diverseethnicitiesaspartof thedetectionprocess
[3, 11].

2.2. Feature trac king

Human tracking and motion modelling is perhapsthe
critical task in a visual surveillancesystem. Algorithms
suchascondensation,particle �lter andKalman�lter can
be usedto both track andpredictthehumanmotion based
onprede�nedpredictionandsamplingmodels.Thesealgo-
rithmscanbeseenin theworksof [9, 5, 12]. Stabletrack-
ing featuressuchasscaleinvariantfeaturetransform(SIFT)
[14] havebeenintroduced.SIFTgeneratesdescriptorsfrom
oriented�lter responseswithin a window patch.Theresul-
tantdescriptoris designedto beinsensitiveto scale,orienta-
tion andaf�ne transformations.Severalothertrackingfea-

turesand their variantsinclude Fourier descriptors,shape
signaturesandrobustedgefeatures.

From a higherlevel surveillanceviewpoint, motion de-
tection techniquessuchas optical �o w and imagediffer-
encing[8] areusedin eventdetectionandrecognition.To
discriminatebetweenabnormalandnormalevents,classi-
�ers that canbe trainedwith machinelearningalgorithms
like neuralnetworksandSupportVectorMachines(SVM)
areused[15].

Despitethegrowing demandandclearbene�ts of auto-
matedvideo surveillanceon public transports,inadequate
work is performedwith scenarioson-boardbus in partic-
ular. Broadly, attemptsof video surveillanceon busesare
limited to boardingpassengerswhen busesare stationary
at bus stopsand lack `in-journey' surveillance[1]. Other
transportrelatedsurveillancetasksincludesestimatinggeo-
metricalpositioningof passengers'head[10] andmonitor-
ing of crowd andindividualsin public transportationareas
[4, 15]. New methodsto addressthe speci�c issuesfaced
heremustbedeveloped.

3. Methodology

The proposedmethodof approachis illustratedin Fig-
ure 1. For a video sequenceof f frames,eachraw image
frameat timeT 2 f 0; : : : ; f g is extractedfor preprocessing
following aheaddetectionprocessthathighlightsheadcan-
didateregions.Subsequently, geometricblur descriptors[2]
areobtainedfor eachheadcandidateregions. Theseaf�ne
distortiontolerantdescriptorsarethekey featuresfor mea-
suringandassociatingcorrespondencebetweenheadcandi-
dateregionsthatappearin otherframes.Overtime,thedy-
namicevolution of thepassengers'motion trajectoriescan
be described.The detailsof the modulesarepresentedin
thefollowing paragraphs.

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



3.1. Background segmentation

Backgroundsegmentationis performedonanemptybus
sceneto demarcatean areaof interestfor headdetection
in a reducedlocal searchspace.We assumethat the loca-
tion of a detectedheadon the seatandthe pathway to be
highly improbable.Hence,aregionof seatandthepathway
is segmented,leaving therestof thebackgroundasaregion
of interestby using a standardExpectation-Maximization
(EM) algorithm.

An averagesequenceof backgroundimagesis convolved
with a Gaussiansmoothingkernelto producea normalized
backgroundimage. The EM algorithmis thenperformed
on the intensity histogramof the normalizedbackground
image.Uniformly texturedregionssuggesttheglobalgrey-
level distribution of the normalizedbackgroundimageto
adhereamultivariateGaussianmixturemodel(GMM), suit-
ablefor theapplicationof EM to estimatethehiddenmodel
parameters.For the purposeof this segmentation,the EM
algorithmis constrainedto convergeona bimodaldistribu-
tion density, with eachGaussianmixture componentrep-
resentinga region's intensity distribution. The converged
GMM parametersby theE-M steppingareusedto classify
eachpixel on thebackgroundimageaseither`interest' re-
gionor `seatandpathway' region. Figure2a)shows thein-
tensitymeshplot of thenormalizedbackgroundimageand
Figure2b) showstheresultingsegmentedimage.

Figure 2. (a) 3D mesh plot of normaliz ed
backgr ound image. (b) Result of backgr ound
segmentation using EM.

3.2. Elliptical head detection

As mentionedearlier, full bodydetectiontechniquesfor
thepurposeof trackingis notpracticalin abusscenario.For
example,only headsandshouldersarewell within thecam-
era's �eld of view whenpassengersareseated.A human
headretainsan elliptical shapecontourundera variety of
orientationsoffering itself a suitablygoodfeaturefor ellip-
tical matching.Theheaddetectiontechniquethat is imple-
mentedin thebussurveillancesystemis a variantto thatin
[3] usinganellipseasa two-dimensionalmatchingmodel.

Algorithms basedsolely on grey-level pixel intensi-
ties arenot robust enoughagainstillumination variations.
Hence,anedgedetectoris appliedonaninput imageto ob-
tain objectboundariesusedfor headdetection. In [3], the
measurefor thegoodnessof a headmatch,basedoncosine
law, takesbothintensitygradientorientationandmagnitude
into consideration:

� =
1
N

NX

i =1

jgi � n̂i j (1)

wherethescore,� , is calculatedfrom theaverageof N ab-
solutedotproductsof theunnormalizedgradientorientation
atpixel i , gi , andits correspondingunitnormalvectorof the
matchingellipse,n̂i . N is the total numberof edgepixels
alongtheperimeterof a matchingellipse. The bestmatch
for an input imageis found by iterating througha search
window undervariousellipsesizesfor a maximallyvalued
score.

Modi�cations to the headdetectionmethodare neces-
saryfor its applicationin thebussurveillancesystem.Mul-
tiple smallersizedheadsare requiredto be detectedin a
clutteredenvironmentasopposedto detectingasinglehead
asin [3]. Furthermore,full elliptical matchingis moredif�-
cult whereboundariesof ahumanheadcontourthatappears
in an edgeimagearegenerallyshorteranddrasticallydis-
continuous,dueto partialocclusionandpooredgedetection
results.

Consequently, an initial simple correlation template
matchingis performedfor locatingpotentialheadsusinga
templateof a typical sizeof a passenger's head. For each
matchedregion, a vertically rotatedduplicateis appended
underto fabricateapseudo-arti�cialellipse.A least-squares
ellipse�tting algorithmis subsequentlyappliedon thefab-
ricatedellipse. This approachallows a robust head�tting
sincenoconstraintson theelliptical parametersis adminis-
teredduring �tting. Finally, only the �tted ellipsecontour
residingin theoriginal portion of the fabricateis retained.
With the elliptical arc, a top-hemisphericalheaddetection
canbe performedusingEquation1. In addition,�tted el-
liptical arcswith neighbouringlocal maximaare merged
assumingadjacentarcs are associatedto the samehead.



Figure 3. Procedural steps of the head detec-
tion module .

The headdetectionprocessis illustrated in Figure 3 and
the sampledetectionresultsin Figure 8. Spuriousdetec-
tionsmaybeignoredusingbasicshapedescriptorssuchas
elliptical roundness,aspectratio,areaandperimeter.

3.3. Geometric blur features

[2] describesgeometricblur featureasa discriminative
descriptorthat averagesgeometricaltransformationsof a
signal in a spatialdomain. It is suitablefor matchingsig-
nalsthathaveanaf�ne relationship.Thegeometricblur fea-
ture is formedon a sparsesignal(e.g. image's �rst deriva-
tive) by meansof spatiallyvaryingGaussiankernelconvo-
lutions. The non-uniformkernel dimensionrelatively in-
creasesalongwith thesamplingeuclideandistancesfrom a
pointof interest.Geometricblur featurescanbeconstructed
on imageswith impoverishedinterestoperatorsandhence,
moreapplicableand�e xible over featuredescriptorssuch
asSIFT [14].

After a headdetectionprocess,geometricblur features
are usedfor establishingpoint correspondencesfor head
candidatewithin a searchwindow in other frame. Given
a searchwindow, a templategeometricblur featureis �rst
constructedaroundthe local maxima of a headcontour.
This templatefeatureis matchedwith othergeometricfea-
turesthat areconstructedaroundeachedgepixel within a
targetframe.Thecon�denceof eachcorrespondenceis de-
terminedby a matchbetweentwo geometricblur features
usingtheL2 normalizedcorrelationtechnique.

In constructinga geometricblur feature,an imagewin-
dow arounda point of interestis convolved with a verti-
cal, horizontaland crossorientedoperatorseachproduc-
ing anorientededge�lter response.A total of six sparsely
signalledhalf-wave recti�ed channels(seeFigure4b)) are
obtainedby differenceof Gaussianon individual oriented

Figure 4. Snapshots of the geometric blur
template matc hing process

response. Subsequently, each channel is geometrically
blurred arounda point of interest. Unlike [2], geometric
blur featurematrixfollowsarestrictedsub-samplingpattern
shown in Figure4d). Thesetof samplingpoints,Sx0 , justi-
�es aninterestareaunderthelocalmaximaof acontourand
disregardsthe restwhich possiblycontainirrelevantback-
groundfeatures. Furthermore,the matchingis performed
sequentiallyovereachof threecolorchannelsinsteadof sin-
gle grey-level channel. The bestmatchingcorresponding
point is derived from the highestaveragescoreover three
channels(referto Algorithm 1). Following [2], thegeomet-
ric blur descriptoraroundinterestpoint x0 of imageI can
bede�ned as:

GI x 0
(x) = I � B� j x0 � x j+ �

�
�
�
x

(2)

wherex 2 Sx0 andB� j x0 � x j+ � is a symmetricGaussian
kernelwith � and� smoothingparameters.

Algorithm 1: Color templatematching
input : templateimage,targetimage,x0

output: pointcorrespondent
foreachcolor channelc 2 fH ; S; Vg do

templ  c componentof templateimage
target  c componentof targetimage
initialisezeromatrix Rc

computeGtempl x0

foreachsamplededgepixelsat (i ; j ) in tar get do
computeGtar get i ; j

Rc i ; j  correlation ( Gtempl x0
, Gtar get i ; j

)
end

end
return arg maxi ;j (RH i ; j + RSi ; j + RV i ; j )

3.4. Motion detection

Whenthecorrespondentof apointis located,atrackpro-
�le of a passenger's motion trajectorycan be established
from thepoint to thenearesteuclideandistancedheadcan-
didatefrom thecorrespondent.This is illustratedin Figure
5. Overtime, the entiremotion trajectoryof eachpassen-
ger may be observed. As part of the surveillancesystem,



bothtrajectorylengthsanddisplacementsaremonitoredfor
activity detection.

Figure 5. Snapshot of a tracking process

Thebussurveillancesystemis designedto actively track
motionwhile thebus is moving basedon thedisplacement
of anobject.An objectthathasmovedovera considerable
distanceis marked with motion streakasshown in Figure
7. Themotivationof sucha systemis basedon thepsycho-
logical behaviour of passengersin a bus journey. During
periodicalstops,thesystemis setto a dormantmodewhile
passengersarefreeto boardandleave thebus. While a bus
is travelling, passengersaretypically well seatedor stand-
ing still. During this period,detectinglargemotion would
indicateabnormality.

4. Experimentsand Results

To demonstratethe robustnessandaccuracy of the bus
surveillancesystem,the implementationwastestedover a
varietyof busscenariosandalternativesystemsetup.Three
scenarioenactmentswereusedin theexperimentsfor test-
ing eachwith displayratesof 25 fps. Video1 (790frames)
shows a clutteredscenarioof six passengersfeaturingpas-
senger1A switchingseatlocations. Video 2 (865 frames)
shows anothercrowd of � ve passengerswithout major ac-
tivity. Video3 (835frames)showsthreepassengersdisplay-
ing abnormalbehaviour (refer to Figure6). The testvideo
groundtruths indicating true positionsof passengerheads
andappearancetimesweremanuallyextracted.It wascom-
paredwith theexperimentalresultsto measurethesystem's
detectionperformance. The experimentswere measured
against̀ correct' and`incorr ect' evaluationmetrics.Each
correctlytrackedobjectwasawardedwith a `correct' met-
ric pointfor eachcorrecttracklocation.Uponoccurrenceof
anincorrecttrack,thepenaltywassingleone-off increment
of the`incorrect'metricuntil theobjectresumedits correct
track.

An accuracy teston headdetectionsfor eachvideo se-
quenceswasconductedbasedonaveragepercentageof pas-
sengerheadscorrectlydetected.Subsequently, truepositive
detectionswere brought forward to evaluatethe tracking

procedure. The surveillancesystemwas testedusing the
pioneerimplementationof geometricblur featurecomputa-
tion usingsinglegrey-level channelandoriginal sampling
pattern. This will be comparedagainstthe proposedsys-
tem of employing color templatematchingprocessusing
restrictedsamplingpattern.Finally, sampletrackingresults
on Figure7 attemptsto demonstratetheability of thepro-
posedsurveillancesystemto detectmotion in a bus. The
empiricalresultsof the experimentsaretabulatedin Table
1. Systemwith ellipsematchingacceptanceat1.5aspectra-
tio usingHSV color templatematchingandrestrictedsam-
pling patternis assumedin the experimentsunlessother-
wisespeci�ed.

Figure 6. Snapshots of video enactments

From the resultsin Table1, the systemshows an over-
all reasonableheaddetectionaccuracy. However, Video 2
haslowerdetectionaccuracy thanothertests.This is appar-
entlyduetheweakedgefeaturesof passenger2A and2Ere-
sultingin lower detectionfrequencies.Furthermore,move-
mentsnearerthe cameratendto exhibit motion blur trails
makingedgedetectiondif�cult. Figure8 shows snapshots
of theheaddetectionprocess.Althoughtherearefalselyde-
tectedheads,their locationalpersistencesdo not contribute
to the eventualmotion detectionresult. A comparisonof
thetrackingmethodshasshown thatcolor templatematch-
ing with HSV modelis predominantlybetterthanits coun-
terpartseven though it is restrictedby samplingpattern.
Regardlessof trackingmethods,the systemdemonstrated
goodmotion detectioncapabilitiesjusti�ed by fairly high
countsof `correct' trackswith occasionalfalselydetected
motions. Thesefalsemotionsareoften causedby moving
shouldersandfaceregionscoincidentallyhaving the same
curvaturesof a headasshown in Figure7. Most motions
were detectedduring the tests. Even though the motion
tracksaredisconnected,thesystemdetectedsigni�cant mo-
tionsenoughto raiseanawarenessfor Video1 andVideo3,
demonstratingits secondarycapabilityasanalarmoperator.

5. Discussionand futur e work

This project laid the basic foundationfor a promising
videosurveillancesystemthatcanbeoperatedwithin abus.
As a futureextension,this canprovide supportfor activity
recognitionthat cancomplimentthecurrentsystemin tar-
getingtheart of vandalism.Furthermore,thefunctionality



Table 1. Experimental results

Let K bethetotal numberof passengersin avideo

Results

Video1 Video2 Video3
K = 6 K = 5 K = 3

Headdetectionacc.
88% 68% 86%

Tracking methods*

Original a 91% 94% 90%
Proposed-HSVb 92% 95% 91%
Proposed-RGBc 91% 93% 90%

* as
P K

i = 1
cor r ect i � 100

cor r ect i + incor r ect i
%, wherei 2 f 1; : : : ; K g

a Grey-level processingusingoriginal samplingpattern
b HSV colorprocessingusingrestrictedsamplingpattern
c RGBcolorprocessingusingrestrictedsamplingpattern

of motiondetectioncanbeextendedto a full trackingsys-
tem deployableon othersuitablepublic transportssuchas
trains. In theview of unstableedgefeaturesunderadverse
lighting conditions,it is alsoourmotivationto exploreother
possibletrackingtechniquesandfeaturessuchasthe KLT
featuretracker [16] thataresuitablefor our busscenario.

Figure 7. Motion detection results

Figure 8. Snapshots of head detection results
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