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1 Intr oduction

Videounderstandingaimsto automaticallyrecogniseactivitiesoccuringin a complex environmentobserved

throughvideo cameras.We areinterestedin understandingvideosobserved by surveillanceCCTV camera

network for therecognitionof long-termactivities involving mobileobjectsof differentcategories(e.g.peo-

ple,aircraft,truck,cars).More precisely, our goal is to studythedegreeof complexity which canbehandled

with surveillancesystems,andin particularto go beyondexisting systems[?]. We areinterestedin complex

scenesin termsof actorsparticipatingto theactivities, largespatio-temporalscaleandcomplex interactions.

Video understandingrequiresseveral processingstagesfrom pixel-basedvideo streamanalysisup to high

level behaviour recognition.In this paper, we proposean original approachfor video understanding.This

approachcanbe divided into threemain stages: SceneTracking,CoherenceMaintenance,andSceneUn-

derstanding(asshown on Figure1). SceneTrackingconsists�rst in detectingobjectsbasedon their motion,

trackingthemover time andcategorisingthem(e.g.people,aircraft,truck,cars)percamera,thenwith a data

fusionstepin computingthe3D positionof mobileobjectsin a globalcoordinatesystem.CoherenceMain-

tenanceconsistsin computinga comprehensive andcoherentrepresentationof the 3D scenetogetherwith

theupdatingof its evolution in time. SceneUnderstandingconsistsin real-timerecognitionof videoevents

accordingto end-userneedsusingcoherentSceneTrackingresultsasinput.

Eachstagehasto copewith speci�c problemsin orderto provideaccurateandreliabledatato thenext stage.

In this paper, we want morespeci�cally to addressthreechallenges.First, mostof video surveillancesys-

tems[?] arestill not ableto run aroundtheclock, in particularin outdoorenvironments.For instance,most

of themarenotableto handlethelargevarietyof realapplicationconditionssuchassnow, sunset,fog, night.

Our goal is thus to proposea robust enoughtrackingprocessto be able to recogniseeventswhatever the

applicationconditionsare.Second,evenfor operationalvideosurveillancesystems[?], it is still an issueto

monitora largescenewith a cameranetwork. Finally, a remainingissuefor videosurveillancesystemsis to

automaticallyrecognisecomplex eventsinvolving severalactorswith sophisticatedtemporalrelationships.
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In this paper, we want to addresstheseissueswith our video understandingapproachandto validateit

for Airport Activity Monitoring. This work hasbeenundertaken in the framework of the Europeanproject

AVITRACK. In this application,theaim is to performreal-timerecognitionof handlingoperationsoccuring

aroundanaircraftparkedon anapronarea.Thevideosequencesareprovidedby a network containingeight

colour720� 576resolutioncameraswith overlapping�elds of view.

The�rst sectiondealswith SceneTracking,thesecondsectiondealswith thecoherencemaintenanceof the

3D dynamicsceneandthethird onedescribesin detailsSceneUnderstanding.In thelastsection,resultsare

analysedin theFramework of theAVITRACK project.

8

1
1 Scene

Tracking

Scene
Coherency

Maintenance
XML XML

Scene
Understanding

Video Streams

XML
Human

Computer
Interface

Fig. 1 Video UnderstandingOverview. The main datastreamstartsfrom the videosup to humancomputerinterface.In this

system,no feedbackhasbeensetupduemainly to two reasons:theend-usersrequirementdid not mentionit andfeedbackhas

thetendency to slow down thewholeprocess.

2 SceneTracking

The AVITRACK SceneTrackingmodulecomprisestwo distinctstages— percamera(2D) objecttracking

andcentralisedworld (3D) objecttracking.Thepercameraobjecttrackingconsistsof motiondetection(sec-

tion 2.1) to �nd themoving objectsin theobservedscene,followedby objecttrackingin theimageplaneof

thecamera(section2.2).Thetrackedobjectsaresubsequentlyclassi�edusinga hierarchicalobjectrecogni-

tion scheme(section2.3).Thetrackingresultsfrom theeightcamerasarethensentto a centralserver where

themultiple observationsarefusedinto singleestimates(section2.4). In this Sectionwe detaileachstepof

theSceneTrackingmodule.

2.1 Motion Detection

Motion Detectionsegmentstheimageinto connectedregionsof foregroundpixelsthatrepresentmoving ob-

jects.Theseresultsarethenusedto trackobjectsof interestacrossmultiple frames.After evaluatingseveral
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motiondetectionalgorithmsfor theairportapronenvironment(seeresultsin [?]), thecolourmeanandvari-

ance[?] backgroundsubtractionalgorithmwasselectedfor AVITRACK. This algorithmusesa pixel-wise

Gaussiandistribution over the normalisedRGB colour for modelling the background.This algorihtmwas

extendedby includinga shadow/highlight detectioncomponentbasedon thework of Horprasertet al [?] to

makemotiondetectionrobustto illuminationchanges.In addition,amulti-layeredbackgroundapproachwas

adoptedto allow theintegrationinto thebackgroundof objectsthatbecomestationaryfor ashorttimeperiod.

More detailin [?].

2.2 ObjectTracking

Real-timeobjecttrackingcanbedescribedasa correspondenceproblem,andinvolves�nding which object

in avideoframerelatesto whichobjectin thenext frame.Normally, thetimeinterval betweentwo successive

framesis small,thereforeinter-framechangesarelimited, thusallowing theuseof temporalconstraintsand

objectfeaturesto simplify thecorrespondenceproblem.

TheKanade-Lucas-Tomasi(KLT) featuretrackingalgorithm[?] is usedfor trackingobjectsin theAVI-

TRACK system.This combinesa local featureselectioncriterion with feature-basedmatchingin adjacent

frames.But theKLT algorithmconsidersfeaturesto beindependententitiesandtrackseachof themindivid-

ually. To move from thefeaturetrackinglevel to theobjecttrackinglevel, theKLT algorithmis incorporated

into a higher-level trackingprocess:this groupsfeaturesinto objects,maintainassociationsbetweenthem,

andusesthe individual featuretrackingresultsto track objects,while taking into accountcomplex object

interactions.

For eachobjectO, a setof sparsefeaturesSis maintained.jSj — thenumberof featuresperobject— is

determineddynamicallyfrom theobject's sizeanda con�gurablefeaturedensityparameterr :

jSj =
area(O)

jwj2
� r (1)

wherejwj is the sizeof the feature's window (9� 9 pixels in our case).In experimentsr = 1:0 i.e. jSj is

themaximalnumberof featuresthatcanspatiallycover objectO, without overlapbetweenthelocal feature

windows.

TheKLT tracker takesasinput thesetof observations
�

M j
	

identi�ed by themotiondetector. Here,an

observationM j is aconnectedcomponentof foregroundpixels,with theadditionof anearestneighbourspatial
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�lter of clusteringradiusrc, i.e., connectedcomponentswith gaps� rc areconsideredasoneobservation.

Givensucha setof observations
n

Mt
j

o
at time t, andthesetof trackedobjects

�
Ot� 1

i

	
at t � 1, thetracking

processis summarisedas:

1. Generateobjectpredictionsf Pt
i g for timet from thesetof known objects

�
Ot� 1

i

	
at t � 1, with thesetof

featuresSPt
i

setto SOt� 1
i

.

2. RuntheKLT algorithmto individually trackeachlocal featurebelongingto SPt
i

of eachprediction.

3. Givenasetof observations
n

Mt
j

o
detectedby themotiondetector, matchpredictionsf Pt

i g to observations

by determiningto whichobservationMt
j thetrackedlocal featuresof Pt

i belongto.

4. Any remainingunmatchedpredictionsin f Pt
i g aremarked asmissingobservations.Any remainingun-

matchedobservationsin
n

Mt
j

o
areconsideredto bepotentialnew objects.

5. Detectany matchedpredictionsthat have becometemporarilystationary. Theseare integratedinto the

backgroundmodelof themotiondetectorasanew backgroundlayer.

6. Updatethe stateof thosepredictionsin f Pt
i g that were matchedto observationsand replaceany lost

features.The�nal resultis a setof trackedobjectsf Ot
i g at timet. Let t = t + 1 andgo to step1.

In step3 above, featuresareusedin matchingpredictionsto their correspondingobservationsto improve the

trackingrobustnessin crowdedscenes.This is achievedby analysingthespatialandmotion informationof

thefeatures.Spatialrule-basedreasoningis appliedto detectthepresenceof mergingor splitting foreground

regions;in the caseof mergedobjectsthe motion of the individual featuresarerobustly �tted to (predeter-

mined)motionmodelsto estimatethemembershipof featuresto objects.If themotionmodelsarein distinct

or unreliablethenthe local statesof the featuresareusedto updatethe globalstatesof the mergedobjects.

The spatialrule-basedreasoningis describedin moredetail in Section 2.2.1,while the motion-basedseg-

mentationmethodis describedin Section 2.2.2.Section 2.2.3describesthe techniquein step5 above, for

detectingandhandlingmoving objectsthatbecometemporarilystationary.
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2.2.1UsingSpatialInformationof Features

This methodis basedon the ideathat if a featurebelongsto objectOi at time t � 1, thenthe featureshould

remainspatiallywithin theforegroundregion of Oi at time t. A matchfunctionis de�ned which returnsthe

numberof trackedfeaturesw of predictionPt
i thatresidein theforegroundregionof observationM t

j :

f
�
Pt

i ;Mt
j
�

=
�
�
�
n

w : w 2 SPt
i
;w 2 Mt

j

o�
�
� (2)

In thecaseof anisolated(non-interacting)object,(2) shouldreturna non-zerovaluefor only oneprediction-

observationpair; ideally f
�

Pt
i ;Mt

j

�
=

�
�
�SPt

i

�
�
� – this is normallylessdueto lostandincorrectly-trackedfeatures.

For interactingobjects,suchasobjectsmerging,occludingeachother, undergoingsplittingevents,etc.,atable

of scorevaluesreturnedby (2) is constructed,anda rule-basedapproachis adoptedto matchpredictionsto

observations.

The �rst rule handlesthe ideal matchesof isolatedobjects,i.e. one-to-onematchesbetweenpredictions

andobservations:

f
�

Pt
i ;Mt

j

�
> 0 and

f
�

Pt
k;Mt

j

�
= 0; f

�
Pt

i ;Mt
l

�
= 0 8k 6= i; l 6= j

(3)

Thesecondrulehandlesthecasewhenanobjectat timet � 1 splitsinto severalobjectswhenseenat time

t. This occurswhenseveralobservationregionsmatchwith a singlepredictionPt
i - in otherwords,thesetof

observationsis partitionedinto two subsets:the subsetM1 of observationsthatmatchonly with Pt
i andthe

subsetof thosethatdonotmatchwith Pt
i :

f
�

Pt
i ;Mt

j

�
> 0 Mt

j 2 M1 � M; jM1j > 1 and

f
�

Pt
k;Mt

j

�
= 0; 8Mt

j 2 M1;k 6= i and

f
�
Pt

i ;Mt
l

�
= 0; 8Mt

l =2 M1

(4)

Thepredictionis thensplit into new objects,onefor eachof thematchedobservationsin M1. The features

of theoriginal predictionPi areassignedto thecorrespondingnew objectdependingon whetherthey reside

within its observationregionor not. In this way, featuresaremaintainedthroughoutanobjectsplittingevent.
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The third matchingrule handlesmerging objects.This occurswhenmorethanonepredictionmatches

with anobservationregion:

f
�

Pt
i ;Mt

j

�
> 0 Pt

i 2 P1 � P; jP1j > 1 and

f
�
Pt

i ;Mt
k

�
= 0; 8Pt

i 2 P1;k 6= j and

f
�

Pt
l ;Mt

j

�
= 0; 8Pt

l =2 P1

(5)

In this casethestateof thepredictions(suchaspositionandboundingbox) cannotbeobtainedby a straight-

forwardupdatefrom theobservation'sstate,sinceonly onecombined(merged)observationis availablefrom

themotiondetector. Instead,theknown localstatesof thetrackedfeaturesareusedto updatetheglobalstates

of thepredictions.Theprediction's new centreis estimatedby takingtheaveragerelativemotionof its local

featuresfrom the previous frameat time t � 1 to the currentone.This is basedon the assumptionthat the

averagerelative motion of the featuresis approximatelyequalto the object's global motion - this may not

alwaysbetruefor non-rigidobjectsundergoinglargemotion,andmayalsobeaffectedby theapertureprob-

lem dueto thesmallsizeof thefeaturewindows.Thesizesof theboundingboxesof thepredictionsarealso

updatedin orderto maximisethecoverageof theobservationregion by thecombinedpredictions'bounding

boxes.This handlescaseswhereobjectsaremoving towardsthecamerawhile in a mergedstateandhence

their sizesincrease.If not done,theresultis partsof theobservationregion thatarenot explainedby any of

thepredictions.

2.2.2UsingMotion Informationof Features

Themotion information(per feature2D motionvectors)obtainedfrom trackingthe local featuresof a pre-

diction Pi is alsousedin thematchingprocessof step3 above.Featuresbelongingto anobjectshouldfollow

approximatelythesamemotion(assumingrigid objectmotion).Motion modelsare�tted to eachgroupof k

neighbouringfeaturesof Pi . Thesemotionmodelsarethenrepresentedaspointsin amotionparameterspace

andclusteringis performedin this spaceto �nd themostsigni�cant motion(s)of theobject[?]. A weighted

list is maintainedperobjectof thesesigni�cant motionsandthe list is updatedover time to re�ect changes

in the object's motion - if a motion modelgainscon�denceits weight is increased;if a new motionmodel

is detected,it is addedto thelist, or replacesanexisting lower probableone.Themotionmodelsareusedto

differentiatethe featuresof mergedobjectsby checkingwhethera featurebelongsto onemotion modelor
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theother. Thisallows trackingthroughmerging/occlusionandthereplenishmentof lost features.Themotion

modelsof anobjectarealsousedto identify objectsplitting events– if a secondarymotionbecomessignif-

icantenoughandis presentfor a long time, splitting occurs.Althoughtheunderlyingassumptionis of rigid

objectmotion,theuseof a weightedlist of motionmodelsshouldallow for theidenti�cation of thedifferent

motionsfor articulatedvehicles;futurework will addressthis issue.

Two typesof motionmodelshavebeenusedfor AVITRACK – af�ne andtranslationalmodels.Theaf�ne

motionmodelis generatedby solvingfor [?]:

wT
t Fwt� N = 0 (6)

wherewt andwt� N arethe(homogeneous)locationvectorsof featurew at time t, t � N, andF is thefunda-

mentalmatrix representingthemotion.For theaf�ne case,F hastheform:

F =

2

6
6
6
6
6
4

0 0 f13

0 0 f23

f31 f32 f33

3

7
7
7
7
7
5

(7)

F is obtainedthrougha minimisationprocessbasedon eigenanalysis,asdescribedin [?]. Theaf�ne motion

modelis thenrepresentedin termsof 5 motionparameters:vaf f ine = ha ;g; r ; l ;qi , where:

a = arctan(
� f13

f23
) (8)

g = arctan(
f31

� f32
) (9)

r =

s
f 2
31+ f 2

32

f 2
13+ f 2

23
(10)

l =
f33q

f 2
13+ f 2

23

(11)

q = a � g (12)

Clusteringis performedin the motionparameterspaceto get the list of mostsigni�cant motionmodelsfor

theobject.

Thesecondmotionmodelis simply thetranslationalmotionin theimageplane:

vtranslational = wt � wt� N (13)

Whentestedon AVITRACK sequences,it was found that perspective and lensdistortioneffectscause

theaf�ne motionmodelsto becomehighly dispersedin themotionparameterspaceandclusteringperforms
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poorly. Thetranslationalmodel,ascanbeexpected,alsosuffersfromtheseproblemsandaf�ne motioneffects,

but theeffect on clusteringis lesssevere.At present,the translationalmodelis generallyperformingbetter

thanthe af�ne model.Futurework will look into improving the af�ne modelandusingperspective motion

models.

2.2.3StationaryObjects

For theapronenvironment,activity tendsto happenin congestedareasneartheaircraftwith severalvehicles

arriving andstoppingfor shortperiodsof time in thevicinity of the aircraft,creatingocclusionsandobject

mergingproblems.To allow objectsto bedifferentiatedandthetrackingof moving objectsin front of stopped

objects,themotiondetectionprocessdescribedin Section2.1wasextendedto includeamultiplebackground

layer technique.The tracker identi�es stoppedobjectsby oneof two methods:by analysinganobject's re-

gionsfor connectedcomponentsof foregroundpixelswhichhave beenlabelledas`motion' for acertaintime

window; or by checkingtheindividualmotionof local featuresof anobject.Stationaryobjectsareintegrated

into themotiondetector'sbackgroundmodelasdifferentbackgroundlayers.

This techniqueis similar in idea to the temporallayersmethoddescribedby Collins et al [?], except

that their methodworkson a pixelwise level, usingintensitytransitionpro�les of pixels to classifythemas

`stationary'or `transient'.This is thencombinedwith pixel clusteringto form moving or stationaryregions.

This methodperformedpoorly when appliedto AVITRACK sequences,due mainly to stationaryobjects

becomingfragmentedinto many layersas the durationobjectsremainstationaryincreases.This resultsin

differentupdateratesto thelayersandincorrectre-activationonceanobjectstartsmoving again.In thecase

of AVITRACK, the aircraft can remainstationaryfor up to half an hour - it is imperative that the object

remainsconsistentthroughoutthis time, its backgroundlayergetsupdateduniformly andit is re-activatedas

a whole.Themethodadoptedfor AVITRACK worksat theregion-level andis handledby thetracker rather

thanat the motion detectionphase,wherethe motion informationof the local featurescanprovide robust

informationon an object's motion.This useof region-level analysishelpsto reducethe creationof a large

numberof backgroundlayerscausedby noise.
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(a) (b) (c) (d)

Fig. 2 (a) Frameof sequenceS21showing a transportervehicle.(b) Edgebasedandappearancebased3D model for the

transportervehicle.(c) Theappearancemodel�tted to thevehicle,with theground-plane(x,y) searchareashown in blue.(d)

x,y-sliceof theevaluationscoresurfacein the(x;y;q) searchspace.

2.3 ObjectRecognition

To ef�ciently recognisethepeopleandvehiclesontheapron,ahierarchicalapproachis appliedthatcomprises

bothbottom-upandtop-down classi�cation.The �rst stagecategorisesthe top-level typesof objectthatare

expectedto be foundon the apron(people,groundvehicle,aircraft or equipment);this is achievedusinga

bottom-upGaussianmixture modelclassi�er trainedon ef�cient descriptorssuchas3D width, 3D height,

dispersednessandaspectratio.Thiswasinspiredby thework of Collinsetal [?] whereit wasshown to work

well for distinctobjectclasses.

After the�rst coarseclassi�cation,thesecondstageof theclassi�cationis appliedto thevehiclecategory

to recognisetheindividualsub-typesof vehicle.Suchsub-typescannotbedeterminedfrom simpledescriptors

andhencea provenmethodis used[?,?] to �t textured3D modelsto thedetectedobjectsin thescene.

Detailed3D appearancemodelswereconstructedfor thevehiclesandencodedusingthe`facetmodel' de-

scriptionlanguageintroducedin [?]. Themodel�t ata particularworld point is evaluatedby back-projecting

the 3D modelinto the imageandperformingnormalisedcross-correlation(NCC) of the facets'appearance

modelwith the correspondingimagelocations.To �nd the best�t for a model,the SIMPLEX algorithmis

usedto �nd the posewith bestscorein thesearchspace,assumingthe model's movementsareconstrained

to beon theground-plane.SeeFigure2 for anexample.Theinitial poseof the3D model(x0;y0;q0) usedto

initialise the search,is estimatedfrom the centroidof the object(projectedon to the ground-plane)andits

directionof motion.Thex;y rangein thesearchspaceis estimatedfrom theimage-planeboundingboxof the

objectwhenprojectedon to thegroundplane;while theq searchrangeis currentlyrestrictedto q0 + =� 15

degrees.
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The3D model�tting algorithmis computationallyintensiveandcannotberun in real-time.Thisproblem

is solved by running the algorithm on a background(threaded)processto the main (bottom-up)tracking

systemandupdatingtheobjectclassi�cationwhenit is available.A processingqueueis usedto synchronise

thetwo methodstogether. For apronmonitoringthesub-typecategoryonly becomesimportantwhenavehicle

entersspeci�c spatialzonesneartheaircraft;thetimebetweena vehicleenteringthesceneandenteringsuch

azoneis generallyadequateto performmodel-basedcategorisationat leastoncefor eachobject.Runningthe

classi�er asa backgroundprocess,meansthattheobjectlocationandorientationaremeasuredfor a previous

frame, thus creatinga latency in object localisation– this is a compromiserequiredto achieve real-time

performance.Thisproblemis correctedin theDataFusionmoduleby applyinganef�cient objectlocalisation

strategy describedin thefollowing section.

2.4 DataFusion

Themethodappliedfor datafusionis basedon a discretenearestneighbourKalman�lter approach[?] with

a constantvelocity model; the main challengein apronmonitoringrelatesto the matchingof tracksto ob-

servations,this is not solved by a probabilistic�lter , thereforethe simplerdeterministic�lter is suf�cient.

The(synchronised)camerasarespatiallyregisteredusingcoplanarcalibration[?] to de�ne common`world'

co-ordinates(x;y;z).

To localiseobjectsin the world co-ordinateswe devisedan ef�cient strategy giving goodperformance

over a wide rangeof conditions.For thepersonclassof objectsthelocationis takento bethebottom-centre

of the boundingbox of the detectedobject.For vehicleswe formulateda smoothfunction to estimatethe

positionof the centroidusing the measured(2-D) angleto the object.Taking a to be the anglemeasured

betweenthecameraandtheobject,theproportionp of theverticalboundingboxheight(where0 � p � 1=2)

wasestimatedasp = 1=2(1� exp(� l a)) ; theparameterl wasdeterminedexperimentallyto provide good

performanceover a rangeof testdata.Theverticalestimateof theobjectlocationwasthereforetakento be

ylo + (p� h) whereylo is thebottomedgeof theboundingbox andh is theheightof theboundingbox.The

horizontalestimateof the object locationwasmeasuredasthe horizontalcentre-lineof the boundingbox,

sincethis is generallya reasonableestimate[?].
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Thedataassociationstepassociatesexisting trackpredictionswith thepercamerameasurements.In the

nearestneighbour�lter thenearestmatchwithin avalidationgateis determinedto bethesoleobservationfor

a givencamera.For multiple tracksviewedfrom multiple sensorsthenearestneighbour�lter is:

1. For eachtrack,obtainthevalidated(i.e.associated)setof measurementspercamera.

2. For eachtrack,associatethenearestneighbourpercamera.

3. Fuseassociatedmeasurementsinto a singlemeasurements.

4. Kalman�lter updateof eachtrackstatewith thefusedmeasurement.

5. Inter-sensorassociationof remainingmeasurementsto form candidatetracks.

The validatedsetof measurementsareextractedusinga validationgate[?]; this is appliedto limit the

potentialmatchesbetweenexisting tracksand observations.In previous tracking work the gategenerally

representstheuncertaintyin thespatiallocationof theobject;in apronanalysisthis strategy oftenfails when

large and small objectsare interactingin closeproximity on the congestedapron,the uncertaintyof the

measurementis greaterfor larger objectshenceusing spatialproximity alonelarger objectscan often be

mis-associatedwith the small tracks.To circumvent this problemwe have extendedthe validationgateto

incorporatevelocity andcategory information,allowing greaterdiscriminationwhenassociatingtracksand

observations.

Theobservedmeasurementis a 7-D vector:

Z = [x;y; �x; �y;P(p);P(v);P(a)]T (14)

whereP(�) is theprobabilityestimatethat theobjectis oneof threemaintaxonomiccategories(p = Person,

v = Vehicle,a = Aircraft) normalisedsuchthatP(p) + P(v) + P(a) = 1. This extendedgateallowsobjectsto

bevalidatedbasedonspatiallocation,motionandcategory, which improvestheaccuracy in congestedapron

regions.Theeffectivevolumeof thegateis determinedby athresholdt onthenormalisedinnovationsquared

distancebetweenthepredictedtrackstatesandtheobservedmeasurements:

d2
k (i; j) =

h
H bX�

k (i) � Zk( j)
i T

S� 1
k

h
H bX�

k (i) � Zk( j)
i

(15)
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whereSk = HbP�
k (i)HT + Rk( j) is the innovation covariancebetweenthe track andthe measurement.This

takestheform:

Sk =

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

s 2
x sxy 0 0 0 0 0

syx s 2
y 0 0 0 0 0

0 0 s 2
�x s �x�y 0 0 0

0 0 s �y�x s 2
�y 0 0 0

0 0 0 0 s 2
P(p) 0 0

0 0 0 0 0 s 2
P(v) 0

0 0 0 0 0 0 s 2
P(a)

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

(16)

wheres 2
P(p) , s 2

P(v) ands 2
P(a) aretheinnovationvarianceof theprobabilityterms.For thekinematicterms

thepredictedstateuncertaintybP�
k is takenfrom theKalman�lter andconstanta priori estimatesareusedfor

theprobabilityterms.Similarly, themeasurementnoisecovarianceR is estimatedfor thekinematictermsby

propagatinganominalimageplaneuncertaintyinto theworld co-ordinatesystemusingthemethodpresented

in [?]. Measurementnoisefor theprobabilitytermsis determineda priori . An appropriategatethresholdcan

bedeterminedfrom tablesof thechi-squaredistribution [?].

Matchedobservationsarecombinedto �nd the fusedestimateof the object,this is achieved usingco-

varianceintersection. This methodestimatesthe fuseduncertaintyR f used for N matchedobservationsasa

weightedsummation:

R f used=
�
w1R� 1

1 + : : :+ wNR� 1
numcams

� � 1
(17)

wherewi = w0
i=å N

j= 1w0
j andw0

i = y c
i is the con�denceof the i' th associatedobservation (madeby camera

c). The con�dencevaluey c
i representsthecertaintythat the2-D measurementrepresentsthewholeobject.

Localisationis generallyinaccuratewhenclippingoccursattheleft, bottomor right-handimageborderswhen

objectsenter/exit thescene.Thecon�dencemeasurey c
i 2 [0;1] is estimatedusinga linearrampfunctionat

the imageborders(with y c
i = 1 representing̀con�dent' i.e. the object is unlikely to be clipped).A single

con�denceestimatey c
i for anobjectOi in camerac is computedasa productover theprocessedbounding

boxedgesfor eachobjectin thatcameraview.

If tracksare not associatedusing the extendedvalidation gatethe requirementsare relaxed suchthat

objectswith inaccuratevelocity or category measurementscanstill be associated.Remainingunassociated
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measurementsarefusedinto new tracks,usinga validationgatebetweenobservationsto constraintheasso-

ciationandfusionsteps.Ghoststrackswithout supportingobservationsareterminatedaftera predetermined

periodof time. To trackobjectsthatcannotbe locatedon thegroundplanewe have extendedthe tracker to

performepipolardataassociation(basedon themethodpresentedin [?]).

3 CoherenceMaintenanceof the 3D Dynamic Scene

3.1 Introduction

High-level interpretationof videosequencesemergesfrom thecooperationof a vision (SceneTracking)pro-

cessanda reasoning(SceneUnderstanding)process.The aim of coherencey maintenanceis to performa

3D analysisof mobileobjectdynamicsin orderto improve theSceneTrackingrobustness.In particularthe

coherencemaintenanceprocesscanhandlecomplex scenesusing large spatialand temporalscaleto cope

for instancewith occlusions,or misdetectionsduringseveral framesandchangesof mobileobjecttype.For

instance,a taskis to preventmobileobjectsto disappearwhennosigni�cant reasoncanjustify it.

Thecoherencemaintenanceis performedthroughtwo tasks: Long-TermandGlobalTracking.In theLong-

TermTracking,thetemporalcoherenceof eachindividual mobileobjectis checked.In theGlobalTracking,

thespatio-temporalcoherenceof all themobileobjectsis checked.

3.2 Long-TermTracking

The aim of Long-Term Tracking is to usea temporalwindow to improve the trackingof detectedmobile

objectswhentheFrame-to-FrameTrackerfacecomplex situationssuchasocclusions.Thisalgorithmis based

on temporalgraphanalysis.This algorithmhasbeenpreviously appliedto video communication[?] andit

hasbeenextendedto addressnew issuesfor airportactivity monitoring.

TheproposedLong-TermTracker takesasinput theDataFusionresults.They consistin a list of tracked

mobileobjectslocatedin a common3D referenceframe.Long-TermTrackingusesa temporalwindow (typ-

ically tenor twentyframes)in orderto trackmobileobjectstakingadvantageof this temporalinformationto

investigatepotentialobjectpaths,in orderto improve thetrackingreliability andaccuracy.
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This algorithmusesbotha prede�nedmodelof theexpectedobjectsin thesceneandtemplatemodelsof

thecurrentlytrackedobjects.Theprede�nedobjectmodelsareusedby theLong-Term Tracker to �lter the

mobileobjecttypescomputedby previousmodules(Frame-to-FrameandDataFusion).Typically, a prede-

�ned modelof an expectedobject is de�ned by its 3D dimensions(meanvaluesandvariances),its motion

model(speedandability to changedirection)andits usuallocationzonesde�ned in the contextual knowl-

edge(seesection4.2).Currently, threedifferentmodelsareused: Person,VehicleandAircraft. Thetemplate

modelof a trackedobjectcontainsits currentdynamics(speed,direction)andappearence(2D and3D size

andcolor histogram).

The algorithm�rst computesall the possiblepathsrelatedto the detectedobjects.A pathrepresentsa

possibletrajectoryof onemobileobject(e.g.a person,a vehicle,or anaircraft) insidethetemporalwindow.

A pathis thencomposedof asequenceof mobileobjectsdetectedateachframeduringthetemporalinterval.

A path Pi representsa possibletrajectoryof one tracked object in the sceneduring the temporalinterval

[t f � T;t f ], wheret f is thetimeof thelast(current)imageprocessedandT is thesizeof thetemporalwindow

usedto analysepaths.Pi is composedof a temporalsequenceof mobileobjectsMi(t); t 2 [t f � T;t f ], ful�lling

two conditions:

– (a1) 8 t 9! Mi(t);Mi(t) 2 Pi

– (a2) dist2D(Mi(t);Mi(t + 1)) � Dmax.

To reducetheexplorationspaceof all thepossiblepathsrelatedto a mobileobject(andavoid combina-

torial explosion),threeconstraintsareused.The�rst oneis the typecoherencebetweeneachmobileobject

of thesamepath(to avoid thetypeof a mobileobjectto betoo differentfrom theothermobileobjects), the

secondoneis the spatio-temporalcoherencebetweenthe differentmobile objectsin the path(to avoid too

largedisplacements)andthethird oneis themotionmodelof theprede�nedobjects.

Then,thealgorithmsortsoutthepathsetandoptimisetheassociationsbetweenpossiblepathsandtracked

mobileobjects.Theexplorationof multiplepossiblepathsallowsto dealwith spontaneousmobileobjecttype

changesandwith misdetectionof mobileobjectsduringashortperiodof time(lessthanthetemporalwindow

size).For instance,whena pathis generatedandif no moremobileobjectsaredetectedfor this path,virtual
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mobile objectsarecreatedin order to continuethe tracking,over the temporalwindow. This algorithm is

appropriatewhena mobileobjectis not detectedandwhenit reappearsseveralframeslater.

3.3 GlobalTracking

AlthoughtheFrame-to-FrameandLong-TermTrackersareef�cient, several limitationsremainwhich result

in sendingincoherentinformationto theSceneUnderstandingmodule.Theselimitationsinclude:

– lossof trackedobjectsdueto occlusions(staticor dynamicocclusion)or dueto theintegrationof amobile

objectin thebackgroundimageaftera longstationaryperiod,

– remainingoveror underdetectionsdueto severeshadows or lack of contrast,

– mix of trackedobjectidentitywhenseveralobjectsaremergingor crossingeachother.

To copewith theselimitations,a high level modulecalledGlobal Tracker hasbeenadded.This moduleis

in charge of improving the datacomputedby the Long-Term Tracker in order to provide coherentdatato

the SceneUnderstandingprocess.For this purpose,the Global Tracker usesalsoas input datathe a priori

knowledgeof theobservedenvironment(staticanddynamiccontextual information,seesection4.2).

3.3.1Principle

The aim of the Global Tracker is to correctthe detectedmobile objectswrongly tracked by the previous

processesusing3D spatio-temporalanalysis.TheGlobalTracker usesa generalalgorithmwhich usesa set

of methods(i.e. implementingrules) for its adaptationto eachspeci�c application.The Global Tracker is

initialisedby themethodsto beappliedwhich areorderedaccordingto their priority. Eachmethodcanhave

oneor severalparameters(e.g.typeof objectsinvolved in themethod)to correspondto differentsituations.

For instance,a methodthatkeepstrackof parkedvehiclesevenif they areintegratedinto thebackgroundhas

beendesignedandimplementedtakinginto accountdifferentparkingdurations.

In airport activity monitoringapplication,a methodis neededto handletwo typesof parked vehicles: the

Tanker andGroundPower Unit (G.P.U.). This is neededbecausethey areusuallyparkedduringhalf anhour

for theTanker andabouttenminutesfor theG.P.U. By de�ning a genericprototypefor a method,thearchi-

tectureof theGlobalTrackerallowsdeveloppersto easilyaddnew rulesto solvespeci�c problemsto agiven
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application.Thisgenericprototypefollows themodel:

if conditions(mobileobjecttype, position,size, direction)thencorrections(removemobileobject,merge mo-

bile objects,merge trajectories)

TheGlobalTracker hasbeensuccessfullyappliedto building accesscontrol,bankagencies,andairportac-

tivity monitoringapplications,showing its genericity. We illustratetheGlobal Tracker processthroughtwo

examples.

3.3.2Lossof trackedobjects

First,whenavehiclehasstayedfor a longtimeat thesameplace,theupdateof thebackgroundimage(called

alsoreferenceimage)tendsto integratethevehicleinto thebackground,resultingin amisdetectionanda loss

of thisvehicle.Thissituationusuallyoccurswhile avehicleis parkedin speci�c zones,for instancewhenthe

Tankervehicleis parkedbelow thewing of theaircraftduringarefuellingoperation.

To copewith this limitation, amethodhasbeende�ned to keeptrackof avehiclewhenit is parkedin speci�c

zonesandlostby previousmodules.Thismethodchecksif avehicledisappearin aninappropriatezone.This

methodendsin two cases: whenthevehiclerestarts(themethodthenlinks thenewly detectedvehiclewith

thelostone)or aftera prede�nedperiodof time (themethodde�nitely deletesthevehicletrack).

3.3.3Overdetectionof mobileobjects

Second,anotherproblemoccurswhena singlevehicle is wrongly detectedasseveral mobile objects.This

situationappearsfor instancewhendifferentpartsof a vehiclearedetectedasdifferent individual mobile

objects(asshown on Figure3 (b)). In particular, this is the casewhena vehicle is operating:startingand

stoppingseveraltimesin a shortspatialandtemporalinterval. To solve this shortcoming,a methodhasbeen

addedto mergeall thewrongly detectedmobileobjectsinto therealvehicle.This methodtakesinto account

theprede�nedvehiclemodels,the3D positionandthemotionof the trackedmobileobjects.To bemerged,

mobileobjectsshouldhave thesamemotion(minusa thresholderror),shouldbein thesameneighborhood,

andtheresultingvehicleshouldmatchwith oneof theprede�nedvehiclemodels(asillustratedon Figure3

(b)).
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(a) (b)

Fig. 3 (a)BeforetheGlobalTracker, aLoadervehicleis detectedasseveralmobileobjects(overdetection).(b)After theGlobal

Tracker, theLoadervehicleis correctlytrackedasonemobileobject.

The Global Tracker approachis effective whenan error is particularlyrepresentative of a typical prob-

lem andcanbeexplainedby logical formulas.However, whenanerror rarelyoccurs,no correctingmethod

is addedto prevent further errors.Globally, the utilisation of both a Long-Term anda Global Tracker has

enhancedthe systemperfomanceandhasallowed to track on a largescalesimultaneouslypeople,vehicles

andaircraft interactingwith eachotherson theapronarea.Thus,theSceneUnderstandingprocessis ableto

recogniseactivities in morecomplex situations.

4 SceneUnderstanding

4.1 Introduction

Theaimof SceneUnderstandingis to providea high level interpretationof thetrackedmobileobjectstrajec-

toriesin termof humanbehaviours,vehicleactivities,or their interactions.This processconsistsin detecting

videoeventswhich have beenlearnedthroughexamplesor prede�nedby applicationexperts.

SceneUnderstandinghasbeena main problemof focusin Cognitive Vision for the last decade.There

arenow many researchunitsandcompaniesde�ning new approachesto designsystemsthatcanunderstand

humanactivities in dynamicscenes.Two maincategoriesof approachesareusedto recognisevideoevents

basedon (1) a probabilistic/neuralnetwork, or on (2) a symbolicnetwork correspondingto theeventsto be

recognised.
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For thecomputervision community, a naturalapproachconsistsin usinga probabilistic/neuralnetwork.

The nodesof this network correspondusually to video eventsthat arerecognisedat a given instantwith a

computedprobability. For instance,Howell andBuxton[?] proposedanapproachto recognisea videoevent

basedon a neuralnetwork (time delayRadialBasisFunction).Hongenget al [?] proposeda video event

recognitionmethodthat usesconcurrenceBayesianthreadsto estimatethe likelihoodof potentialevents.

Thesemethodsareef�cient to recogniseshorteventsthat canbe frequentlyobserved with the samevisual

characteristicsin the representative video databasein order to obtainan ef�cient learningphase.However,

they fail to recognisecomplex events(e.g.involving severalactors)lastinga long time period.

For thearti�cial intelligencecommunity, anaturalwayto recogniseavideoeventis to useasymbolicnetwork

whichnodescorrespondusuallyto thebooleanrecognitionof videoevents.For instance,Gerberetal [?] de-

�ned a methodto recognisea video event basedon a fuzzy temporallogic. PinhanezandBobick [?] have

usedAllen's interval algebrato representvideoeventsandhave presenteda speci�c algorithmto reduceits

complexity. Shetet al [?] have recognisedactivitiesbasedonPrologrules.

A traditionnalapproachconsistsin using a declarative representationof video eventsde�ned as a set of

spatio-temporalandlogical constraints.For instance,RotaandThonnat[?] have useda constraintresolution

techniqueto recognisevideoevents.This methodrecognisesa videoeventby searchingin thesetof previ-

ouslyrecognisedvideoeventsa setof components(subvideoevents)matchingthevideoeventmodelto be

recognised.To reducetheprocessingtime for therecognitionstep,they arecheckingtheconsistency of the

constraintnetwork usingtheAC4algorithm.However, thismethodprocessestemporalconstraintsandatem-

poral constraintsin the sameway without takingadvantageof the temporaldimension.Thus,if the system

fails to recogniseavideoevent,it will haveto retrythesameprocess(reverify thesameconstraints)at thenext

instant,implying a costlyprocessingtime.A secondproblemis thatthis algorithmhasto storeandmaintain

all occurrencesof previously recognisedvideoevents.

Anotherapproachconsistsin usinga symbolicnetwork and to storepartially recognisedvideo events

(expectedto be recognisedin the future). For instance,Ghallab[?] hasusedthe terminologychronicleto

expressa video event.A chronicleis representedasa setof temporalconstraintson time-stampedevents.

The recognitionalgorithmkeepsandupdatespartial recognitionof video eventsthat canbe recognisedin

the future,usingthe propagationof temporalconstraintsbasedon RETE algorithm.This methodhasbeen
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appliedto thecontrolof turbinesandtelephonicnetworks.ChleqandThonnat[?] madeanadaptationof this

temporalconstraintspropagationfor videosurveillance.This methodrecognisesa scenarioby predictingthe

expectedvideoeventsto berecognisedat thenext instants.Thus,thevideoeventshave to beboundedin time

to avoid theneverendingexpectedevents.A secondproblemis thatthismethodhasto storeandmaintainall

occurrencesof partially recognisedvideoevents,implying a costlystoringspace.

All thesetechniquesallow anef�cient recognitionof videoevents,but therearestill sometemporalcon-

straintswhich cannotbeprocessed.For example,mostof theseapproachesrequirethat thevideoeventsare

boundedin time (Ghallab[?]).

Vu et al [?] have combinedthe previous approachesto optimisethe temporalconstraintresolutionby

orderingin time thecomponentsof thevideoeventsto be recognised.This methodaimsto reducethepro-

cessingtime(1) whensearchingin thepast(list of previously recognisedvideoevents)for anoccurrenceof a

givenvideoeventmodeland(2) whentrying to recognisea videoeventinvolving severalactorsby avoiding

checkingall combinationsof actors.

We have extendedthis last methodto addressComplex Activity recognitioninvolving several physical

objectsof different types(e.g. individuals,groundvehiclesof different types,aircrafts)over a large space

observedby a cameranetwork andoveranextendedperiodof time.

Sowe proposea methodto recognisevideoeventsbasedon spatio-temporalreasoningtakingfull advantage

of a priori knowledgeabouttheobservedenvironmentandof videoeventmodels.To de�ne videoevents,a

modelinglanguagecalledVideoEventDescriptionLanguagehasbeendesignedso thatapplicationdomain

expertscaneasilymodeloff-line the activities they are interestedin. Then at video framerate,the Video

Event Recognitionalgorithmis able to processthe given video streamsto recognisethe prede�nedvideo

eventmodels.

4.2 Contextual KnowledgeabouttheObservedEnvironment

Contextual knowledgeof the observed environmentis all the a priori informationaboutthe empty scene.

This is thenecessaryinformationwhich allows to give themeaningof theactivities happeningin thescene.

Automatic interpretationneedscontextual informationbecauseeachobserved environmentis speci�c and

eachactivity changesaccordingto thecontextualenvironmentwhereit takesplace.Only generalvideoevents
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correspondingto genericbehaviourssuchaswalking or enteringanarea(for humanactivities) do not need

contextual information.We have distinguishedtwo kindsof contextualknowledge: staticanddynamic.

4.2.1StaticContextual Knowledge

Thestaticcontextual knowledgecorrespondsto all theinformationrelative to nonmoving objectsandto the

3D emptyscene.The3D emptysceneinformationcontainsbothgeometricandsemanticdescriptionof the

speci�c zonesandtheequipmentlocatedin theobservedenvironment.

Thestaticcontextualknowledgeis structuredinto six parts:

– a list of 3D referentialswheredifferentreferentialsarede�ned to managedistantareascomposingthe

scene.For each3D referential,thecalibrationmatricesandthepositionof thevideocameras.

– a list of groundplanesto describethedifferentlevelswheremobileobjectsobjectsareevolving,

– alist of geometricstaticzonescorrespondingto thedifferentzonesof interestin theobservedenvironment,

– a list of abstractareascorrespondingto one or several static zones.Theseareascontainthe expected

classesof mobileobjects(e.g.in a pedestrianarea,only personsareexpected),

– a list of walls to describefor instanceairportwalls,

– a list of equipmentassociatedwith its characteristics.

Thegeometricdescriptionof a zoneof interestcontainsa polygonde�ned in aplane.Thegeometricdescrip-

tion of a staticobject(e.g.a pieceof equipment)correspondsto a generalisedcylinder de�ned by its height

andits polygonalbasis.Thesemanticdescriptionof a zoneor a contextualobjectcontainssix attributeswith

bothsymbolicor numericalvalues: its type(equipmentor area),its function(e.g.wall, entrancezone,door),

its name,its characteristics(e.g.blue,fragile),its usualdistanceandtimefor interactingwith thestaticobject.

In Airport Apron Environment,contextual informationcorrespondsto an apronarea(as illustratedon

Figure4). An apronareais basicallyanemptyareacontainingzonesof interestrelatedto speci�c operation

functionnalities.Thesezonesaremainly waiting or parkingzonesfor thedifferentvehiclesexpectedon the

apron.Zonesof interestrepresentthestaticcontextual information,which is usuallyrelevantenoughto per-

form videounderstanding.However, in Airport Activity Monitoring application,moredynamicinformation

is required.
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Fig. 4 Overview of theairportapronareashowing themainservicingoperations.

4.2.2DynamicContextual Knowledge

Thedynamiccontextual knowledgegatheredall zonesof interestrelative to vehicleswhich caninteractwith

othervehiclesor people.This knowledgeis neededto recogniseactivities involving thevehicleswhenthey

areparked.Dynamicvehicleinteractionzonesareaddedto thestaticcontext only whenthevehiclesstayfor

a while in their respectiveparkingzoneandareremovedwhenthevehiclesleave.Giventhatvehiclesdo not

stopeachtime exactly at the sameplace,the zonesof interestrelatedto vehiclesarede�ned in the vehicle

referential.For instance,a dynamiczonecanbeenusedfor a vehicledoorto allow thedetectionof thedriver

exiting thevehicle.

In Airport Activity Monitoring, zonesof interestof groundservicevehiclesandof aircraft have been

dynamicallyaddedto thestaticcontextualknowledge.Interactionzonesof theaircraftcorrespondsto:

– its input/outputzones,suchasbackor front doors(usedto loador unloadbaggages)

– speci�c areas(e.g.theRefuellingareawheretheTanker is parkedduringtheaircraftrefuellingoperation,

thejetbridgeareawherethejetbridgeis parkedto allow thecrew boardingandunboarding)

Dynamiccontextual knowledgeis requiredfor the recognitionof peopleandvehiclesinteractingwith each

others.
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4.3 VideoEventModelisation

Wehavede�nedarepresentationformalismtohelptheexpertstodescribethevideoeventsof interestoccuring

in theobservedscene.This formalismcontainsa languagecalledVideoEventDescriptionLanguagewhich is

bothdeclarativeandintuitive(in naturalterms)sothattheexpertsof theapplicationdomaincaneasilyde�ne

andmodify thevideoeventmodels.

Four differenttypesof videoeventshave beendesigned.The �rst distinctionlies on the temporalaspectof

video events: we distinguishstatesandevents.A statedescribesa situationcharacterisingoneor several

physicalobjectsat time t, or a stablesituationover a time interval. An eventdescribesanactivity containing

at leastachangeof statevaluesbetweentwo consecutivetimes.Theseconddistinctionliesonthecomplexity

aspect: a state/eventcanbeprimitiveor composite.Thevideoeventsareorganisedinto four categories:

– primitive state: a visual propertydirectly computedby the SceneTracking process(e.g. a vehicle is

locatedinsidea zoneof interestor a vehicleis stopped)

– compositestate: a combinationof primitive states(e.g.a vehicleis locatedandstoppedinsidea zoneof

interest,asshown onexamplebelow)

– primitiveevent: a changeof valuesfor aprimitivestate(e.g.avehicleentersa zoneof interest)

– compositeevent : a combinationof primitive states/events(e.g a vehicle is parked for a while insidea

zoneof interestandthenleavesit)

CompositeState(VehicleStoppedInsideZone,

PhysicalObjects((v1 : Vehicle),(z1 : Zone))

Components((c1 : PrimitiveStateInsideZone(v1,z1))

(c2 : PrimitiveStateVehicleStopped(v1)))

Constraints((c2 duringc1)))

This compositestateenablesto recognisethat a vehiclev1 is stoppedinsidea zoneof interestz1. It is

composedof two primitive statesc1 andc2. A temporalconstraintduring mustbesatis�ed for therecogni-

tion of thecompositestate.
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Taking into considerationthesevideoevent types,a generalvideoeventmodelhasbeendesigned.This

videomodelfor representinga givenvideoeventE contains5 parts:

– asetof PhysicalObjectvariablescorrespondingto thephysicalobjectsinvolvedin E , suchascontextual

objectsincludingstaticobjects(equipment,zoneof interest)andmobileobjects(person,vehicle,aircraft).

Thevehiclescanevenbespeci�edby differentsubtypesto representdifferentvehicles(e.g.GPU,Loader,

Tanker, Jet-Bridge)

– asetof componentvariablescorrespondingto thesub-eventsof E.

– a setof forbiddencomponentvariablescorrespondingto theeventsthatarenot allowedto occurduring

thedetectionof E.

– a setof constraints(symbolic,logic, spatialandtemporalconstraintsincluding Allen's interval algebra

operators[?]) relatedto previousvariables.

– a setof actionscorrespondingto thetasksprede�nedby expertsthatneedto beexecutedwhentheevent

E is recognised(e.g.activatinganalarmor displayinga warningmessage).

4.4 VideoEventRecognition

4.4.1Challenges

Theautomaticrecognitionof activities is a realchallengefor Cognitive Vision researchbecauseit addresses

the recognitionof complex activities involving several physicalobjectsof different types(e.g. individuals,

groupsof people,andvehicles)andevensubtypes(e.g.differenttypesof vehicles).Thechallengeis to per-

form a real-timevideoeventrecognitionalgorithmableto ef�ciently recogniseall thevideoeventsoccuring

in thesceneat eachinstant.Theperformanceof theproposedapproachlies in a temporalvideoeventrecog-

nition methodwhich avoidscombinatorialexplosionandkeepslinearcomplexity usingtemporalconstraint

resolution.
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4.4.2Algorithmof VideoEventRecognitionOverview

The proposedVideo Event Recognitionalgorithmandits advantagescomparedto the Stateof The Art are

describedin detailin Vu et al [?].

Theproposedvideoevent recognitionprocessis ableto recognisewhich videoeventsareoccuringin a

videostreamat eachinstant.To bene�t from all theknowledge,thevideoeventrecognitionprocessusesthe

coherenttrackedmobileobjects,thea priori knowledgeof thescene(staticanddynamiccontextual informa-

tion) andtheprede�nedvideoeventmodels.To beef�cient, the recognitionalgorithmprocessesin speci�c

waysvideoeventsdependingontheir type.Moreover, thisalgorithmhasalsoaspeci�c processto searchpre-

viously recognisedvideoeventsto optimisethewholerecognition.Thealgorithmis composedof two main

stages.First,at eachstep,it computesall possibleprimitive statesrelatedto all mobileobjectspresentin the

scene.Second,it computesall possibleevents(i.e. primitive eventsthencompositestatesandevents)that

mayendwith therecognisedprimitivestates.

Recognitionof primitivestates

To recognisea primitivestate,therecognitionalgorithmperformsa loopof two operations:

1. theselectionof a setof physicalobjectsthen

2. theveri�cation of thecorrespondingatemporalconstraintsuntil all combinationsof physicalobjectshave

beentested.

Oncea setof physicalobjectssatis�esall theatemporalconstraints,theprimitive stateis recognised.To en-

hanceprimitiveeventrecognition,afteraprimitivestatehasbeenrecognised,eventtemplates(calledtriggers)

aregeneratedfor eachprimitive event the lastcomponentof which correspondsto the recognisedprimitive

state.Theeventtemplatecontainsthelist of thephysicalobjectsinvolvedin theprimitivestate.

Recognitionof primitiveevents

To recognisea primitiveevent,giventheeventtemplatepartially instantiated,therecognitionalgorithmcon-

sistsin lookingbackwardin thepastfor apreviously recognisedprimitivestatematchingthe�rst component

of theeventmodel.If thesetwo recognisedcomponentsverify theeventmodelconstraints,theprimitiveevent

is recognised.
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To enhancethecompositeeventrecognition,aftera primitiveeventhasbeenrecognised,eventtemplates

aregeneratedfor all compositeeventsthe lastcomponentof which correspondsto the recognisedprimitive

event.

Recognitionof compositestatesandevents

Therecognitionof composedstatesandeventsusuallyimpliesa largespacesearchcomposedof all thepos-

sible combinationsof componentsandphysicalobjects.To avoid a combinatorialexplosion,all composed

statesandeventsaredecomposedinto statesandeventscomposedat the mostof two componentsthrough

a stageof compilationin a preprocessingphase.Thentherecognitionof composedstatesandeventsis per-

formedsimilarly to the recognitionof primitive events.This is an ef�cient methodto copewith classical

combinatorialexplosionproblems.

To recognisetheprede�nedeventsmodelsateachinstant,we�rst selectasetof scenariotemplates(called

triggers)thatindicatewhichscenarioscanberecognised.Thesetemplatescorrespondto anelementaryvideo

event(primitivestateor event)or to a compositevideoeventthatterminateswith a componentrecognisedat

thepreviousor currentinstant.

For eachof thesevideoeventtemplates,solutionsarefoundby looking for componentsinstancesalready

recognisedin the pastto completethe video event template.A solutionof a video event modelw is a set

of physicalobjectsthatareinvolved in the recognisedvideoeventandthe list of correspondingcomponent

instancessatisfyingall theconstraintsof w.

Thealgorithmfor VideoEventRecognition

We de�ne a ”trigger” asa video event templatewhich canbepotentiallyrecognised.Therearethreetypes

of triggers: the primitive video event models(type 1), the compositevideo eventswith speci�ed physical

objects(type2) andthecompositevideoeventsalreadyrecognisedat thepreviousinstant(type3).

Overview of theAlgorithm :

For eachprimitivestatemodel

Createa triggerT of type1 for theprimitiveeventmodel

For eachsolutionr e of T
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If r e is not extensibleThen

Add r e to thelist of recognisedvideoevents

Add all triggersof type2 of r e to thelist LT (List of Triggers)

If r e is extensiblewith r 0
e recognisedatpreviousinstantThen

Merger e with videoeventr 0
e

Add all triggersof type2 and3 of r 0
e to thelist LT

While (LT 6= ? )

OrderLT by theinclusive relationof videoeventmodels

For eachtriggerT0 2 LT

For eachsolutionr 0 of T0

Add r 0 to thelist of recognisedvideoevents

Add all triggersof type2 and3 of r 0 to thelist LT

At the currentinstant,we initiate a list LT of triggerswith all triggersof �rst type (i.e. primitive video

event models).Oncewe have recogniseda primitive videoevent r e, we try to extendr e with a recognised

videoeventr 0
e at thepreviousinstant(theextensionof avideoeventis theextensionof its endingtime). If r e

cannotbeextended,we addthetriggersof type2 thatterminatewith r e to thelist LT. If r e is extendedwith

r 0
e, we addthetriggersof type2 and3 that terminateswith r 0

e. Thetriggersof type2 arethe templatesof a

compositevideoeventinstantiatedwith thephysicalobjectsof r 0
e andthetriggersof type3 arethetemplates

of acompositevideoeventr 0 alreadyrecognisedatthepreviousinstantandthatterminateswith r 0
e. After this

step,thereis a loop process�rst to orderthelist LT by theinclusive relationof videoeventmodelcontained

in thetriggersandsecondto solve thetriggersof LT. If a triggercontainsa templateof a videoeventr 0
0 that

canbesolved(i.e. totally instantiated),weaddthetriggersof type2 and3 thatterminatewith r 0
0.

Findinga solutionfor a VideoEventModel

Thealgorithmfor �nding a solutionfor a videoevent template(trigger)consistsin a loop of (1) selectinga

setof physicalobjectsthenof (2) verifying thecorrespondingconstraintsuntil all combinationsof physical

objectshave beentested.This selectionof physicalobjectsleadsthe recognitionalgorithmto an exponen-

tial combinationin functionof the numberof physicalobjectvariables.However, in practice,therearefew

physicalobjectvariablesin video event models,so the recognitionalgorithmcanstill be real time. More-
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over, only for primitivestatesall combinationof physicalobjectsneedto bechecked.For aothervideoevent

models,somephysicalobjectvariablesarealreadyinstantiatedthroughthetemplatewhich hastriggeredits

recognition.

Oncethephysicalobjectshave beenselected,we checkall atemporalconstraints.Theseatemporalcon-

straintsareorderedwith the occurrenceorderof the physicalobjectsvariables(in a compilationphase)to

speedup the recognitionprocess.If the video event is a primitive one,after the veri�cation of its atempo-

ral constraints,the video event is saidto be recognised.If the video event is a compositeone,its temporal

constraintsstill needto beveri�ed. To verify thetemporalconstraintsof a compositevideoeventmodel,we

extractfrom thesetof recognisedvideoevent instancesthecomponentssatisfyingtheconstraintsde�ned in

thevideoeventmodel.To optimisethesearchingprocess,thecomponentsareorderedin time.Oncewe �nd

a solutionof a videoeventmodel,westoretherecognisedvideoeventinstanceandwe addto thelist of trig-

gersLT thetemplateterminatingwith this videoevent.To avoid redoingat eachinstantprevioussuccessfull

recognitionof video events,the video event modelsarecompiledinto two componentvideo event models

duringa pre-processingstep.

This proposedrecognitionalgorithmis describedin detail in Vu et al [?] andhasbeenvalidated�rst in

realworld conditions(i.e. with a largesetof complex video eventsdescribedby aeronauticalexperts)with

theAirport Activity Monitoringapplication.

5 VideoUnderstanding for Air port Activity Monitoring

We have validatedthewholevideounderstandingapproachwith anAirport Activity Monitoring application

in the framework of the EuropeanProjectAVITRACK. To evaluatethe approach,we have focus on the

evaluationof four characteristicsof the proposedsystem.The systemhasdemonstratedits abilities to : (1)

modelairportservicingoperations,(2) recognisea largediversityof events,(3) recognisecomplex eventsand

(4) run reliabilly througheverydayairportconditions.

5.1 Modelingof Airport ServicingOperations

Theaimof SceneUnderstandingin Airport ApronEnvironmentis to automaticallyrecogniseactivitiesaround

a parkedaircraft in anairportapronareafor shorteningairplaneshift time andsecuritypurposes.This goal
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meansto recognisein real-timethe on-goingoperationswhich areprocessedon the apronat eachinstant,

involving both peopleand vehiclesinteractingwith eachothers.Theseactivities consistof operationsof

growing complexity from simpleoperationssuchasvehiclearrivals on the apronarea(involving a single

vehicle)to morecomplex activitiessuchasbaggagesunloading(involving severalvehiclesandpeopleinter-

actingwith eachothers).Operationshavebeenmodeledusingaeronauticalexpertsknowledge.Thanksto the

videoeventdescriptionlanguage,theexpertshavede�ned morethan�fty videoeventswhichhavebeenbuilt

on thesetof genericvideoevents.

Exploitationof automaticactivity recognitionrepresentstwomainissuesfor end-users(e.g.handlingcom-

panies,airportmanagement,airlinecompanies): safetyandsecurity. Safetyconsistsin checkingthehandling

operationsrulessuchasvehiclespeedlimit, andsecuritydealswith the detectionof abnormalbehaviours

arounda parked aircraft. SceneUnderstandingcanalsobe usedin cost-controlandquality-controlissues

in generatingautomaticallyinformation aboutprocessedoperationssuchas activity reports,and in apron

allocationandgroundtraf�c controlknowing which operationsareon-goingon theapronground.

To helptheexpertsto de�ne thevideoeventmodels,wehave designeda setof generalvideoeventsto be

usedto build compositeevents.Currentlythis setis composedof twenty-onevideoevents:

– tenprimitivestates: (e.g.a personis locatedinsidea zoneof interest,a vehicleis stopped)

– � ve compositestates(e.g.a vehicle is stoppedinsidea zoneof interest: compositionof two primitive

statesstopandlocatedinsidea speci�c zone)

– six primitiveevents(e.g.avehicleentersa zoneof interestor apersonchangesfrom onezoneto another)

The�e xibility of thevideoeventdescriptionlanguagehasbeendemonstratedthroughthemodelingof a

largequantityof activitiesin differentapplicationdomainssuchasmetrostationmonitoring[?], bankagency

monitoring[?], inside-trainmonitoring,car parkingmonitoringandnow in airport apronmonitoring.This

diversityof applicationrepresentsagoodfeedbackfrom end-usersto evaluatehow thislanguageis expressive

andeasyto use.

5.2 Recognitionof a LargeDiversityof Events

End-userssuchascompanieswhichhandleapronactivitiesareinterestedin detectingvehiclearrivalsin order

to know thatthesevehiclesarearrivedandarereadyto play their role in theactivities.Thatexplainsthatthe
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�rst focuswasonactivity recognitionsuchasvehiclearrivalsor activities involving few vehicleor people.

In every operationoccuringon theapronarea,observationof videosequencesshown thata generalscenario

wasrepeated: an operative vehicle�rst entersin the ERA zone(the apron,the EntranceRestrictedArea),

thenentersin its accesszoneandthenpark in this zone.For a givenvehicle,operationsor interactionswith

othergroundvehiclesor peoplestartonly whenit hasstoppedandis parked.

The�rst modeledactivitiesarearrivalsof thefollowing vehicles:

– theGroundPowerUnit, involvedin theaircraftarrival preparation,

– theTanker, involvedin theaircraftrefuellingoperation,

– theLoader, involvedin thebaggagesloadingandunloadingoperations,

– theTransporter, involvedin thebaggagestransportvia containers,

– theTow Tractor, involvedin theaircrafttow beforeits departure,

– theConveyor, involvedin thebackdoorbaggagesunloadingoperation,

– theAircraft, whenit drivesto its parkingposition.

As previously seen,theway a vehicleis involvedin anoperationis alwaysthesame: thevehiclearrival oc-

curs�rst andthenwhenparked,thevehicleoperatesor interactswith othergroundvehiclesor workerson the

apron.Fromvehiclearrivalsobservationsonnumerousrelevantvideosequenceshasbeenextractedageneral

model to recognisea vehiclearrival. An arrival actuallyoccursasa threestagesprocess: �rst the vehicle

arrivesin the apron(the EntranceRestrictedArea), thenit drivesto its accesszone,and�nally stopsthere

beforeany interactionbegins.Arrivals thusrepresentthreescenariospervehicle(asshown with theLoader

arrival, describedbelow).

Using thegeneralvideoeventmodelsfor the vehiclearrival models,new video eventshave beenmodeled.

For instance,onecompositevideo event usingfour generalvideo eventshasbeende�ned to recognisethe

aircraftarrival preparationinvolving theG.P.U vehicle(asshown below). Thisoperationinvolvessix physical

objects: theG.P.U. vehicle,its driverandfour zonesof interest.Thesystemautomaticallyrecognisesthatthe

G.P.U. vehiclearrivesin the E.R.A. zone,thenentersin its accessarea,andthenstopin it (this recognises

the G.P.U. arrival). Thenthe driversis recognisedasexiting the G.P.U. (this is oneapplicationof dynamic

contextual information)andthenhedepositschocksandstudat thelocationwheretheaircraftis expectedto

park.
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CompositeEvent(Aircraft Arrival Preparation,

PhysicalObject((p1 : Person),(v1 : Vehicle),(z1 : Zone),

(z2 : Zone),(z3 : Zone),(z4 : Zone))

Components((c1 : CompositeStateGpu Arrived In ERA(v1,z1))

(c2 : CompositeEventGpu EntersGpu AccessArea(v1,z2)))

(c3 : CompositeStateGpu StoppedIn Gpu AccessArea(v1,z2)))

(c4 : CompositeStateHandlerGetsOut Gpu(p1,v1,z2,z3)))

(c5: CompositeEventHandlerFrom Gpu DepositsChocksOr Stud(p1,v1,z2,z3,z4)))

Constraints((v1� > Type= ”GPU”)

(z1� > Name= ”ERA”)

(z2� > Name= ”GPU Access”)

(z3� > Name= ”GPU Door”)

(z4� > Name= ”Arrival Preparation”)

(c1beforec2)

(c2beforec3)

(c3beforec4)

(c4beforec5)

(c4duringc3)

(c5duringc3)))

This compositeeventenablesto recognisetheAircraft Arrival Preparation.It involvessix physicalobjects:

onepersonp1, onevehiclev1 andfour zonesof interestz1, z2, z3andz4. It is composedof � ve components

c1, c2, c3, c4 andc5 to recognisethattheGPUhasarrivedin theERA zone,entersin its areaandthenstops

in it. Thenthe driver exits the GPU (c4) anddepositesthe chocksto preparethe aircraft arrival (c5). Con-

straintsareusedto specifythevehicletype(aGPU),thezonesof interestz1, z2, z3, z4andto verify temporal

relationshipsbetweenthecomponents.

CompositeEvent(LoaderArrival,

PhysicalObjects((v1 : Vehicle),(z1 : Zone),(z2 : Zone))

Components((c1 : CompositeStateVehicleArrived In ERA(v1,z1))
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(c2 : CompositeEventLoaderEntersFrontLoadingArea(v1,z2)))

(c3 : CompositeStateLoaderStoppedIn FrontLoadingArea(v1,z2)))

Constraints((v1� > SubType= ”LOADER”)

(z1� > Name= ”ERA”)

(z2� > Name= ”Front Loading Area”)

(c1beforec2)

(c2beforec3)

This compositeeventenablesto recognisetheLoadervehiclearrival. It involvesthreephysicalobjects: one

vehiclev1andtwo zonesof interestz1andz2. It is composedof threecomponentsc1, c2andc3 to recognise

that the Loaderhasarrived in the ERA zone,entersin its areaandthenstoppedin it. Constraintsareused

to specify the vehicle type (a Loader),the zonesof interestz1 andz2 andto verify temporalrelationships

betweenthecomponents(before).

5.3 Recognitionof Complex Activities

Complex Activity

After initial work onsimpleactivity recognitionto show thelargediversityof eventswhichcanbeaddressed,

thenext challengewasto handleautomaticrecognitionof complex activities.Complex activitiesrefersto the

operationsinvolving severalmobileobjects(which canbeof differenttypesandevensubtypes)interacting

with eachothersduringan extendedtime period,on the apronarea,observed throughthecameranetwork.

Suchactivitiesaredescribedusingvideoeventmodelsinvolving severalphysicalobjects,components(even

compositestatesor events)representingthedifferentstagesof theoperations,andtemporalconstraints.The

proposedvideo event representationlanguageallows to simplify the modelingof suchoperationsby using

compositevideo eventsembeddingotherscompositevideo events.This modelisationeasesthe writting of

the video event modelsbecausethis canbe doneprogressively from primitive to moreandmorecomplex

compositevideoevents.Temporalconstraintsenableto managethetemporalrelationshipsbetweenthecom-

ponentsof compositeevents.As previously described,the proposedrecognitionalgorithmusescomposite

video eventsdecompositionandpreprocessingphaseto ef�ciently copewith combinatorialexplosionsthat
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couldoccurduringtherecognitionof complex activity.

CompositeEvent(UnloadingOperation,

PhysicalObjects((p1 : Person),(v1 : Vehicle),(v2 : Vehicle),(v3 : Vehicle),

(z1 : Zone),(z2 : Zone),(z3 : Zone),(z4 : Zone))

Components((c1 : CompositeEventLoaderArrival(v1,z1,z2))

(c2 : CompositeEventTransporterArrival(v2,z1,z3)))

(c3 : CompositeStateWorker ManipulatingContainer(p1,v3,v2,z3,z4)))

Constraints((v1� > SubType= ”LOADER”)

(v2� > SubType= ”TRANSPORTER”)

(z1� > Name= ”ERA”)

(z2� > Name= ”Front Loading Area”)

(z3� > Name= ”Transporter Area”)

(z4� > Name= ”Container Worker Area”)

(c1beforemeetc2)

(c2beforemeetc3)

This compositeeventenablesto recognisethe Unloadingoperation.It involveseightphysicalobjects: one

personp1, threevehiclesv1, v2, v3, andthreezonesof interestz1, z2, andz3. It is composedof threecompo-

nentsc1, c2, c3to recognisetheLoaderarrival (acompositeeventpreviouslydetailed),theTransporterarrival,

andtheworker manipulatingcontainers.Eight constraintsareusedto specifythevehicletypes(Loaderand

Transporter, thethird vehiclecorrespondsto acontainer),thezonesof interest,andthetemporalrelationships

bewteenthecomponents(before meet).

BaggagesFrontUnloadingOperation

In orderto illustratehow is modeledanactivity, the modelingof the baggagesfront unloadingoperationis

described.

This usualoperationoccurswhentheaircrafthasparkedandconsistsof unloadingthepassengersbaggages

throughthe aircraft front right door. This operationis well structuredandprocedural.Several physicalob-

jectsareinvolved: theLoaderandTransportervehicles,a container, theLoaderdriver anda groundworker.

Thesephysicalobjectsareinteractingwith eachothersthroughfour zonesof interest.After observation of
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videosequences,this operationappearsto bea threemainstagesprocess.Thusthemodelingof this opera-

tion is designedin threeparts: the Loaderarrival, theTransporterarrival, andthe containersmanipulation.

Thesethreepartsarealsocomposedof othervideo events(asshown for instancefor the Loaderarrival).

Theoperationof ”baggagesUnloading”is composedof differentstepscorrespondingto eventsinvolving the

Loader, theTransporterandtheworkerpersonmanipulatingthebaggagecontainers.First, theLoadervehicle

arrivesin theERA zone,thenit entersin its restrictedareaandthenparkedin thiszone.This is thecomposite

event ”Loader Arrival”. The Loaderhandleris detectedwhenhe opensthe right front loadingdoor (event

”Loader HandlerDetected”).Whenthe Loaderhasparked, the Transporterthenentersandparksin order

to allow thebaggagecontainersreceptionfrom theLoader. This representsthe”TransporterArrival”. When

the Transporterhasparked in its area,it meansthat it is readyto receive the baggagecontainersfrom the

Loaderin the Worker areazone.This zonecorrespondsto the placewherecontainersfrom the Loaderare

manipulatedby theworker personwho thenattachit to theTransporter. Herewe recognisethat theworker

hasarrivedin thezoneandis readyto getthecontainers(event“Worker arrived”), andthenwhenacontainer

is detectedin the unloadingzonewith the worker, the event ”Worker ManipulatingContainer”(illustrated

on Figure5) is recognised.As previously mentioned,the stepswhich composethe operationarealsocom-

positeeventsand are composedof other events.For instance,the “Loader Arrival” is composedof three

combinedvideoevents: (1) the“VehicleArrived In ERA”, the“Loader EntersFrontLoadingArea”,andthe

“Loader StoppedIn FrontLoadingArea” events.The Loaderarrival is consequentlyrecognisedonly when

thesethreeeventshave beenrecognised,accordingto thetemporalconstraintsthey arerelatedto.

5.4 Reliability of VideoUnderstanding

5.4.1SceneTracking

TheSceneTrackingevaluationassessestheperformanceof thecoretrackingcomponents(motiondetection,

objecttracking,objectrecognitionanddatafusion)on representativetestdata.

Thedetectionrate(TP=(TP+ FN)) andfalsealarmrate(FP=(TP+ FP)) metricswerechosento quanti-

tatively evaluatethemotiondetectionandobjecttrackingperformance(whereTP, FN andFParethenumber

of truepositives,falsenegativesandfalsepositivesrespectively).
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Fig. 5 This Compositestateis recognisedwhen the apronworker is manipulatinga containerin the working zone.This is

recognisedwhentheworker hasarrivedin this zoneandthatacontaineris detectedin it. Thisenablesto recognisethatthey are

interactingwith eachothers.

The performanceevaluationof the differentmotiondetectoralgorithmsfor AVITRACK is describedin

moredetail in [?]. Theperformanceof thecolourmeanandvariancemotiondetectorwasevaluatedon three

aprondatasets.Dataset1 (9148frames)containsthepresenceof fog whereasdatasets2 and3 (6023frames)

are acquiredon a sunny day. For datasets1 and 3, the motion detectorprovides a detectionrate of 77%

anda falsenegative rateof 23%. In dataset2 the detectionratedecreasesto 60%. The achromaticnature

of the scenegeneratesa considerablenumberof falsenegativescausingthe decreasein detectionrateand

the increasein falsenegative rate.The fog in dataset1 causesa high numberof foregroundpixels to be

misclassi�edashighlightedbackgroundpixels resultingin a decreasein accuracy (93%).A representative

resultfor themotiondetectionis shown in Figure6. It canbeseenthatsomeobjectsarepartiallydetecteddue

to thesimilarity in appearancebetweenthebackgroundandforegroundobjects.

Theperformanceevaluationof theper-cameratrackingalgorithmis describedin moredetail in [?]. The

SceneTrackingevaluationassessestheperformanceon representative testdatacontainingchallengingcon-

ditions for an objective evaluation.Two testsequenceswerechosen,dataset4 (a subsetof dataset1, 2400
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Fig. 6 Representative motiondetectionresultfrom dataset1 showing (Left) referenceimageand(Right)detectionresultfor the

colourmeanandvariancealgrotihm.

frames)containsthe presenceof fog whereasdataset5 (1200 frames)wasacquiredon a sunny day. Both

sequencescontaintypical apronsceneswith congestedareascontainingmultiple interactingobjects.

For Dataset4 3435truepositives,275 falsepositivesand536falsenegativesweredetectedby theKLT

basedtracker. This leadsto a trackerdetectionrateof 0.87anda falsealarmrateof 0.07.For Dataset5 3021

truepositives,588falsepositivesand108falsenegativesweredetectedby theKLT basedtracker. This leads

to a tracker detectionrateof 0.97anda falsealarmrateof 0.16.Representative resultsof thescenetracking

modulearepresentedin Figure7. It canbeseenthatstrongshadows aretrackedaspartof theobjectssuch

asthetanker from Dataset4 andthetransporterfrom Dataset5. In Dataset4 aperson(bottom-rightof scene)

leavesthegroundpower unit andin Dataset5 a containeris unloadedfrom theaircraft,boththesescenarios

leavea ghosttrackin thepreviousobjectposition.

Theevaluationof thehierarchicalobjectrecognitionmoduleisdescribedin moredetailin [?]. It wasfound

that errorsoccuredin the �rst stageof classi�cation whenthe bottom-upfeatureswerenot well detected,

thereforethedescriptorswerenolongerrepresentativeof theobjecttype.Typecategorisationaccuracy found

to bebetween60 and97%for evaluatedtestsequences.Thetypeclassi�cationwasfoundto besensitive to

the detectionresult.Sub-Type categorisationaccuracy found to be between61 and88% for evaluatedtest

sequences.Thesub-typeclassi�cationwasfoundto besensitive to similarity in vehicleappearanceandlocal

maximain theevaluationscoresurface.
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Fig. 7 (Left) Resultsobtainedfrom thescenetrackingmoduleshowing (Left) Dataset4 and(Right) Dataset5. (Right) Result

obtainedfrom thedatafusionmodule.

TheDataFusionmoduleis qualitatively evaluatedfor anextendedsequence(S21)of 9100frames.The

datafusion performanceis shown in Figure8 whereestimatedobjectson the groundplaneareshown for

thetestsequence.It is clearto seethat theextendeddatafusionmoduleout-performsa standard(i.e. spatial

validationandfusion)datafusionprocess.This is achievedby extendingthevalidationgateto morefeatures

andfusingobjectsbasedon themeasurementcon�dence.Many moreobjectsestimatedby theextendeddata

fusionarecontiguous,with lessfragmentationandmorerobustmatchingbetweenmeasurementsandexisting

tracks.For many scenariosthe extensionof the validationgateprovides muchgreaterstability, especially

whenobjectsareinteractingin closeproximity. Theuseof objectcon�dencein the fusionprocessalsoim-

provesthestabilityof thetrackingwhenobjectsenter/exit thecameras�elds-of-view. It is notedthatthetrack

identity canbe lost whenthe objectmotion is not well modelledby the Kalman �lter or whentracksare

associatedwith spuriousmeasurements.

5.4.2SceneUnderstanding

To validateglobally the video understandingapproach(i.e. SceneTracking,CoherenceMaintenanceand

SceneUnderstanding),we have testedit on variousAirport Activity videosequences.First, we have tested

theapproachfor therecognitionof airportactivitiesinvolving onevehicle,thenwehavetestedit for activities

with interactionswith severalvehicles.
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