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Abstract

In this papera vehicle tracking algorithmis presentedbasedon the combi-
nation of a per pixel backgound model (an extensionof work by Staufer and
Grimson[12]) anda setof single hypothesisforegroundmodds basedon a gen-
eralmodelof objectsize,position,velocity, andcolour distribution. Eachpixel in
the sceneis thus ‘explained’ aseitherbackgound, belongingto one of the fore-
grourd objectsor as noise. Calibratedground-paneinformationis usedwithin
the foreground model to strengtherthe object size and velocity consisteng as-
sumptions A learneda priori model of typical roadtravel direction and speed
is usedto provide a prior estimateof objectvelocity which usedto initialise the
velocity modelof eachof the foregrourd objectmodels. This modelis typically
anExtendedKalmanfilter but othermodelsarepossiblewithin thealgorithm.The
systemrunsat nearvideo framerate (>20fps) on modesthardware andis robust
assumingsuficientimageresolutionis availableandvehicle sizesdo not greatly
exceedthe priorson objectsizeusedin objectinitialisation.

1 Introduction

In recentyearstherehasbeenmuchwork on the tracking of maving objectswithin a
scene Systemglevelgpedfor suchtasksaspeope trackirng [16, 1, 8, 6], facetracking
[4, 9] andveticle tracking [3, 13, 5] have comein mary shapesr sizes,but may be
broadly divided into explicit modelbasedmethod (wherea fixed, detailedmodel of
objectcharateristicsis built e.g. [4]) or implicit modelbasedmethod (wheie more
geneal object, or scene,chaacteristicsare moddled, often dynamically e.g. [9]).
Thereis nosuchthingasa‘modelfree’ objecttrackerasall systemsnake assumptions
abou theobjector scenewhich form thebasisof atrackingmodel.

Our particdar interestis in the analysisof traffic scenewith multiple (oftenlarge
numbers)of veticlesinteracting.A framefrom atypical sequencés shavn in figure
1.



Figurel.l Imageof a Typical Traffic Scene

Figure 1 illustratesthat the vehiclesof interestvary widely in appeaanceandan
explicit, detailedmodelis notnecessarilyuitable.Beymeret al. [3] cameto asimilar
condusionin asimilarscenarioFerrymaret al. [5] (basednearlierwork by Sullivan
[13]) demastratethat explicit modelsmay be madeto work in a vehicle mountel
cameracenariphowveverresultsareonly presetedfor 12 secondsf video,containirg
alimited numbe of vehcles. Theformer methodhasbeendemorstratedto work (to a
degreeof accurag?) on 44 houss of video.

In this papera more generalmocklling strateyy is taken (a la Beymeret al. [3]
ratherthanFerrymarnSullivan et al. [5, 13]), includng both a backgourd andfore-
ground mockl in our system.Our schemeausesa modifiedversionof the Staufer and
Grimson[12] backgoundmodé combired with a novel foregrourd mocel thatbor
rows corceptuallyfrom this backgourd model. Our foregrourd modelis basedon
mocklling vehide invariants size, colour distribution andvelcocity (which is assumed
to belocally invariantin time) for a particularvehcle. Foregroundpixels (idertified
by the backgourd modd) ratherthanblobs (asusedby Wrenet al. [16]) or correr
featues/ regions (asusedby Beymeret al. [3]) arecompaedwith variows instances
of ourforegroundmodé to determire to which modelthey belong(if ary). A velocity
mockl (one exanple of whichis aKalmanfilter) is usedto propagatehesemocdklsover
time (predctive tracking.

A prior mocel of roadvelodty over the sceneof interestis built from an initial
(prior free) version of thetracker andusedto initialise velocity anddirectionof travel
estimatesn the final implementation. This leadsto ‘lock’ beingachiered fasterand
fewerlostvehicles.

2The Baymersystemachieves74-94%accuray depending on the roadscenaio



2 Moddling the Background Using a Multi-modal Sta-
tistical M odel

Thete have beenmary method proposedfor themocklling of baclgrourds. Thesim-
plestperhapg is to take a single frame of a scenecontairing no objectsof interest
andsubtractthe greylevel or colou valuesof this imagefrom a frame cortaining ob-
jectsof interest. Any nonzeropixel valuesarethusclassifiedaspartof aforegrourd
object. This methal doesnot work in mostpracticalsituationsdueto noisein thein-
tensity causedby imagirg andlighting effects, and spatialnoise,causedoy camera
jitter. Practicaimethalsattemptto model the distribution of this noiseusingstatistical
techniaqies.

Baumbeg andHogg[2] useamediarfilter ateachpixel to construt abackgourd
mockl. A threshol@d absoluteamagediffererceis usedto identify foreground pixels.
Haritaodu et al. [6] modelbackgourd pixel intensitiesusingminimum andmaximum
values in additionto a maximun differencebetweenframes. If a pixel intensityfalls
outsidethis modelit is classifiedasforeground Ridderet al. [10] usea Kalmanfilter
at eachpixe to mocel pixd intensitiesandpredicta singlevaluebackgoundmockl,
howevertheforegrourd detectioris perfomedusingathreshédedabsolutémagedif-
fererce.Wrenet al. [16] mocel pixel colou asafull covaianceGaussiardistribution
in YUV colourspace.Similarly McKennaet al. [8] usea diagoral covarianceGaus-
sianin RGB colou-space Ourwork however is basednthatof StauferandGrimson
[12] in which pixel colourvalue historiesin RGB 2 spacearemodelledasmixturesof
Gaussians.

Mixtures of Gaussianallow the colou distribution of a given pixel to be multi-
modhal, whichis essentialf thereis significantcamergitter asin our application Fig-
ure 1 shows the distribution of pixel colou overtime at anedgepixd in the presene
of cameajitter.

Figure2.1: ColourValuesof anEdgePixel Over Time

In Staufer andGrimsons methal [12] afixednumkber of Gaussiangtypicdly 3-5),
with diagmal covariancesareused. The variarce of thered, green andblue termsis
constraiedto beequad Theparaméersof the mixture (weights,Gaussiaimeansand
covariancespreupdateddynanically overtime usingequatios 1, 2 and3.

31t is claimed this choice of colourspaceis arbitrary andthe methodworksaswell in ary colourspae



(1)

Where isthelearningrateand is 1if thecurrentRGB input matchesGaus-
sian (i.e. istheclosestGaussiarandwithin n standardieviations of themean)and
0 otherwise . Theweightsarere-namalisedafterthis updde. If a Gaussiaris matchel
its mean( ) andvariarce ( ) termsare updatedwith referenceto the currerit RGB

input ().

(@)

(3)

where:

(4)

) (5)

If thecurrentRGB inputmatcheso Gaussiarthe Gaussiamnwith thelowestweight
is replacedby onewith its meanat the currert input value anda large variarce. To
remove transientg(i.e. foregrowund pixels) from the distribution only a subsetof the
mixtures are usedas the baclgrourd model. The subsetis chosenby orderirg the
Gaussianf descendig weightorderandselectinghefirst B distributions where:

(6)

WhereT is “a measur®f theminimumpottion of thedatathatshouldbeaccountd
for by backgound.

2.1 Improvementsto the Stauffer-Grimson Background Model

The systemwe are developing is to be usedin the UK wherethe weatheris vari-
able. In particularthe sunoften disapparsbehindclouds for lengtts of time befae
re-apearingrapidy. This canleadto fairly large intensity changs over shortperi-
odsof time. Uni-modal backgourd modelling schemesnustmodelthis asassingle
elongateddistribution in colouspacegredicing the specicifityof the modd) or usean
intensity normalised colours@ce. Our experimentssuggst that the latter appoach
decrasesthe signalto noiseratio in animagestreamas compessionmethod com-
prescolou informationrathermorethanintensityinformationin keepingwith human
percetion. The alternatve appoachis to usea multi-modal representationsuchas
Staufer andGrimsors Gaussiammixture models[12]. We take this latterappioachas
ourbasis however eventhis hasits limitations.

The Staufer/Grimsonmethal adaptsover time and,assuch,encalesa finite time
history of everts. Thelearningratecontrds the scaleof this history (a fasterrateen-
codesashorteristory) with atradeoff necessarpetweerbeingfastenowhto adapto



novel changsandbeingslowv enowgh to storea usefultempoal history At fastadap
tationratesthedistribution quickly beconesdominaedby a singleGaussiarfandthus
uni-modal). We have modfied the Staufer/Gliimsonmethodto improve the tempaal
history storagewhile ruming at reasonaly high adaptatio rates(adaping in a novel
baclgrourd within asecond®r two ratherthan20+secondssin the Staufer/Grimson
setup).Thesemodificatimsare:

2.11 Variable Adaptation Framerate

Modd distributions areupdatedwith a varieble framerateper pixel (ainteger division
of the incoming imagestreamframemte). Stablepixels (i.e. pixelsthatfit the back
grounddistribution over a numter of frames)areupddedwith alowerframeratethan
pixds thathave beenrecentlyclassifiedasforeground. Theframeateis given by:

where
othewise

(7)

Where:
= Updaterate
= InputFramerate
= No. of consective backgoundframes
= Threshdd onframeratedivision (typically 25 frames/ 1 sec)

This addtion alsosenesto redue the compuationalexpenseof the methal con-
siderably The reade may notethat the schemedescribeddoesnot differentiatebe-
tweenchangsin the backgoundandforegrourd mocels enterirg the scene.There-
sultis thata high adaptatia rateis usedat pixels containing a foregrourd object. As
aresultof this slowv moving vehicles maybecomencludedin the backgpundmockel.
If a methdl is availableto differentiatebetweenforeground objectpixels and pixels
wherecolourchang is simply aresultof anervironmentalchangehe adaptatio rate
of thepixelsrelatingto foregroundobjectsmayberediced. Forturatelytheforegrourd
mocklling methal (descrited later) providesuswith exactly thisinformation. It is im-
porttantto notethat the adaptatiorrate shoud never bereducedo zeroas,if anarea
of pixelsarefalselyclassifiedasresultingfrom aforeground object,the environmental
chargethatcauseahis would never beincorpaatedin the backgoundmodelandthe
falsehypothesesvould be propagatedhroud time. Fortundely in our casethereare
constraims on whatis classifiedaspart of a foregrourd model(seelater) including a
nonzerospeedequirenentin theinitialisation phaseandthisis notreally a problem

2.1.2 Maximum Weight Limit for Update

To furtherpreventthedistribution becomimgy effectively uni-modalanupperlimit is put
ontheweightof any oneGaussiarcompament(typicdly 0.5. On updateif a sample
matchesa Gaussiarwith a weight above this threshdd the mixture commnentsare
left unchanged. If the distribution of a pixel haslow modlity (i.e is fairly stable)
this canleadto unmdlified Gaussian®r Gaussiangelatingto tempaary transients
beingselectecasbackgound To courter this Gaussiangrelabeledon initialisation



as‘unmadified’ andonly Gaussiansubseqgantly labeledas‘modified areusedin the
baclgrourd modéd. In additiona lower limit is put on the weightof ary Gaussiarto
excludetransients.

2.1.3 Modelingin RGB spaceasan ‘Intensity Cylinder’

The Staufer/Grimsonmethodeffectively definesa baclground colour distribution as
lying within a setof spheresn colouspace.Figure?2 illustratesthat (for a non-edge,
theoetically uni-modal)pixel thedistribution is not modéled well by asphere.

Figure2.2: ColourValuesof aNon-Edje Pixel Over Time

It canbe seenfrom figure 2 that (for a non edgepixel) intensity valuesappoxi-
matelylie alonga sectionof a straightline in RGB colourspacethat, if exterded,ap-
praximatelyintersectgheorigin. The Staufer/Grimsonmethodmodelsthis uni-modal
distribution asa multi-modal setof spheresn RGB space.If anintensitynormalised
colouspacewvasusedary point alongthe complée line would be equivalert, allowing
aasinglesphereo be used however the discrimination power of the spacewvould be
redwced (especiallyat low intensities). Our apprachis to modé the variationalorg
(andperpenlicularto) anappraximationto thisline. Theapprximationusedis theline
betweerthe origin andthe current meanof the data(or uni-madal subsebf the data).
We mockl thevariation alorg thisline asa single(1D) Gaussiarcenterecnthemean,
andthevariationperpemulicularto theline with afixednoisethreshold Mixtures of this
‘cylindrical’ representatiorareusedn exactlythesameway asin the Staufer/Grimson
methal to definea perpixel obsenation history This maybethoudt of asequivalent
to usinga mixture of Eigenspacegl5], however without the compuationaloverhead
of actuallyperfaming Principal ComporentsAnalysis.

2.2 Modelling Very Low and Very High Intensities

At low andhighintensitiegsheassumptia thatuni-modaldatalies alonga straightline
breals down dueto reductia in signalto noiseratio (at low intensities)and colou
saturation(at high intensities). In suchcircumstancgthe 3D colour mixture is sim-
ply corvertedinto a 1D intensity mixture and this usedas the basisof backgourd
deternination.



3 Moddling Foreground Objects

Staufer andGrimson[12] statethey do notusea foregrourd mockl; their apprachis
to associatélobs’ extractedusingconrectedcompnentsanalysisusinga Kalmanfil-
ter. A similarappro&his takenby Beymeret al. [3] who associateegions containirg
correr featuresover time usinga Kalmanfilter. We conjectue that suchmethals do
containaforeground modelwhichis basedntheKalmanfilter assumptias(e.g.con-
stantvelodty). Suchmethalsareessentiallya simplificationof the strateyy employed
by Wren et al. [16] in which prior spatialandtempoal informationis included in
addition to motionassumptios. All thesemethalswork by classifyingextractedfea-
tures(corrers,blobs/ comectedegions) ascomingfrom oneof anumter of proesses
(vehcles,body parts).

In our scenario(seefigure 1) featues suchas corrers are un-rdiable dueto the
relative size of the objectsof interest. Conneted compmentsanalysis(basedon a
foreground extractedusing a perpixel backgound moda) is alsoa poa tool asthe
similarity of objectsto backgoundin somecasescanresultin a highly fragmented
foreground with mary lonepixels. Thisis illustratedin figure 1.

a)

b)

Figure 3.1: Fragnented Foregrourd Object Prodiced Using the (original) Stauf-
fer/GrimsonBackground Method

It is clearfrom figure 1 that perfaming conrectedcompnentsanalysisaddslittle
informationand,if smallregions arediscardedmay significantlyreducethe informa-
tion presentFor thisreasorwe chomseto associat@ixels,ratherthanblobsor regions,
with objectmodels. This hasthe addedadventageof a computationalsaving. Our
foreground mockl is inspiredby the Staufer/Grimsonbackgound modelandalso(in
termsof the useof colour) by thework of McKemaet al. [8]. Themodelconsistsof
representationfor:

1. Position: A single2D poirt is usedto representthe centroidof a givenobject
onthegrowndplane.

2. Size: 1D Gaussianareusedo representheobjectsizeasavariation (in ground
planeco-odinates)in the directian of travel andpergendicula to the direction
of travel (relative to the position).

3. Velocity:  Singlevaluesareusedto represeharolling averageof the velocity
vector (in ground planeco-adinates). An alternatve implementatio usesan
Extended Kalmanfilter to estimatethesevalues.



4. Colour Distribution: A Gaussiammixture is usedto represehcolourover the
entireobjectin exactly the sameway asthebackgoundmodé.

4 Tracking Using Prediction

Tracking is perfamed by predictirg forward position from the previous frame into

the currert frame (usingthe velocity estimateobtaired by taking a rolling averag of
the position differential or from a Kalmanfilter#) and associatingeachpixe with a
foreground mockl. Thisis periormedby defininga distancemeasue basedorimaily

onthePosition/Sizeof objectsfor eachmeasureThisis given asthe magntude of the
manlalnobisdistanceof the datafrom the modelin the two size distributions asin

equaion 8.

— — (8)

Where:
= Distanceof datafrom modelmeanin dir. of travel
= Distanceof datafrom modelperpemulicularto dir. of travel
= Modelvariarcein dir. of travel
= Modelvarianceperpelicularto dir. of travel

A pixel is associateavith themodelwith thelowestdistancg ) if thisdistancds
belov a specifiedthreshdd (typically 2.5). If this distanceis above the thresiold but
belov a seconahreshdd (typically 4 or 5) the colour value of the pixel is compared
with the colour Gaussiamixture in the model by taking the minimum mahalanbis
distanceof the colou valuefrom ary Gaussiarmixture mean.If this distanceis less
thana specifiedthreshdd (typicdly 2.5) the pixel is acceptedasresultingfrom this
mockl, othemwise it is rejected. This schemeallows the objectsize hypothesedo be
enlaged over time from theinitial hypothesesf (andonly if) theimagecolou infor-
mationsuppats this. Figurel illustrateshow pixel/modelgrowingis performed

If apixelis not classifiedasresultingfrom oneof the currert foreground objectsa
new mockl is initialised centredat this pixd with prespecifiedsizeparametes (based
onthetypicalsizeof acar). Thecolou distributionis initially unintialisedasit is built
up over thefirst few frames.

Model paranetersare updatedat eachframe from associategixels in a similar
manrer to the backgound modé parametes. Positionis calculatedas a weightel
centrad of associategixels, with the predictedposition ( ), and size variarce
( ) providing theweightsasin equation9.

(9)

Sizevariancesare calculatedby taking an unweighted meanof the squareof the
distancedrom associategixd locatiors to the predictedcentroidin the directionof

4TheKalmanfilter is obsered to give a beter estimae of velodty
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Figure4.1: Associationof Foregrourd Pixelswith ForegroundModels

travel andperpeicularto thedirectionof travel asgiven in equatims 10and11.

(10

11

Where and areunit vectos in thedirectionof travel andperpadicularto
thedirectionof travel respectiely. Colourdistributions areupdded in the sameway
asfor the backgoundmodel(seesection2), with pixelsfrom differert spatial,aswell
astempaal, locationsupdatingthemodel.

As with the backgourd model anupdde factor( ) is usedto contwol the update.
The colour modelis updatedasdescribedoreviously (section2) andthe positionand
sizevariancemodelsupddedusinga weightedsumasgivenin equatios 12to 14.

(12
13

(14

Theupdatdactor( ) in initially sethighto allow rapidadaptatiorio anovel object.
After anumber of frames(typically 5-10 is redwcedto stabilisethe model,locking
it ontoits targd.



5 Incorporating A-priori Road Information

In the initial implemenation no knowledge of roaddirection or typical speedswas
included. This forcedinitial velocity anddirection of travel estimatego zero. Section
4 descriteshow velocity anddirectionof travel informationareintegraliin thetrackirg
process. Poorinitial values for thesecanleadto failure of a modelto ‘lock ontd a
vehcle (especiallyin the farground. If aninitial zerovelodty hypothesisis used
a model meancan lag behird the centroidof the maving vehicle until the velocity
estimatebecanesmorerealistic. If imagesuppat is poa the lag canbecane great
enowghthatthevehide is lost. Thedirection of travel effectsthe percevedaspectatio
of thevelicle, this canalsoleadto poa tracking.

Thesolutionto this prablemis to build a prior model of typicalroadtravel directian
andspeedAs carstypically travel in the samedirection within alimited speedange,
onthesamestretchof road(dueto roadtraffic reguations)ary prior basedn previous
obserationshoud beareasoableestimateof theactualdirection andspeedf anewly
obseredvehicle.Ourprior mockl is trainedontheoutputof theinitial implementation
of thetracker, onthebasisthat,in gereral,this givesaccuratdrackingresultsandfalse
andmissingtracksarerareenoudn to betreatedasoutliersin ary statisticalmocel.

The positionoutputof thetracker is quartisedusingthe vecta quantiserprgposed
by JohnsorandHogg[7]. Positional(ground plane)spacds thenrepresetedasa set
of 2D Gaussiamixtures centredon theseVQ pratotypesusing the adaptive Kernel
methal [11] ®. This methal placesGaussiarKernelswith higher variancein areasof
lower protaype density In this way the ‘contribution’ of thei’ th pointin spaceo the
j’ th prototype maybe calculatedasin equaion 15.

(19

Giventhe velocity output of thetracler, a directionvecta () andspeedcanbe
calculatedor eachvehcle at eachtimestep.We usethe cortribution of eachof these
to eachpratotypeto calculatea weightedmeandirectionandspeedasin equaions 16
and17.

(16)

17

Figurel shows atypical groundplanevelocity maplearned
The velocity mapis usedto calculateaninitial estimateof velocity anddirectian
(unit nomalisedvelocity) whennew objectinstancesreinitialisedusingequatia 18.

(19

50Optimd performancewasacheved usinga window width around10 times smallerthanthe value sug-
gestedby Silverman[11]

10
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Figure5.1: Grourd PlaneVelocity Map Learnedrrom Tracked Data

6 System Evaluation

Thevehicletrackerwasevaluatedby drawing aboxarourd all vehiclesn asceneausing
aninteractive tool. Theresultsof thisfor a singleframeis shavn in figure 1.

Figure6.1: HandFitted BoxesUsedas'Ground truth’ for Evaluatian

This interactve fit was perfamed at ten frame intervals on a 1 minute / 25fps
sequene (i.e. 150 frames were labeledup). The sequenescontains102 separate
objectswith 12-28beingpresenin ary oneframe This givesa total of 25630bject
instancego evaluate The sequenceavas carefully choserno containseveral typesof
vehcles (cars,vars, lorries) anddifferent sortsof flow (congestedandrelatively free
flow). Statisticsfor how well the tracker matcheshis artificial ‘groundtruth’ were
then gathered. Figure 2 shaws resultsfor the complée tracker, in addition to two

11



inconpletetrackerswhich do notuseroaddirectian informationor colou information
in modelling theforeground objectsrespectidly.

Tracler ObjectsTracked Prop.FramesTracled
Full Tracker 100% 80.7% [20.2%)]
No Road 100% 78.6% [20.7 %]
No Colour 100% 79.3% [21.9%)]

Valuesgiven aremeanandstd. dev. overall objects
Figure6.2: Evaluationof Trackirg Results

Theresultspresentedn figure 2 arecomparablewith thosepresentedby Baymer
et al. [3] (althowgh evaluaed on a competely different sequence) Presentinghe
resultsaswe have dore however doesnottell the entirestory asthetracler perfams
muchbetterin heforegroundthanit doesin thebackgourd, asobjectsaresignificantly
smallerin the baclgrourd thanthe foreground dueto foreshatening To demorstrate
thistheinput imageis divided everly into threeregionsasillustratedin figure 3.

Background

Figure6.3 Definition of thethreeevaluationareas

Typical sizesof objectsin theseregions are 4x3, 8x7 and 16x11 pixels at a res-
olution of 180x144. This resolutionwas chosenasit is possibleto run the tracker
at nearframe rate (20-23Hz depenling on numter of objects)on a corventioral PC
(Pl 1GHz)atthis resolutian. Figure4 shaws theresultsfor thefull tracker presentd
dividedinto thesethreeregions.

Section ObjectsTracked Prop.FramesTracked
Foreground 100% 95.9% [12.0 %)]
Midground 99% 95.7% [15.9 %]
Background 99% 71.4% [27.5%]
Figure6.4: Evaluationof Trackirg Resultsfor differentRegions

It canbe seenthat the tracker perfams well in the foregrourd and midground
however perfamanceis poore in thebackgound An addtional consideationwhen
evaluatinganobjecttracker is multiple objecthypothesedeingassociatedavith differ-
entmodels. This is very rarely a prodem whentracking cars(typically lessthan1%
of carsareassociatedvith multiple hypothesis) however for larger vehiclessuchas

12



lorriesthisis afrequentproblem. Thesdarge vehiclesrepresen5-10% of thevehicles
obsered.

7 Discussion, Conclusions and Future Wor k

We have presentedh vehicle tracking systemthat haspoterniial for usein anonline
road monitaing scenario. The systemis basedon the comhbnation of a mixturesof
Gaussiangolou baclground modéd and a set of foregrourd modelseachof which
propagates singleestimateof anobjed position velocity, sizeandcolour distribution.
An a priori modelof typical roadtravel directionandspeedandpriors on objectsize
areusedin the initialisation phase. This systemhasbeenevaluatedoffline agairst a
handlabeledsequene andfound to berohustif a) Thereis sufficient resolutionin the
imagefor the backgpundmodelto distinguishan objed from sensomoise(typically
theobjectmustbeatleast6x6 pixelsin theimageplane)andb) the prior onthesizeof
thevehicleis accurate.

Issuea) is easilyaddessediy zooming the camerain further (andusingmultiple
camera if necessafy however issueb) is not so straightfaward. The initialisation
schemalescribedn this papetis ratherbasicandnotidealin termsof its initial position
andsizeestimateghoweverit is extremely compuationallyefficient). Pixelsthatdon't
matcha curren objecthypothesisare usedto initialise new objectinstancesn raster
scanorder Thisleadsto new hypothesedeinglocatedat the top left of a new object
(rather than at the centroid. Figure 1 illustratesthis works adequately for vehicles
of similar (or smaller)sizeto theinitial size hypothesishowever for larger vehicles
multiple hypothesismaybeinitialis/ed*\

/

' Object

) Initial Hypothesis

Figure7.1: Multiple InitialisationProdem for Large Vehicles

Increasingheinitial sizehypothesess notasolutionto this prodem asthis would
tendto associata hypothesesvith multiple vehicleswhenthesevehclesarein close
proximity. This is currerly not a greatproblemasthe initial size hypothesisvalues
arechoserto relateto the smallestobserablevehicles(cars)and,evenwhenin close
proximity, the colour modelof onegeneally domiratesand excludespixels relating
to the otherfrom the updhate stage. It canbe seenfrom figure 1 that the location of
the hypothesisare more of a problemthanthe (initially) fixedsize. Futurework will
investigateinitialisationschemeshatclusterpixelsun-associatedith currentvehicle
hypothesigo allow initial hypotheseso be betterlocatednearthecentoid of vehicles.
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Developing methals that perform this taskrobustly at framerateis a far from trivial
task.

Ferrymanet al. [5] presenta metha (basedon an earlier algoithm by Tan et
al. [14]) for identifying vehicletype (car, vanor lorry) by examining imagegradent
prdfilesandcompaing themto histogeamscalculateffline for thethreevehicletypes.
A similar methodcoud be usedwithin the context of our traclker to selectbetweera
setof sizepriors.

In conclsionwe have presentd anvehicle/djecttrackingschemebasedon gen-
eral assumptios abou sceneand objectcharacteristics.Theseassumptias (colou
consisteng for the backgoundand local position size, colour and velocity consis-
teng/ for moving objects)gererally hold trueandwe have identifiedpreviously where
theseassumptiasbreakdown. Thisis in contrat to moredetailedmodds whereas-
sumptias (suchasshapecorsisteny over objects)areat bestappraimatiors to the
truth. Priorson objectcharateristics(suchasinformationon expectedsizeandveloc-
ity) areeasilyincomporatednto this schemeThetracker coud beextendel to include
shapepriors (if apprgriate) which may modelobjectsbetterthanthe curren Gaus-
sianassumptionlt is however notclearthatary singleshapeorior would begeneally
applicalbe dueto thewide rangeof obseredobjectshapes..

The combination of backgoundandforegrourd modds senesto completdy ‘ex-
plain’ theobseredscenendis anappoachthatis now feasiblefor online(‘realtime’)
systemglueto the incresedcompuationalpower available There is muchscopefor
future researchnto method thatfully model(explain) anobsened sceneastheresult
of asetof undelying processes.
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