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Abstract ThispaperpresentstheObjectTrackingcompo-
nent of a completemulti-camera surveillancesystemthat
wasdevelopedaspart of theAVITRACK project.Theaimof
theprojectis to automaticallyrecogniseactivitiesarounda
parkedaircraft in an airport apronareato improvetheef�-
ciency, safetyand securityof the servicingoperation. The
overall Object Tracking componentcomprisesthree main
modules:Motion detection,frameto frameobjecttracking
andobjectcategorisation.

1 Intr oduction

This paperdescribeswork undertaken on the EU project
AVITRACK1. The main aim of this project is to automat-
ically recogniseactivities arounda parkedaircraft in anair-
portapronareato improvetheef�ciency, safetyandsecurity
of theoperation.

A combinationof visual surveillanceand event recog-
nition algorithmsareappliedin a multi-cameraend-to-end
systemproviding real-timerecognitionof theactivities and
interactionsof numerousvehiclesand personnelin a dy-
namic environment. The systemdescribedin this paper
is realisedat apronE-40at Toulouse-BlagnacInternational
Airport in France.Theability to recognisetheapronactivity
on live real-timedatais crucial to thesuccessof theproject
andthecompletesystemdescribedin this paperis suitable
for this task.Within this context we arefocusedon improv-
ing thedegreeof complexity thatcanbehandledby existing
real-timesurveillancesystems.

The trackingof moving objectson the apronhasprevi-
ously beenperformedusing a top-down model basedap-
proach[16] althoughsuchmethodsaregenerallycomputa-
tionally expensive whenappliedto real-timetracking. An
alternative approach,bottom-upscenetracking,refersto a
processthatcomprisesthetwo sub-processesmotiondetec-
tion andobjecttracking; theadvantageof bottom-upscene
trackingis that it is moregenericandcomputationallyef�-
cientcomparedto thetop-down method.

Motion detectionmethodsattemptto locateconnected

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

regionsof pixels that representthe moving objectswithin
the scene.Subsequentprocessessuchas trackingandob-
ject classi�cation are strongly dependenton them. There
are many ways to detectmoving objectsincluding frame-
to-framedifferencing[11], backgroundsubtraction[8] and
motion analysis[12] (e.g. optical �o w) techniques.Back-
groundsubtractionalgorithmsare the most commontype
of motion detectors.Suchalgorithmsstorean estimateof
thestaticscenecalledbackgroundmodel,which canbeac-
cumulatedover a periodof observation. This background
modelis subsequentlyappliedto �nd foreground(i.e. mov-
ing) regions that do not matchthe static scene. The air-
port apron, being an outdoor environment, provides sev-
eral challengesto motion detection.It musthandlea wide
rangeof environmentalconditions,weather, and illumina-
tion changes,which canbe long-termchanges(diurnal cy-
cle) or short-term(cloudmovements,re�ections, etc). The
AVITRACK testsequences,like many CCTV applications,
alsosuffer from chrominanceandluminancesensitivity and
have signi�cant JPEGartifacts. The moving objectsand
apronarealsoof anachromaticnaturewith low contrastbe-
tweentheobservedforegroundandbackground.

Object tracking can be describedas a correspondence
problem,andinvolves�nding whichobjectin avideoframe
relatesto which object in the next frame. Tracking algo-
rithms have to dealwith motion detectionerrorsandcom-
plex object interactions;e.g. objectsappearto merge to-
gether, occludeeachother, fragment,undergonon-rigidmo-
tion, etc. Apron analysispresentsfurther challengesdue
to the size of the vehiclestracked (e.g. the aircraft size
is 34x38x12metres),thereforeprolongedocclusionsoccur
frequentlythroughoutapronoperations.Theaproncanalso
becongestedwith objects;thisenhancesthedif�culty of as-
sociatingobjectswith regions. The Kanade-Lucas-Tomasi
(KLT) [14] algorithmconsidersfeaturesto be independent
entitiesandtrackseachof themindividually. TheCamShift
algorithm[4] usesappearancebased(colourhistogram)rep-
resentationof objectsto performtrackingusingthe mean-
shift algorithm.

Objectcategorisationcanbeconsideredastheprocessof
assigningclassownershipto moving objects. Subsequent
objectbehaviour analysisstronglydependson reliableob-
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Figure1: TheAVITRACK System.

jectclassi�cationin orderto havea�rm basisuponwhichto
act. This taskis speciallyinvestigatedby researcherssince
thereis currentlyno methodableto assureperfectclassi�-
cationof objects. Lipton et al. [11] proposethe useof the
dispersednessand the areaof object blobs to classify the
moving objectsinto vehicles,individualsandclutter. Kuno
et al. [10] presenta methodthat usesimpleshapeparame-
tersof humansilhouettepatternsto distinguishhumansfrom
othermoving objects.
Most of the methodsreviewed so far can be classi�ed as
bottom-uptechniques,in thatno high-level sceneinforma-
tion is usedin the classi�cation process. Top-down ap-
proachesusehigh-level informationaboutthesceneto clas-
sify objectsandrecognisetasks.Thework performedby [7]
usebothwire-frame(edge-based)3D modelsaswell astex-
tured 3D models. 3D model-basedclassi�cation provides
highaccurateresultsalthoughthecomputationtimerequired
to processthemodelsis high.

Theremainderof thispaperis organisedasfollows: Sec-
tion 2 introducesthecompleteAVITRACK system.Section
3 discussestheobjecttrackingmoduleandSection4 gives
experimentalresultsshowing the performanceof the pro-
posedobjecttrackingmodule.

2 The AVITRA CK System

The systemdeployed is a decentralisedmulti-cameraenvi-
ronmentwith overlapping�elds of view (FOV); eightcam-
erasare usedin the operationalprototypesystemto mon-
itor the scene. This systemis suitablefor monitoringair-
port apronssincethereareseveralcameramountingpoints
on the airport building and overlapping�elds of view are
requiredto ensureconsistentobjectlabellingandenhanced
occlusionreasoningwithin the scene.The majority of the
mountingpointsobserve theright handsideof thefuselage
sincethis is wheremost of the servicingoperations(such
asbaggageloading/unloading)take place;on the left hand
side of the fuselage,the servicingoperationof interestis
therefuellingoperation.Spatialregistrationof thecameras
is performedusingpercameracoplanarcalibrationandthe
camerastreamsaresynchronisedtemporallyacrossthenet-
work by a centralvideoserver.

2.1 SystemAr chitecture

Thearchitectureof thesystemis shown in Figure1 compris-
ing four main processingmodules- SceneTracking, Scene
CoherencyMaintenance, SceneUnderstanding, andtheHu-
manComputerInterfacemodule.Thesystemalsohasaddi-
tional of�ine modulesthat areusedfor cameracalibration,
a 2D/3D scenemodellingmodulefor generatinggeometric
andsemanticsceneandobjectmodels,a video event de�-

nition module,anda modulefor replayingarchivedvideos
with annotatedevents.

A main requirementbehindthe adoptedarchitectureis
thatthesystemmustbecapableof monitoringandrecognis-
ing the activities andinteractionof numerousvehiclesand
personnelin a dynamicenvironmentover extendedperiods
of time,operatingin real-timeat12.5FPS,with aframeres-
olutionof 720� 576andusingcolourvideostreams.

Becauseof therelatively low quantityof distributedmod-
ulesandthe physicaldistancesbetweenthem,thenetwork
operatesvia a standard1Gbethernet.Thecommunications
framework selectedfor the distributed modulesis based
on an OROCOS::SmartSoftCORBA [13] implementation.
Thisallowsfor theuseof namingservicesfor thedatabroad-
castedby amodule,andfor othermodulesto subscribeto it
dynamicallyat 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 server using the JPEG
format. Initially the plan was for the high-volume video
streamsto be transmittedon dedicatedconnections;but
after performingoperationaltestson the prototypesystem,
it was found that the CORBA framework is fast enough
to allow the video streamsto be transmittedas CORBA
services.

For theformatof thedatabroadcastedby theothermod-
ules, the XML standardis used; althoughinef�cient for
communicationover a network, the XML standardallows
the systemto be ef�ciently integratedasa seriesof black
box moduleswith a de�ned interfacebetweenthem. The
partnersin the projectareable to develop the modulesin-
dependentlywhile adheringto theXML interfacestandard;
this standardisationallowedthemodulesto besuccessfully
integratedin theend-to-endsystemwith few problems.The
addedadvantageof theXML is thatthehumanoperatorscan
manuallyinspecttheXML to explain somesystemfailures
thatmayoccurduringintegration.

2.2 ProcessingModules

ThemainonlineprocessingmodulescomprisingtheAVIT-
RACK system(seeFigure1) are:

� A SceneTrackingmodulecomprisingobjecttrackingand
datafusionsub-modules.Theobjecttracker sub-module
runs independentlyfor eachof the cameras,perform-
ing motiondetection,frameto frameobjecttrackingand
object categorisation. Then, a centraldatafusion sub-
modulereceivesthesingle-cameraobservationsfrom the
FrameTrackers,fusestheobservationsandgenerates3D
resultsto maximisetheusefulinformationcontentof the
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Figure 2: (Left) Frameof sequenceS21showing a transportervehicle. (Centre)A 3D appearancemodel �tted to the vehicle,with the
ground-plane(x,y) searchareashown in blue. (Right) x,y-sliceof theevaluationscoresurfacein the(x; y; � ) searchspace.

observablescene.

� The SceneCoherencyMaintenancemoduleusesa tem-
poral window and context information to improve the
trackingresultsto provide enhancedtrajectoryinforma-
tion requiredfor sceneunderstanding.

� The SceneUnderstandingmoduleusesthe tracking re-
sults from the previous moduleto perform video event
recognitionandhigh level sceneinterpretation.

� The HumanComputerInterfacemoduleis usedto dis-
play the trackingresults,the recognisedeventsandany
warnings/alarmsassociatedwith themasde�ned by the
systemoperator.

In this papertheObjectTrackersub-moduleis described
andevaluated.Moredetailsontheotherprocessingmodules
canbefoundin [6, 17].

3 Object Tracking

The AVITRACK Object Tracker sub-moduleconsistsof
motiondetection(section3.1) to �nd themoving objectsin
the observedscene,followed by object trackingin the im-
ageplaneof the camera(section3.2). The tracked objects
aresubsequentlyclassi�edusingahierarchicalobjectrecog-
nition scheme(section3.3). In this Sectionwe detail each
stepof theObjectTrackersub-module.

3.1 Motion Detection

The �rst task of the object trackingsub-moduleis to per-
form motion detectionto segmenta 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
andquantitatively evaluatedonvariousapronsequencesun-
der different environmentalconditions. Threealgorithms
(all basedon the aforementionedbackgroundsubtraction
method)wereshortlistedin the evaluationprocess,asthey
were found to have acceptablesusceptibilityto noiseand
gooddetectionsensitivity. Thesewerethemixtureof Gaus-
sians[15], colourandedgefusion[9] andcolourmeanand
variance[18]. After taking into accountthe evaluationre-
sults[1], thecolourmeanandvariancemethodwasthe�nal
choicefor AVITRACK.

Thecolourmeanandvariancemethodmodelstheback-
groundby a pixel-wiseGaussiandistribution over the nor-
malisedRGB colour space. This algorithm was extended
by a shadow/highlight detectioncomponentbasedon the
work of Horprasertetal [8] to makeit robustto illumination
changes;andby usingamulti-layeredbackgroundapproach
to allow the temporaryintegration into the backgroundof
objectsthatbecomestationaryfor ashorttimeperiod.More
detail is givenin [17].

3.2 Object Tracking

Imageplanebasedobjecttrackingmethodstakeasinput the
resultfrom themotiondetectionstageandcommonlyapply
trajectoryor appearanceanalysisto predict, associateand
updatepreviously observedobjectsin thecurrenttime step.
Onesuchmethod,theKanade-Lucas-Tomasi(KLT) feature
tracker[14] combinesalocal featureselectioncriterionwith
feature-basedmatchingin adjacentframes;this methodhas
theadvantagethatobjectscanbetrackedthroughpartialoc-
clusionwhenonly a sub-setof thefeaturesarevisible. Fea-
turesare consideredto be independententitieswhich are
tracked individually. Therefore,it is incorporatedinto a
higher-level tracking processthat groupsfeaturesinto ob-
jects,maintainassociationsbetweenthem,andusesthe in-
dividual featuretrackingresultsto trackobjects,takinginto
accountcomplex objectinteractions.

For eachobject O, a set of sparselocal featuresS is
maintained,with thenumberof featuresdetermineddynam-
ically from the object's sizeanda featuredensityparame-
ter. Using theobservations(connectedcomponentsof pix-
els) returnedat time t by the motion detector, and the list
of predictionsgeneratedfrom previously trackedobjects(at
t � 1), thetrackingprocessmatchespredictionsto observa-
tions. The matchingprocessusesboth the spatialand the
motioninformationof thelocal features.This is usedwithin
a rule-basedframework thathandlesobjectmerging and/or
splitting events. The spatialrule-basedreasoningis based
on the ideathat featuresarelong-livedandif a featurebe-
longsto anobjectOi at time t � 1, thenthe featureshould
remainspatiallywithin theforegroundregion of Oi at time
t; a functionbasedon thespatialmembershipof featuresis
usedfor matching. Motion informationof featuresis also
used,basedon the idea that featuresbelongingto an ob-
ject shouldfollow approximatelythe samemotion. Af�ne
motionmodelsare�tted to thefeaturesof anobject,which
arethenrepresentedaspointsin a motion parameterspace
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Figure3: Representative motiondetectionresultshowing (Left) referenceimage,(Middle) groundtruthand(Right) detectionresult.

andclusteringis performedto �nd themostsigni�cant mo-
tion(s)of thatobject.Thesemotionsare�ltered temporally
andusedto segmenttheobservationsat time t into distinct
motions.More detail in [17].

3.3 Object Categorisation

To ef�ciently recognisethe people and vehicles on the
apron,ahierarchicalapproachisappliedthatcomprisesboth
bottom-upandtop-down classi�cation. The �rst stagecat-
egorisesthe top-level typesof object that are expectedto
be found on the apron(people,groundvehicle,aircraft or
equipment);this is achieved using a bottom-upGaussian
mixturemodelclassi�er trainedonef�cient descriptorssuch
as 3D width, 3D height, dispersednessand aspectratio.
After the �rst coarseclassication,the secondstageof the
classicationis appliedto the vehiclecategory to recognise
the individual sub-typesof vehicle. Suchsub-typescannot
be determinedfrom simpledescriptorsandhencea proven
methodis used[7] to �t textured3D modelsto thedetected
objectsin thescene.

Detailed3D appearancemodelswereconstructedfor the
vehiclesand encodedusing the `facetmodel' description
languageintroducedin [16]. The model �t at a particular
world point is evaluatedby back-projectingthe 3D model
into theimageandperformingnormalisedcross-correlation
(NCC)of thefacet'sappearancemodelwith thecorrespond-
ing imagelocations. To �nd the best�t for a model, the
SIMPLEX algorithmis usedto �nd theposewith bestscore
in the searchspace,assumingthe model's movementsare
constrainedto beon theground-plane.SeeFigure2 for an
example.More detail is givenin [3].

4 Experimental Results

TheSceneTrackingevaluationassessestheperformanceof
themotiondetection,theframeto frameobjecttrackingand
thecategorisationcomponentson representativetestdata.

4.1 Motion DetectionMethod

To evaluate the performanceof the colour mean and
variancemotion detectorsix aprondatasetswere chosen.
20 referenceframes were chosenfrom each datasetfor
which groundtruth motion imageswere manuallygener-
ated. Thesesegmentedobjectswere comparedwith the
foregroundobjectsdetectedby the motion detector. The
performanceevaluation of the colour meanand variance
motiondetectoris describedin moredetail in [1].

Representative resultsof the colour meanand variance
detectoraredepictedin Figure3. It is notedthatsomeob-
jects are partially detected(Seeaircraft of Figure 3) due

to the achromaticityof the sceneand the presenceof fog
causesa relatively high numberof foregroundpixels to be
misclassi�edashighlightedbackgroundpixels resultingin
a decreasein accuracy. Weakshadowsalsocauseproblems,
oftendetectedaspartof themobileobjects.Holesandfrag-
mentationarepresentedin objectswith thesamecolour as
background.

4.2 Local FeatureTracking Method

To evaluatethe performanceof the local featuretracking
methodfour aprondatasetswerechosen.Dataset1 (1100
frames), Dataset2 (1100 frames) and Dataset3 (1700)
are acquiredon a cloudy day whereasDataset4 (2200
frames)containsthe presenceof fog. The datasetshave
beenmanuallyannotatedusingViPER annotationtool [5].
ViPER(VideoPerformanceEvaluationResource)is asemi-
automaticframework designedto facilitate and accelerate
the creationof groundtruth imagesequencesandevaluate
performanceof algorithms.TheViPER'sperformanceeval-
uationtool hasbeenusedto comparethe resultdataof the
local featuretrackingmethodwith thegroundtruth in order
to generatedatadescribingthesuccessor failureof theper-
formanceanalysis.At �rst, the evaluationtool attemptsto
matchtracked objects(TO) to groundtruth objects(GTO)
countingobjectsasmatcheswhenthefollowing metricdis-
tanceis lessthana giventhreshold.

D i (t; g) = 1� 2Ar ea(t i ^ gi )=(Ar ea(t i ) + Ar ea(gi )) (1)

Wheret i andgi de�ne thebounding-boxof thetrackedob-
jectsandgroundtruth objectsat framei respectively. Once
the tracked and ground truth objectshave beenmatched
truepositives(TP), falsenegatives(FN) andfalsepositives
objects(FP) are countedand summedup over the chosen
frames.Themetricsde�ned by Blacketal. [2] wereusedto
characterisethetrackingperformance.
Representative resultsof the local featuretrackingmethod
arepresentedin Figure4.

Shadows aredetectedandtracked aspart of the mobile
objectssuchasthetankerfrom Dataset1 andthetransporter
with containersfrom Dataset2 (SeeFigure4 (a,b)). In Fig-
ure4 (b) a containeris unloadedfrom theaircraftandin (c)
conesareunloadedby apersonfrom thefront of theservice
vehicle.Bothobjectsproduceaghostwhichremainsbehind
thepreviousobjectposition.An objectis integratedinto the
backgroundwhenbecomesstationary. In thesecases,ghosts
arecreatedwhenstationaryobjectsstartto moveagain.Fur-
thermore,ghostsareproducedwhenpartsof thebackground
startmoving. Objectsin thescenesuchastheaircraft from
Figure4 (d) arepartially detecteddueto theachromaticity
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(a) (b)

(c) (d)

Figure 4: Theresultsobtainedfrom thelocal featurebasedtrack-
ingalgorithm.Image(a)hasbeenchosenfromDataset1, image(b)
from Dataset2 andimages(c) and(d) from Dataset3 andDataset
4 respectively.

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: Performanceresultsof the local featuretracking algo-
rithm.

of thescene.
All groundtruth objectsof the evaluateddatasetswere

matchedto trackedobjects.ThetrackerdetectionrateTRDR
and the false alarm rate FAR were calculatedfor whole
frames. The resultsof this evaluationare depictedin Ta-
ble 1. The complexity of the scenepresentedin Dataset2
which includesa high amountof occlusionscausesa con-
siderablenumberof falsenegativesprovoking thedecrease
in TRDR(86%). Dataset3 containsghostsandre�ections
causingtheincreasein FAR(19%).

4.3 Object CategorisationMethod

The evaluationof theobjectcategorisationmodulewasdi-
vided into two sub-tasksto reject the hierarchicalmethod
in which classi�cationis performed:theper-framebottom-
up coarse-level classi�cation for the main typesof objects
(people,vehicles,aircraft,equipment)andthedetailedtop-
down vehiclerecognitionperformedby 3D model-�tting in
a backgroundprocess.Theseare:

� Coarsecategorisation:This taskdecideswhethertheob-
jectwascorrectlyclassi�ed in thecategoryor not.

� Recognitionof theobjectin thecategory: Whentheob-
ject was correctly classi�ed in its category, the object
recognitiontaskevaluatewhetherthecategorytypeof the
objectwascorrectlyassignedor not.

Table2 describesthepossiblecategoriesof theobjectsin
theevaluateddatasetsandfor eachcategory, therelatedsub-

Category Subcategories

Aircraft Aircraft
Vehicle GPU,tanker, transportanddollies,car, loader
Person Oneperson,groupof people
Equipment Container
Other Other

Table 2: Categoryof theobjectsandcorrespondentsubcategories.

Figure 5: Objectcategorisation. a) Sequence21, framenumber
5842, categorisedobjects: Aircraft, two vehicles,and a person.
b) Sequence25, framenumber493, categorisedobjects: Vehicle
andthreepeople.

categoriesareenumerated.Thesubcategoriesarenecessary
in orderto differentiateobjectswith similar taskor purpose
(e.g. vehicles).For this evaluation,four sequencescontain-
ing differentobjectcategoriesandsubcategorieswerecon-
sidered.

Theevaluationprocedurewasdoneasfollows: For each
sequence,theevaluationwasdoneframeby frame,checking
whetherobjectspresentin thescenewereproperlyclassi�ed
into theappropriatecategory or not. At thesametime, the
recognitionof the object by its subcategory was checked.
Whenthe classi�cation of the objectcorrespondswith the
realtypeof theobject,atruepositive(TP) is counted.When
theapplicationassignanincorrectclassto anobject,a false
positive(FP)is counted.Fig. 5 depictscategorisationresults
on differentsequences.Table3 summarisesthecategorisa-
tion resultsfor eachevaluatedsequence,in termsof coarse-
level and detailedlevel classi�cation. It shows that some
classi�cation errorsoccur during the coarse-level classi�-
cation. Theseerrorsappearespeciallyin sequence44 and
sequence10. Thereasonfor this is that thebottom-upfea-
turesusedduringthecategorisationprocessarenotproperly
detected,andthereforethecategorisationprocessfails. But
notethehigh accuracy obtainedon theothertwo evaluated
sequences.For thesub-typeclassi�cation,moreerrorsoccur
becauseof thesimilarity of severalof thevehiclesandalso
causedby incorrectmodel �tting by the SIMPLEX search
algorithm(local minimumfoundinsteadof theglobalone).

5 Conclusion

The colour meanand variancemotion detectorhas been
testedonsequenceswith variousweatherconditions,includ-
ing bright sunlightandfog. Gradualillumination changes
canbehandledwithout problems.Shadows provoke unde-
sirablesituationsin 3D objectreconstructionandtrackingas

5

file:../../cvww2006.pdf


VisualSurveillancefor Airport MonitoringApplications [ ]

Categorisation Subcategorisation
Sequence- Camera T+ F+ T+ F+

10 - 8 73.77 26.23 68.89 31.11

21 - 7 97.86 2.14 77.38 22.62

22 - 5 91.03 8.97 61.31 38.69

44 - 4 60.13 39.87 88.93 11.07

Table3: Objectcategorisationandobjectsubcategorisation.Clas-
si�cation rates.

they areincorporatedaspartof themobileobjects.Thelow
chromaticityinformationin thesceneprovokesdetectioner-
rorsreducingthesensitivity of themotiondetector.

The evaluationof the local featuretracker demonstrates
that theobjecttrackingmoduledetectsa high proportionof
the objectsin the sceneandtheseobjectsare tracked over
extendedtime periods. Underseverepartial partial occlu-
sionsthetracksbecomefragmentedandlosethetrackID.

Futurework on theobjecttracker is to improve thepre-
diction of the boundingboxeswhenobjectareundergoing
occlusionandto retaintheobjectID' sduringthisperiod.We
alsoplan to work on thereducingthe in�uencing of ghosts
andre�ectionson thetrackingprocedure.

Consideringobjectcategorization,it is necessaryto im-
provethecategorisationmethodin orderto avoid misclassi-
�cation into thesubcategories.A possiblemethodto apply
is to considerinformationof previousframeswhenanobject
hasbeenpreviously detectedandit wascategorised. Such
informationmightbepossibleto carryonfrom oneframeto
anotherlikea historyof theobject'scategory.
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