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Abstract Thispaperpresentghe ObjectTracking compo-
nent of a completemulti-camea surveillancesystemthat
wasdevelopedaspart of the AVITRACK project. Theaim of
the projectis to automaticallyrecagniseactivitiesarounda
parkedaircraft in anairport apron areato improvethe ef -
ciency safetyand securityof the servicingopemation. The
overall Object Tracking componenttomprisesthree main
modules:Motion detection frameto frameobjecttracking
andobjectcategorisation.

1 Intr oduction

This paperdescribeswork undertalen on the EU project
AVITRACK!. The main aim of this projectis to automat-
ically recogniseactivities arounda parkedaircraftin anair-
portapronareato improvetheef ciency, safetyandsecurity
of theoperation.

A combinationof visual suneillance and event recog-
nition algorithmsare appliedin a multi-cameraend-to-end
systemproviding real-timerecognitionof the actities and
interactionsof numerousvehiclesand personnelin a dy-
namic ervironment. The systemdescribedin this paper
is realisedat apronE-40 at Toulouse-Blagnainternational
Airport in France.Theability to recogniséheapronactiity
onlive real-timedatais crucialto the succes®f the project
andthe completesystemdescribedn this paperis suitable
for this task. Within this context we arefocusedonimprov-
ing thedegreeof compleity thatcanbehandledby existing
real-timesunweillancesystems.

The tracking of moving objectson the apronhasprevi-
ously beenperformedusing a top-davn model basedap-
proach[16] althoughsuchmethodsaregenerallycomputa-
tionally expensve when appliedto real-timetracking. An
alternatve approachpottom-upscenetracking, refersto a
procesghatcompriseghe two sub-processeasmotiondetec-
tion andobjecttracking; the advantageof bottom-upscene
trackingis thatit is moregenericandcomputationallyef -
cientcomparedo thetop-dovn method.

Motion detectionmethodsattemptto locate connected

1Thiswork is supportedy theEU, grantAVITRACK (AST3-CT-2003-
502818).

regions of pixels that representhe moving objectswithin
the scene. Subsequenprocessesuchastracking and ob-
ject classi cation are strongly dependenbn them. There
are mary waysto detectmoving objectsincluding frame-
to-framedifferencing[11], backgroundsubtraction 8] and
motion analysis[17] (e.g. optical o w) techniques.Back-
ground subtractionalgorithmsare the most commontype
of motion detectors. Suchalgorithmsstore an estimateof
the staticscenecalledbackgroundnodel,which canbe ac-
cumulatedover a period of obsenation. This background
modelis subsequenthappliedto nd foreground(i.e. mov-
ing) regionsthat do not matchthe static scene. The air-
port apron, being an outdoor ervironment, provides sev-
eral challengego motion detection. It musthandlea wide
rangeof ervironmentalconditions,weathey andillumina-
tion changeswhich canbe long-termchangegdiurnal cy-
cle) or short-term(cloud movementsye ections, etc). The
AVITRACK testsequencedike mary CCTV applications,
alsosuffer from chrominanceandluminancesensitvity and
have signi cant JPEGartifacts. The moving objectsand
apronarealsoof anachromatimaturewith low contraste-
tweenthe obsenedforegroundandbackground.

Object tracking can be describedas a correspondence
problem,andinvolves nding which objectin avideoframe
relatesto which objectin the next frame. Tracking algo-
rithms have to dealwith motion detectionerrorsand com-
plex objectinteractions;e.g. objectsappearto meige to-
getheroccludeeachother, fragmentundegonon-rigidmo-
tion, etc. Apron analysispresentsurther challengesdue
to the size of the vehiclestracked (e.g. the aircraft size
is 34x38x12metres) thereforeprolongedocclusionsoccur
frequentlythroughoutapronoperationsThe aproncanalso
be congestedvith objects;thisenhancethedif culty of as-
sociatingobjectswith regions. The Kanade-Lucas-dmasi
(KLT) [14] algorithmconsiderdeaturesto be independent
entitiesandtrackseachof themindividually. The CamShift
algorithm[4] usesappearancbasedcolourhistogramyep-
resentatiorof objectsto performtrackingusingthe mean-
shift algorithm.

Objectcategyorisationcanbe consideredsthe procesof
assigningclassownershipto moving objects. Subsequent
objectbehaiour analysisstrongly depend=n reliable ob-
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Figure1l: TheAVITRACK System.
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jectclassi cationin orderto havea rm basisuponwhichto
act. This taskis speciallyinvestigatedy researchersince
thereis currentlyno methodableto assureperfectclassi -
cation of objects. Lipton et al. [11] proposethe useof the
dispersednesand the areaof objectblobsto classify the
moving objectsinto vehicles,individualsandclutter Kuno
etal. [10] presenta methodthat usesimple shapeparame-
tersof humansilhouettepatterngo distinguishhumangrom
othermoving objects.

Most of the methodsreviewed so far can be classi ed as
bottom-uptechniquesin that no high-level sceneinforma-
tion is usedin the classi cation process. Top-dowvn ap-
proachesisehigh-level informationaboutthe scengo clas-
sify objectsandrecognisdasks.Thework performedoy [7]
usebothwire-frame(edge-based3D modelsaswell astex-
tured 3D models. 3D model-basedlassi cation provides
highaccurateesultsalthoughthecomputatiortimerequired
to procesghemodelsis high.

Theremaindeof this paperis organisedasfollows: Sec-
tion 2 introduceghe completeAVITRACK system.Section
3 discusseshe objecttrackingmoduleand Section4 gives
experimentalresultsshaving the performanceof the pro-
posedobjecttrackingmodule.

2 The AVITRA CK System

The systemdeployedis a decentralisedanulti-cameraervi-
ronmentwith overlapping elds of view (FOV); eightcam-
erasare usedin the operationalprototypesystemto mon-
itor the scene. This systemis suitablefor monitoring air-
port apronssincethereare several cameramountingpoints
on the airport building and overlapping elds of view are
requiredto ensureconsistenbbjectlabellingandenhanced
occlusionreasoningwithin the scene. The majority of the
mountingpointsobsene the right handsideof the fuselage
sincethis is wheremost of the servicingoperationgsuch
asbaggagdoading/unloading}ake place;on the left hand
side of the fuselage,the servicing operationof interestis
therefuelling operation.Spatialregistrationof the cameras
is performedusingper cameracoplanarcalibrationandthe
camerastreamsare synchronisedemporallyacrosghe net-
work by a centralvideosener.

2.1 SystemArchitecture

Thearchitectureof thesystems shavnin Figurel compris-
ing four main processingnodules- Scenéelradking, Scene
CoheencyMaintenanceScendJnderstanding andtheHu-
manComputetnterfacemodule. The systemalsohasaddi-
tional of ine modulesthat are usedfor cameracalibration,
a 2D/3D scenemodellingmodulefor generatinggeometric
and semanticsceneand objectmodels,a video eventde -
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nition module,anda modulefor replayingarchivedvideos
with annotatedvents.

A main requirementehindthe adoptedarchitectureis
thatthe systenmustbe capableof monitoringandrecognis-
ing the actwities andinteractionof numerousvehiclesand
personneln a dynamicernvironmentover extendedperiods
of time, operatingn real-timeat12.5FPS with aframeres-
olutionof 720 576andusingcolourvideostreams.

Becausef therelatively low quantityof distributedmod-
ulesandthe physicaldistancedetweenthem, the network
operatewia a standardLGb ethernet.The communications
framawork selectedfor the distributed modulesis based
on an OROCOS::SmartSofCORBA [13] implementation.
Thisallowsfor theuseof namingservicedor thedatabroad-
castedby amodule,andfor othermodulesto subscribeo it
dynamically at run-time, thus allowing the network to be
e xible andadaptat run-timeto differenthardwarecon gu-
rations.

The video streamsare synchronisedtemporally and
broadcastedby a central video sener using the JPEG
format. Initially the plan was for the high-volume video
streamsto be transmittedon dedicatedconnections;but
after performingoperationatestson the prototypesystem,
it was found that the CORBA framework is fast enough
to allow the video streamsto be transmittedas CORBA
services.

For the format of the databroadcastetdy the othermod-
ules, the XML standardis used; althoughinefcient for
communicationover a network, the XML standardallows
the systemto be ef ciently integratedas a seriesof black
box moduleswith a de ned interfacebetweenthem. The
partnersin the projectareableto develop the modulesin-
dependentlyhile adheringto the XML interfacestandard;
this standardisatioallowed the modulesto be successfully
integratedin theend-to-endsystemwith few problems.The
addedadvantageof the XML is thatthehumanoperatorean
manuallyinspectthe XML to explain somesystemfailures
thatmayoccurduringintegration.

2.2 ProcessingModules

The mainonline processingnodulescomprisingthe AVIT-
RACK system(seeFigurel) are:

A Scendlracking modulecomprisingobjecttrackingand
datafusion sub-modulesThe objecttracker sub-module
runs independentlyfor eachof the cameras,perform-
ing motiondetectionframeto frameobjecttrackingand
object catgyorisation. Then, a centraldatafusion sub-
modulerecevesthesingle-camerabsenationsfrom the
FrameTrackers,fusestheobsenationsandgenerate8SD
resultsto maximisethe usefulinformationcontentof the
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Figure 2: (Left) Frameof sequencé&21shawving a transportevehicle. (Centre)A 3D appearancenodel tted to the vehicle, with the
ground-plan€x,y) searchareashavn in blue. (Right) x,y-sliceof the evaluationscoresurfacein the(x; y; ) searchspace.

obsenablescene.

The SceneCoheencyMaintenancemoduleusesa tem-
poral window and context information to improve the
trackingresultsto provide enhancedrajectoryinforma-
tion requiredfor sceneunderstanding.

The SceneUndeistandingmodule usesthe tracking re-
sults from the previous moduleto perform video event
recognitionandhigh level scendnterpretation.

The HumanComputerinterfacemoduleis usedto dis-
play the trackingresults,the recognisedventsand ary
warnings/alarmsssociatedvith themasde ned by the
systemoperator

In this paperthe ObjectTracker sub-modulds described
andevaluated More detailsontheotherprocessingnodules
canbefoundin [6, 17].

3 Object Tracking

The AVITRACK Object Tracker sub-moduleconsistsof
motiondetection(section3.1) to nd the moving objectsin
the obsened scene followed by objecttrackingin the im-
ageplaneof the camera(section3.2). Thetracked objects
aresubsequentlglassi edusingahierarchicabbjectrecog-
nition scheme(section3.3). In this Sectionwe detail each
stepof the ObjectTracker sub-module.

3.1 Motion Detection

The rst taskof the objecttracking sub-moduleis to per
form motion detectionto sggmenta video imageinto con-
nectedregions of foreground pixels that representmov-
ing objects. Theseresultsare then usedto track objects
of interestacrossmultiple frames. For AVITRACK, a to-
tal of 16 motion detectionalgorithmswere implemented
andquantitatvely evaluatedon variousapronsequencesn-
der different ervironmentalconditions. Three algorithms
(all basedon the aforementionedackgroundsubtraction
method)were shortlistedin the evaluationprocessasthey
were found to have acceptablesusceptibilityto noiseand
gooddetectionsensitvity. Thesewerethe mixture of Gaus-
siang[15], colourandedgefusion[9] andcolourmeanand
variance[18]. After takinginto accountthe evaluationre-
sults[1], the colourmeanandvariancemethodwasthe nal
choicefor AVITRACK.

The colourmeanandvariancemethodmodelsthe back-
groundby a pixel-wise Gaussiardistribution over the nor-
malisedRGB colour space. This algorithm was extended
by a shadaev/highlight detectioncomponentbasedon the
work of Horpraseretal [8] to makeit robustto illumination
changesandby usingamulti-layeredbackgroundapproach
to allow the temporaryintegrationinto the backgroundof
objectsthatbecomestationaryfor a shorttime period.More
detailis givenin [17].

3.2 Object Tracking

Imageplanebasedbjecttrackingmethodgake asinputthe
resultfrom the motiondetectionstageandcommonlyapply
trajectoryor appearancanalysisto predict, associateand
updatepreviously obsenedobjectsin the currenttime step.
Onesuchmethod the Kanade-Lucas-dmasi(KLT) feature
tracker[14] combinesalocal featureselectiorcriterionwith
feature-basedhatchingin adjacenframes;this methodhas
theadwantageahatobjectscanbetrackedthroughpartialoc-
clusionwhenonly a sub-sebf thefeaturesarevisible. Fea-
turesare consideredo be independententitieswhich are
tracked individually. Therefore,it is incorporatedinto a
higherlevel tracking processthat groupsfeaturesinto ob-
jects, maintainassociationbetweenthem,andusesthe in-
dividual featuretrackingresultsto track objects takinginto
accounttomplex objectinteractions.

For eachobject O, a setof sparselocal featuressS is
maintainedwith thenumberof featuresdeterminedlynam-
ically from the object's size and a featuredensityparame-
ter. Usingthe obsenations(connecteccomponent®f pix-
els) returnedat time t by the motion detector and the list
of predictionggeneratedrom previously tracked objects(at
t 1), thetrackingprocessnatchegredictionsto obsena-
tions. The matchingprocessusesboth the spatialandthe
motioninformationof thelocalfeaturesThisis usedwithin
arule-basedramavork thathandlesobjectmerging and/or
splitting events. The spatialrule-basedeasonings based
on theideathat featuresarelong-lived andif a featurebe-
longsto anobjectO; attimet 1, thenthefeatureshould
remainspatiallywithin the foregroundregion of O; attime
t; afunction basedon the spatialmembershipf featureds
usedfor matching. Motion information of featuresis also
used,basedon the ideathat featuresbelongingto an ob-
ject shouldfollow approximatelythe samemotion. Af ne
motionmodelsare tted to the featuresof an object,which
arethenrepresente@s pointsin a motion parametespace
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andclusteringis performedio nd the mostsigni cant mo-
tion(s) of thatobject. Thesemotionsare Itered temporally
andusedto sgmentthe obsenationsat time t into distinct
motions.More detailin [17].

3.3 Object Categorisation

To efciently recognisethe people and vehicleson the
apron ahierarchicabpproachs appliedthatcomprisesoth
bottom-upandtop-down classi cation. The rst stagecat-
egorisesthe top-level typesof objectthat are expectedto
be found on the apron(people,groundvehicle, aircraft or
equipment);this is achieved using a bottom-up Gaussian
mixturemodelclassi ertrainedon ef cient descriptorsuch
as 3D width, 3D height, dispersednesand aspectratio.
After the rst coarseclassicationthe secondstageof the
classicationis appliedto the vehicle categyory to recognise
theindividual sub-typesof vehicle. Suchsub-typescannot
be determinedrom simpledescriptorandhencea proven
methodis used[7] to t textured3D modelsto the detected
objectsin thescene.

Detailed3D appearanceodelswereconstructedor the
vehiclesand encodedusing the “facetmodel' description
languageintroducedin [16]. The model t at a particular
world point is evaluatedby back-projectinghe 3D model
into theimageandperformingnormaliseccross-correlation
(NCC) of thefacets appearancemodelwith the correspond-
ing imagelocations. To nd the bestt for a model, the
SIMPLEX algorithmis usedto nd theposewith bestscore
in the searchspace,assuminghe model's movementsare
constrainedo be on the ground-plane SeeFigure 2 for an
example.More detailis givenin [3].

4 Experimental Results

The SceneTrackingevaluationassessethe performancef
themotiondetectiontheframeto frameobjecttrackingand
the categyorisationcomponent®n representatie testdata.

4.1 Motion DetectionMethod

To evaluate the performanceof the colour mean and
variancemotion detectorsix apron datasetswvere chosen.
20 referenceframes were chosenfrom each datasetfor
which groundtruth motion imageswere manually gener
ated. Thesesegmentedobjectswere comparedwith the
foreground objectsdetectedby the motion detector The
performanceevaluation of the colour meanand variance
motiondetectoris describedn moredetailin [1].
Representate resultsof the colour meanand variance
detectoraredepictedin Figure3. It is notedthatsomeob-
jects are partially detected(Seeaircraft of Figure 3) due

4

Figure 3: Representate motiondetectionresultshaving (Left) referencémage,(Middle) groundtruth and(Right) detectiorresult.

to the achromaticityof the sceneand the presenceof fog

causes relatively high numberof foregroundpixelsto be
misclassi edas highlightedbackgroundoixels resultingin

adecreasé accurag. Weakshadaevs alsocauseproblems,
oftendetectedhspartof themobile objects.Holesandfrag-
mentationare presentedn objectswith the samecolouras
background.

4.2 Local Feature Tracking Method

To evaluatethe performanceof the local featuretracking
methodfour aprondatasetsvere chosen. Datasetl (1100
frames), Dataset2 (1100 frames)and Dataset3 (1700)
are acquiredon a cloudy day whereasDataset4 (2200
frames)containsthe presenceof fog. The datasetshave
beenmanuallyannotatedising VIiPER annotationtool [5].
VIPER (VideoPerformancdvaluationResourcejs asemi-
automaticframework designedto facilitate and accelerate
the creationof groundtruth imagesequenceandevaluate
performancef algorithms.TheVIPER's performanceval-
uationtool hasbeenusedto comparethe resultdataof the
local featuretrackingmethodwith the groundtruthin order
to generatalatadescribingthe successr failure of the per
formanceanalysis. At rst, the evaluationtool attemptsto
matchtracked objects(TO) to groundtruth objects(GTO)
countingobjectsasmatchesvhenthe following metricdis-
tanceis lessthana giventhreshold.

Di(tg) =1 2Area(t;" g)=(Area(t;) + Area(g)) (1)

Wheret; andg; de ne the bounding-boxof the tracked ob-

jectsandgroundtruth objectsat framei respectrely. Once
the tracked and ground truth objectshave beenmatched
true positves(TP), falsenegatives(FN) andfalsepositives
objects(FP) are countedand summedup over the chosen
frames.Themetricsde ned by Black etal. [2] wereusedto

characteris¢hetrackingperformance.

Representate resultsof the local featuretrackingmethod
arepresentedh Figure4.

Shadavs are detectedcandtracked as part of the mobile
objectssuchasthetankerfrom Datasetl andthetransporter
with containerdrom Datase® (SeeFigure4 (a,b)). In Fig-
ure4 (b) acontaineris unloadedrom theaircraftandin (c)
conesareunloadedy apersonfrom thefront of the service
vehicle.Bothobjectsproduceaghostwhich remainsehind
thepreviousobjectposition. An objectis integratedinto the
backgroundvhenbecomestationary In thesecasesghosts
arecreatedvhenstationaryobjectsstartto move again.Fur
thermore ghostsareproducedvhenpartsof thebackground
startmoving. Objectsin the scenesuchasthe aircraftfrom
Figure4 (d) arepartially detecteddueto the achromaticity
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(@) (b)

(© (d)

Figure 4: Theresultsobtainedfrom thelocal featurebasedrack-
ing algorithm.Image(a) hasbeenchoserfrom Datasetl, image(b)
from Datase® andimages(c) and(d) from Dataset3 andDataset
4 respectiely.

Dataset | TP | FP | FN [ TRDR | FAR |

1 2427 | 52 | 106 0.96 0.02
2 2413 | 92 | 392 0.86 0.04
3 2330 | 536 | 73 0.97 0.19
4 3724 | 69 | 218 0.94 0.02

Table 1: Performanceesultsof the local featuretracking algo-
rithm.

of thescene.

All groundtruth objectsof the evaluateddatasetsvere
matchedo trackedobjects.Thetrackerdetectiorrate TRDR
and the false alarm rate FAR were calculatedfor whole
frames. The resultsof this evaluationare depictedin Ta-
ble 1. The complexity of the scenepresentedn Dataset?
which includesa high amountof occlusionscauses con-
siderablenumberof falsenegativesprovoking the decrease
in TRDR(86%). Dataset3 containsghostsandre ections
causingheincreasen FAR (19%).

4.3 Object CategorisationMethod

The evaluationof the objectcategorisationmodulewas di-

vided into two sub-taskgo rejectthe hierarchicalmethod
in which classi cationis performed:the perframebottom-
up coarse-lgel classi cationfor the main typesof objects
(people,vehicles aircraft,equipmentiandthe detailedtop-
down vehiclerecognitionperformedby 3D model- tting in

abackgroungrocessTheseare:

Coarsecatagyorisation:This taskdecidesvhetherthe ob-
jectwascorrectlyclassi edin the cateyory or not.

Recognitionof the objectin the category: Whenthe ob-
ject was correctly classi ed in its cateyory, the object
recognitiontaskevaluatewhetherthecateyorytypeof the
objectwascorrectlyassignedr not.

Table2 describesghe possiblecateyoriesof theobjectsin
theevaluateddatasetandfor eachcateyory, therelatedsub-

Catgory  Subcatgories

Aircraft Aircraft

Vehicle GPU, tanker, transportanddollies, car, loader
Person Onepersongroupof people

Equipment Container
Other Other

Table 2: Cateyory of the objectsandcorrespondergubcatgories.

Figure 5: Objectcateyorisation. a) Sequencel, frame number
5842, catgyorisedobjects: Aircraft, two vehicles,and a person.
b) Sequence5, frame number493, catgorisedobjects: Vehicle
andthreepeople.

catgjoriesareenumeratedThe subcatgoriesarenecessary
in orderto differentiateobjectswith similartaskor purpose
(e.g. vehicles).For this evaluation,four sequencesontain-
ing differentobjectcateyoriesand subcatgorieswerecon-
sidered.

The evaluationprocedurevasdoneasfollows: For each
sequenceaheevaluationwasdoneframeby frame,checking
whetherobjectspresentn thescenewnereproperlyclassi ed
into the appropriatecateyory or not. At the sametime, the
recognitionof the object by its subcatgory was checled.
Whenthe classi cation of the object correspondsvith the
realtypeof theobject,atruepositive (TP) is counted When
the applicationassignanincorrectclassto anobject,afalse
positive (FP)is counted.Fig. 5 depictscatagyorisationresults
on differentsequencesTable 3 summariseshe cateyorisa-
tion resultsfor eachevaluatedsequencen termsof coarse-
level and detailedlevel classi cation. It showvs that some
classi cation errors occur during the coarse-lgel classi -
cation. Theseerrorsappearespeciallyin sequencet4 and
sequencd 0. Thereasorfor thisis thatthe bottom-upfea-
turesusedduringthe cateyorisationprocessarenotproperly
detectedandthereforethe cateyorisationprocesdails. But
notethe high accurag obtainedon the othertwo evaluated
sequenced-or thesub-typeclassi cation,moreerrorsoccur
becausef the similarity of several of the vehiclesandalso
causedy incorrectmodel tting by the SIMPLEX search
algorithm(local minimumfoundinsteadof the globalone).

5 Conclusion

The colour meanand variancemotion detectorhas been
testedonsequencewith variousweatheiconditionsjnclud-
ing bright sunlightandfog. Gradualillumination changes
canbe handledwithout problems.Shadavs provoke unde-
sirablesituationgn 3D objectreconstructiorandtrackingas
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Cateagorisation| Subcatgorisatio
Sequence Camera T+ F+ T+ F.
10-8 73771 2623 |68.89 3111
21-7 9784 214  |77.39 22.62
22-5 91.03 897 [61.31 38.69
44-4 60.13  39.87 [88.93 11.07

Table 3: Objectcateyorisationandobjectsubcatgorisation.Clas-
si cation rates.

they areincorporatedaspartof the mobile objects.Thelow
chromaticityinformationin thescengprovokesdetectiorer-
rorsreducingthe sensitvity of themotiondetector

The evaluationof the local featuretracker demonstrates
thatthe objecttrackingmoduledetectsa high proportionof
the objectsin the sceneandtheseobjectsare tracked over
extendedtime periods. Under severe partial partial occlu-
sionsthetracksbecomdragmentedandlosethetrackID.

Futurework on the objecttracker is to improve the pre-
diction of the boundingboxeswhen objectare undegoing
occlusionandto retaintheobjectiD' sduringthis period.We
alsoplanto work on thereducingthein uencing of ghosts
andre ectionsonthetrackingprocedure.

Consideringobjectcategorization,it is necessaryo im-
provethe cateyorisationmethodin orderto avoid misclassi-
cation into the subcatgories. A possiblemethodto apply
is to consideiinformationof previousframeswvhenanobject
hasbeenpreviously detectedandit was categorised. Such
informationmightbepossibleto carryonfrom oneframeto
anothellik e a history of the object's category.
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