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1 Intr oduction

Videounderstandingimsto automaticallyrecogniseactivities occuringin a comple ervironmentobsered
throughvideo camerasWe are interestedn understandingideosobsenred by suneillanceCCTV camera
network for therecognitionof long-termactivities involving mobile objectsof differentcategories(e.g.peo-
ple, aircraft,truck, cars).More precisely our goalis to studythe degreeof compleity which canbehandled
with suneillancesystemsandin particularto go beyondexisting systemg?]. We areinterestedn comple
scenesn termsof actorsparticipatingto the activities, large spatio-temporascaleandcomplex interactions.
Video understandingequiresseveral processingstagesrom pixel-basedvideo streamanalysisup to high
level behaiour recognition.In this paper we proposean original approachfor video understandingThis
approachcanbe divided into threemain stages SceneTracking, CoherenceMaintenanceand SceneUn-
derstandingasshavn on Figure1). SceneTrackingconsistsrst in detectingobjectsbasedon their motion,
trackingthemover time andcategorisingthem(e.g.people aircraft, truck, cars)per camerathenwith a data
fusion stepin computingthe 3D positionof mobile objectsin a global coordinatesystem.CoherencéVain-
tenanceconsistsin computinga comprehensie and coherentrepresentatiof the 3D scenetogetherwith
the updatingof its evolution in time. SceneUnderstandingonsistsn real-timerecognitionof video events
accordingto end-useneedausingcoherenScenelrackingresultsasinput.

Eachstagehasto copewith speci ¢ problemsin orderto provide accurateandreliabledatato the next stage.
In this paper we want more speci cally to addresghreechallengesFirst, mostof video suneillancesys-
tems[?] arestill not ableto run aroundthe clock, in particularin outdoorervironments.For instancemost
of themarenotableto handlethelargevariety of realapplicationconditionssuchassnaw, sunsetfog, night.
Our goal is thusto proposea robust enoughtracking processto be able to recogniseeventswhatever the
applicationconditionsare.Second gvenfor operationalideo suneillancesystemq?), it is still anissueto
monitor a large scenewith a cameranetwork. Finally, a remainingissuefor video suneillancesystemss to

automaticallyrecognisecomplex eventsinvolving severalactorswith sophisticatedemporalrelationships.
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In this paper we wantto addresgheseissueswith our video understandingpproachandto validateit
for Airport Activity Monitoring. This work hasbeenundertaken in the frameavork of the Europearproject
AVITRACK. In this application theaimis to performreal-timerecognitionof handlingoperationccuring
aroundanaircraftparked on anapronarea.Thevideo sequenceareprovided by a network containingeight
colour720 576resolutioncamerawith overlapping elds of view.

The rst sectiondealswith SceneTracking,the secondsectiondealswith the coherencenaintenancef the
3D dynamicsceneandthethird onedescribesn detailsSceneUnderstandingln the lastsection resultsare

analysedn the Frameavork of the AVITRACK project.

Scene Scene Scene Human
. —XML —» Coherency — XML —¥ —XML —»  Computer
Tracking

Maintenance Understanding Interface

Video Streams

Fig. 1 VideoUnderstandindvervien. The main datastreamstartsfrom the videosup to humancomputerinterface.In this
systemno feedbackhasbeensetupduemainly to two reasonsthe end-usersequirementlid not mentionit andfeedbackhas

thetendeng to slow down thewholeprocess.

2 SceneTracking

The AVITRACK SceneTrackingmodulecompriseswo distinct stages— per camera(2D) objecttracking
andcentralisedvorld (3D) objecttracking.The percameraobjecttrackingconsistof motiondetection(sec-
tion 2.1)to nd themoving objectsin the obsered scenefollowedby objecttrackingin theimageplaneof
the camerg(section2.2). Thetracked objectsaresubsequentlglassi ed usinga hierarchicalobjectrecogni-
tion schemesection2.3). Thetrackingresultsfrom the eightcamerasrethensentto a centralsener where
the multiple obsenationsarefusedinto singleestimategsection2.4). In this Sectionwe detail eachstepof

the SceneTrackingmodule.

2.1 Motion Detection

Motion Detectionsggmentsheimageinto connectedegionsof foregroundpixelsthatrepresenimoving ob-

jects.Theseresultsarethenusedto track objectsof interestacrosanultiple frames.After evaluatingseveral
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motion detectionalgorithmsfor the airportapronervironment(seeresultsin [?]), the colour meanandvari-
ance[?] backgroundsubtractionalgorithmwas selectedor AVITRACK. This algorithmusesa pixel-wise
Gaussiardistribution over the normalisedRGB colour for modelling the backgroundThis algorintmwas
extendedby including a shadav/highlight detectioncomponenbasedon the work of Horpraserietal [?] to
malke motiondetectiorrobustto illumination changesln addition,a multi-layeredbackgroundapproactwas
adoptedo allow theintegrationinto the backgroundf objectsthatbecomestationaryfor ashorttime period.

More detailin [?].

2.2 ObjectTracking

Real-timeobjecttrackingcanbe describedasa correspondencproblem,andinvolves nding which object
in avideoframerelateso which objectin thenext frame.Normally, thetime intenal betweertwo successie
framesis small, thereforeinter-framechangesarelimited, thusallowing the useof temporalconstraintsand
objectfeaturedo simplify the correspondencgroblem.

The Kanade-Lucas-dmasi(KLT) featuretrackingalgorithm[?] is usedfor trackingobjectsin the AVI-
TRACK system.This combinesa local featureselectioncriterion with feature-basedhatchingin adjacent
frames.But the KLT algorithmconsiderdeaturego beindependengéntitiesandtrackseachof themindivid-
ually. To move from thefeaturetrackinglevel to the objecttrackinglevel, the KLT algorithmis incorporated
into a higherlevel tracking processthis groupsfeaturesinto objects,maintainassociationbetweenthem,
and usesthe individual featuretracking resultsto track objects,while taking into accountcomplex object
interactions.

For eachobjectO, a setof sparsdeaturesSis maintainedj§ — the numberof featuregperobject— is

determineddynamicallyfrom the object’s sizeanda con gurablefeaturedensityparameter :
areqO)

wi?
wherejwj is the size of the features window (9 9 pixelsin our case).In experimentsr = 1.0 i.e.jS is

9= (1)
the maximalnumberof featureghatcanspatiallycover objectO, without overlapbetweerthelocal feature
windows.

TheKLT tracker takesasinput the setof obserations M; identi ed by the motion detectorHere,an

obsenrationM; is aconnectedomponenbf foregroundpixels,with theadditionof anearesheighbourspatial
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Iter of clusteringradiusry, i.e., connecteccomponentsvith gaps r¢ areconsideredasone obsenration.
n o
Givensucha setof obsenations M} attimet, andthe setof tracked objects O} 1 att 1,thetracking

processs summariseads:

1. Generatebjectpredictions P!g for timet from the setof known objects O} 1 att 1,with thesetof
featuressait setto So} 1.

2. RuntheKLT algorithmto individually trackeachlocal featurebelongingto Spit of eachprediction.

3. Givenasetof obser‘asltionsn M}O detectedy themotiondetectormatchpredictions P!g to obserations
by determiningto which obsenration M} thetrackedlocal featuresof P' belongto.

4. Any remainingunmatchedredictionsin f P'g are marked as missingobserations.Any remainingun-
matchedbbserationsin " M}O areconsideredo be potentialnew objects.

5. Detectary matchedpredictionsthat have becometemporarily stationary Theseare integratedinto the
backgroundnodelof the motiondetectorasa new backgroundayer.

6. Updatethe stateof thosepredictionsin f P'g that were matchedto obsenationsand replaceary lost

featuresThe nal resultis a setof trackedobjectsf Otg attimet. Lett =t+ 1 andgoto stepl.

In step3 above, featuresareusedin matchingpredictiongto their corresponding@bsenationsto improve the
trackingrobustnessn crovdedscenesThis is achieved by analysingthe spatialand motioninformation of
thefeaturesSpatialrule-basedeasonings appliedto detectthe presencef meiging or splitting foreground
regions;in the caseof meiged objectsthe motion of the individual featuresarerobustly tted to (predeter
mined)motionmodelsto estimatethe membershipf featuredo objects.If themotionmodelsarein distinct
or unreliablethenthe local statesof the featuresare usedto updatethe global statesof the megedobjects.
The spatialrule-basedeasonings describedn moredetailin Section 2.2.1,while the motion-baseday-
mentationmethodis describedn Section 2.2.2.Section 2.2.3describeghe techniquen step5 above, for

detectingandhandlingmoving objectsthatbecomeaemporarilystationary
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2.2.1Using Spatiallnformationof Featues

This methodis basedon theideathatif afeaturebelongsto objectO; attimet 1, thenthe featureshould
remainspatiallywithin the foregroundregion of O; attimet. A matchfunctionis de ned which returnsthe

numberof trackedfeaturesw of predictionP! thatresidein the foregroundregion of obsenation M} :

n 0
fPEME = wiw2 Sty W2 M; (2)
In the caseof anisolated(non-interactingpbject,(2) shouldreturna non-zerovaluefor only oneprediction-
obserationpair;ideally f P!; M} = S —thisis normallylessdueto lostandincorrectly-tracledfeatures.
For interactingobjects suchasobjectamerging, occludingeachother undegoingsplittingevents etc.,atable
of scorevaluesreturnedby (2) is constructedanda rule-basedpproachs adoptedo matchpredictionsto

obsenations.

The rst rule handleghe ideal matchesof isolatedobjects,i.e. one-to-onematchesbetweerpredictions
andobsenations:
f P5M{ >0 and
(3)
f PeM} =0, f PiMl =0 8k6i;l6 |
Thesecondule handleghecasewhenanobjectattimet 1 splitsinto severalobjectswhenseerattime
t. This occurswhenseveralobseration regionsmatchwith a singlepredictionP! - in otherwords,the setof
obsenationsis partitionedinto two subsetsthe subsetM1 of obsenationsthat matchonly with P! andthe

subsebf thosethatdo not matchwith P!:

f Pit;M} >0 M}ZMl M; jM1j> 1 and
f RGME = 0; 8M{2 MLK6 i and (4)

f PGME = 0; M2 M1

The predictionis thensplit into new objects,onefor eachof the matchedobserationsin M1. The features
of the original predictionP, areassignedo the correspondingnew objectdependingon whetherthey reside

within its obsenrationregion or not. In this way, featuresaremaintainedhroughoutan objectsplitting event.
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The third matchingrule handlesmeging objects.This occurswhenmore thanone predictionmatches

with anobsenationregion:

f PsML >0 R'2P1 PR jPL>1 and

f P5ML =0; 872 PLk6 j and (5)

f A;M} =0, 8R'2P1

In this casethe stateof the predictiong(suchaspositionandboundingbox) cannotbe obtainedby a straight-
forward updatefrom the obsenration's state sinceonly onecombinedmemged)obsenationis availablefrom

themotiondetectorinsteadtheknown local statesof thetrackedfeaturesareusedto updatethe global states
of the predictions.The predictions new centreis estimatedy takingthe averagerelative motion of its local

featuresfrom the previous frameattimet 1 to the currentone. This is basedon the assumptiorthat the
averagerelative motion of the featuresis approximatelyequalto the object’s global motion - this may not

alwaysbetruefor non-rigid objectsundegoinglarge motion,andmay alsobe affectedby the apertureprob-

lem dueto the smallsizeof thefeaturewindows. The sizesof the boundingboxesof the predictionsarealso
updatedn orderto maximisethe coverageof the obserationregion by the combinedpredictions'bounding
boxes. This handlescasesvhereobjectsare moving towardsthe camerawhile in a meigedstateand hence
their sizesincreaself not done,theresultis partsof the obsenration region thatarenot explainedby ary of

the predictions.

2.2.2UsingMotion Informationof Featues

The motion information (per feature2D motion vectors)obtainedfrom trackingthe local featuresof a pre-
diction B is alsousedin thematchingprocesof step3 above. Featuredelongingto anobjectshouldfollow
approximatelythe samemotion (assumingigid objectmotion). Motion modelsare tted to eachgroupof k
neighbouringeaturef B. Thesemotionmodelsarethenrepresentedspointsin amotionparametespace
andclusteringis performedin this spaceto nd the mostsigni cant motion(s)of the object[?]. A weighted
list is maintainedper objectof thesesigni cant motionsandthelist is updatedover time to re ect changes
in the object's motion - if a motion modelgainscon denceits weightis increasedif a newv motion model
is detectedit is addedto thelist, or replacesan existing lower probableone. The motion modelsareusedto

differentiatethe featuresof mergedobjectsby checkingwhethera featurebelongsto one motion modelor
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the other This allows trackingthroughmemging/occlusiorandthereplenishmenof lost featuresThe motion
modelsof an objectarealsousedto identify objectsplitting events— if a secondarynotionbecomesignif-
icantenoughandis presenfor along time, splitting occurs.Althoughthe underlyingassumptions of rigid
objectmotion,the useof aweightedlist of motionmodelsshouldallow for theidenti cation of the different
motionsfor articulatedvehicles;futurework will addresshisissue.

Two typesof motionmodelshave beenusedfor AVITRACK —af ne andtranslationamodels.Theafne

motionmodelis generatedby solvingfor [?]:
W Fwg N =0 (6)

wherew; andw; y arethe (homogeneoudpcationvectorsof featurew attimet,t N, andF is thefunda-

mentalmatrix representinghe motion.For theaf ne caseF hastheform:
3

2
0 0 fi3
F=80 0 f 0
f31 fao fa3

F is obtainedthrougha minimisationprocessasedn eigenanalysisasdescribedn [?]. Theaf nhe motion

modelis thenrepresenteth termsof 5 motionparametersiaiine = ha; g;r ;1 ; qi, where:

f
a= arctan(f—13 (8)
23
g= arctarl(ﬁ 9)
s 1
f2 + f2
= 3= (10)
fiat 15
| =g 18 (11)
&+ 5
g=a g (12)

Clusteringis performedin the motion parametespaceto getthe list of mostsigni cant motion modelsfor
theobject.

Thesecondnotionmodelis simply thetranslationamotionin theimageplane:

Vitransktional = Wt Wt N (13)

Whentestedon AVITRACK sequencest wasfound that perspectie and lensdistortion effects cause

theaf ne motion modelsto becomehighly dispersedn the motion parametespaceandclusteringperforms
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poorly. Thetranslationaimodel,ascanbeexpectedalsosuffersfrom theseproblemsandaf ne motioneffects,
but the effect on clusteringis lessserere. At presentthe translationaimodelis generallyperformingbetter
thanthe af ne model.Futurework will look into improving the af ne modelandusingperspectie motion

models.

2.2.3 StationaryObjects

For the apronervironment,activity tendsto happerin congestedreameartheaircraftwith severalvehicles
arriving andstoppingfor shortperiodsof time in the vicinity of the aircraft, creatingocclusionsand object
meiging problemsTo allow objectsto bedifferentiatecandthetrackingof moving objectsin front of stopped
objectsthemotiondetectiorprocessiescribedn Section2.1wasextendedo includea multiple background
layertechniqueThe tracker identi es stoppedobjectsby one of two methodsby analysingan object's re-

gionsfor connectedomponentsf foregroundpixelswhich have beenlabelledas 'motion' for acertaintime

window; or by checkingtheindividual motionof local featuresof anobject.Stationaryobjectsareintegrated

into the motiondetectors backgroundnodelasdifferentbackgroundayers.

This techniqueis similar in ideato the temporallayersmethoddescribedby Collins et al [?], except
thattheir methodworks on a pixelwise level, usingintensitytransitionpro les of pixelsto classifythemas
“stationary'or “transient'.This is thencombinedwith pixel clusteringto form maving or stationaryregions.
This methodperformedpoorly when appliedto AVITRACK sequencesjue mainly to stationaryobjects
becomingfragmentednto mary layersasthe durationobjectsremainstationaryincreasesThis resultsin
differentupdateratesto the layersandincorrectre-actvationoncean objectstartsmoving again.In the case
of AVITRACK, the aircraft can remainstationaryfor up to half an hour - it is imperatie that the object
remainsconsistenthroughouthis time, its backgroundayergetsupdateduniformly andit is re-actvatedas
awhole. The methodadoptedor AVITRACK worksat the region-level andis handledby thetracker rather
than at the motion detectionphase wherethe motion information of the local featurescan provide robust
informationon an object’s motion. This useof region-level analysishelpsto reducethe creationof a large

numberof backgroundayerscausedy noise.
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@) (b) (© (d)

Fig. 2 (a) Frameof sequences21shaving a transportervehicle. (b) Edgebasedand appearancéased3D modelfor the
transportewehicle.(c) The appearancenodel tted to the vehicle,with the ground-plangx,y) searchareashavn in blue. (d)

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

2.3 ObjectRecognition

To ef ciently recogniséhepeopleandvehiclesontheapron,ahierarchicabpproachs appliedthatcomprises
both bottom-upandtop-davn classi cation.The rst stagecateyorisesthe top-level typesof objectthatare
expectedto be found on the apron(people,groundvehicle,aircraft or equipment)this is achiezed usinga
bottom-upGaussiamrmixture model classi er trainedon ef cient descriptorssuchas 3D width, 3D height,
dispersednesandaspectatio. Thiswasinspiredby thework of Collins etal [?] whereit wasshavn to work
well for distinctobjectclasses.

After the rst coarseclassi cation,the secondstageof the classi cationis appliedto thevehiclecategory
to recogniseheindividual sub-type®f vehicle.Suchsub-typesannotbedeterminedrom simpledescriptors
andhencea proven methodis used[?,?] to t textured3D modelsto the detectedbjectsin thescene.

Detailed3D appearanceodelswereconstructedor thevehiclesandencodedisingthe ‘facetmodel’ de-
scriptionlanguagentroducedn [?]. Themodel t ataparticularworld pointis evaluatedby back-projecting
the 3D modelinto the imageand performingnormalisedcross-correlatiofiNCC) of the facets'appearance
modelwith the correspondingmagelocations.To nd thebestt for a model,the SIMPLEX algorithmis
usedto nd the posewith bestscorein the searchspaceassuminghe model's movementsare constrained
to beon theground-planeSeeFigure2 for anexample.Theinitial poseof the 3D model(Xo; Yo; go) usedto
initialise the search|s estimatedrom the centroidof the object(projectedon to the ground-planepandits
directionof motion.Thex;y rangein the searchspacds estimatedrom theimage-plandoundingbox of the
objectwhenprojectedon to the groundplane;while the g searchrangeis currentlyrestrictedto go+ = 15

degrees.
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The3D model tting algorithmis computationallyintensive andcannotberunin real-time.This problem
is solved by running the algorithm on a backgroundthreaded)processto the main (bottom-up)tracking
systemandupdatingthe objectclassi cationwhenit is available.A processingjueueis usedto synchronise
thetwo methodgogetherFor apronmonitoringthe sub-typecategory only becomesmportantwhenavehicle
entersspeci ¢ spatialzonesneartheaircraft; thetime betweera vehicleenteringthe sceneandenteringsuch
azoneis generallyadequatéo performmodel-basedateayorisationat leastoncefor eachobject.Runningthe
classi er asabackgroungrocessmeanghatthe objectlocationandorientationaremeasuredor a previous
frame, thus creatinga lateng in objectlocalisation— this is a compromiserequiredto achieve real-time
performanceThis problemis correctedn the DataFusionmoduleby applyinganef cient objectlocalisation

stratgyy describedn thefollowing section.

2.4 DataFusion

The methodappliedfor datafusionis basedon a discretenearesheighbourKalman Iter approacH?] with
a constantvelocity model; the main challengein apronmonitoringrelatesto the matchingof tracksto ob-
senations,this is not solved by a probabilistic Iter , thereforethe simplerdeterministic lter is sufcient.
The (synchronisedtamerasrespatiallyregisteredusingcoplanarcalibration[?] to de ne common world'
co-ordinategx;y; 2).

To localiseobjectsin the world co-ordinatesve devisedan ef cient stratayy giving good performance
over awide rangeof conditions.For the personclassof objectsthelocationis takento be the bottom-centre
of the boundingbox of the detectedobject. For vehicleswe formulateda smoothfunction to estimatethe
position of the centroidusingthe measured2-D) angleto the object. Taking a to be the anglemeasured
betweerthe cameraandtheobject,the proportionp of theverticalboundingbox height(where0 p 1=2)
wasestimatedasp= 1=2(1 exp( [ a)); theparametel wasdeterminedxperimentallyto provide good
performanceover a rangeof testdata.The vertical estimateof the objectlocationwasthereforetakento be
Viot (p h) wherey, is the bottomedgeof the boundingbox andh is the heightof the boundingbox. The
horizontalestimateof the objectlocationwas measuredsthe horizontalcentre-lineof the boundingbox,

sincethisis generallyareasonablestimatd ?].
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The dataassociatiorstepassociatesxisting track predictionswith the per camerameasurementsn the
nearesheighbourlter thenearestnatchwithin avalidationgateis determinedo bethesoleobserationfor

agivencameraFor multiple tracksviewedfrom multiple sensorshe nearesheighbour lter is:

1. For eachtrack,obtainthe validated(i.e. associated3etof measurementsercamera.
2. For eachtrack,associatéhe nearesheighbourmpercamera.

3. Fuseassociatetheasurementsito a singlemeasurements.

4. Kalman Iter updateof eachtrackstatewith thefusedmeasurement.

5. Intersensomssociatiorof remainingmeasurement® form candidatdracks.

The validatedsetof measurementare extractedusing a validationgate[?]; this is appliedto limit the
potential matchesbetweenexisting tracks and obsenrations.In previous tracking work the gate generally
representshe uncertaintyin the spatiallocationof the object;in apronanalysighis strateyy oftenfails when
large and small objectsare interactingin close proximity on the congestedapron, the uncertaintyof the
measuremenis greaterfor larger objectshenceusing spatial proximity alonelarger objectscan often be
mis-associateavith the small tracks.To circumwent this problemwe have extendedthe validation gateto
incorporatevelocity and category information, allowing greaterdiscriminationwhenassociatingracksand

obsenations.

Theobsered measuremeris a 7-D vector:

Z = [xyxy;P(p); P(v); P(a)]" (14)

whereP( ) is the probability estimatethat the objectis oneof threemaintaxonomiccategories(p = Person,
v = Vehicle,a = Aircraft) normalisedsuchthatP(p) + P(v) + P(a) = 1. This extendedgateallows objectsto

bevalidatedbasedn spatiallocation,motionandcategory, whichimprovestheaccurag in congeste@pron
regions.Theeffective volumeof thegateis determinedy athreshold onthenormalisednnovationsquared

distancebetweerthe predictedrack statesandthe obsered measurements:

h ir h i
dé(i;j)= HR () Z()) St HR () Zu(j) (15)
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whereS = ku ()YHT + Ry(j) is the innovation covariancebetweenthe track and the measurement his

takestheform:
2 3

S2sy0 0 0 0 O
Syxs¢0 0 0 0 O
0 0 s2s40 0 O
S=80 0 sxs20 0 O (16)
0000 s20 0

2
00000 s20

v)
0 0000 O sé(a)

wheres §(p), sg(v) andsg(a) aretheinnovationvarianceof the probabilityterms.For the kinematicterms
thepredictedstateuncertaintybk is takenfrom theKalman Iter andconstant priori estimatesreusedfor
the probability terms.Similarly, the measurememtoisecovarianceR is estimatedor the kinematictermsby
propagatinga nominalimageplaneuncertaintyinto theworld co-ordinatesystemusingthe methodpresented
in [?]. Measuremenoisefor the probabilitytermsis determined priori. An appropriategatethresholdcan
be determinedrom tablesof the chi-squaredistribution[?].

Matchedobsenrationsare combinedto nd the fusedestimateof the object, this is achiesed using co-
varianceintersection This methodestimateghe fuseduncertaintyR ¢ ,seg for N matchedobsenationsasa

weightedsummation:

- 1y ... 1 1
Rfused— WlRl + i+ WNR numcams (17)

wherew; = vv?zéﬂ-\‘:lmﬁ andwP= y ¢ is the con denceof thei'th associatedbsenration (madeby camera
c). Thecon dencevaluey £ representshe certaintythatthe 2-D measuremeniepresentshe whole object.

Localisationis generallyinaccuratevhenclipping occursattheleft, bottomor right-handmagebordersvhen

objectsenter/eit the sceneThe con dencemeasurey 2 [0; 1] is estimatedusinga linearrampfunctionat

theimageborders(with y £ = 1 representingcon dent' i.e. the objectis unlikely to be clipped).A single

con denceestimatey © for anobjectO; in camerac is computedasa productover the processedbounding
box edgedor eachobjectin thatcameraview.

If tracksare not associatedising the extendedvalidation gatethe requirementsare relaxed suchthat

objectswith inaccuratevelocity or category measurementsanstill be associatedRemainingunassociated
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measurement@refusedinto new tracks,usinga validationgatebetweerobsenationsto constrainthe asso-
ciationandfusionsteps Ghoststrackswithout supportingobsenationsareterminatedaftera predetermined
periodof time. To track objectsthat cannotbe locatedon the groundplanewe have extendedthe tracker to

performepipolardataassociatiorfbasedn the methodpresentedn [?]).

3 CoherenceMaintenance of the 3D Dynamic Scene

3.1 Introduction

High-level interpretatiorof video sequenceemegesfrom the cooperatiorof avision (Scenelracking)pro-
cessand a reasoning(SceneUnderstandingprocess.The aim of coherencg maintenances to performa
3D analysisof mobile objectdynamicsin orderto improve the SceneTrackingrobustnessin particularthe
coherencemaintenancegrocesscan handlecomplex sceneausing large spatialandtemporalscaleto cope
for instancewith occlusionsor misdetectionsluring several framesandchangesf mobile objecttype. For
instanceataskis to preventmobile objectsto disappeawhenno signi cant reasorcanjustify it.

The coherencenaintenancés performedthroughtwo tasks: Long-TermandGlobal Tracking.In the Long-
Term Tracking,the temporalcoherencef eachindividual mobile objectis checled. In the Global Tracking,

the spatio-temporatoherencef all the mobile objectsis checled.

3.2 Long-TermTracking

The aim of Long-Term Trackingis to usea temporalwindow to improve the tracking of detectedmobile
objectswhentheFrame-to-Fram@rackerfacecomple situationssuchasocclusionsThis algorithmis based
on temporalgraphanalysis.This algorithm hasbeenpreviously appliedto video communicatior{?] andit
hasbeenextendedo addressew issuedor airportactivity monitoring.

The proposed.ong-Term Tracker takesasinput the DataFusionresults.They consistin alist of tracked
mobile objectslocatedin acommon3D referencdrame.Long-Term Trackingusesa temporalwindow (typ-
ically tenor twentyframes)in orderto trackmobile objectstakingadvantageof this temporalinformationto

investigatepotentialobjectpaths,in orderto improve thetrackingreliability andaccurag.
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This algorithmuseshotha prede nedmodelof the expectedobjectsin the sceneandtemplatemodelsof
the currentlytracked objects.The prede nedobjectmodelsare usedby the Long-Term Trackerto Iter the
mobile objecttypescomputedby previous modules(Frame-to-Frameand Data Fusion). Typically, a prede-

ned modelof an expectedobjectis de ned by its 3D dimensiongdmeanvaluesandvariances)jts motion
model(speedandability to changedirection)andits usuallocationzonesde ned in the contextual knowl-

edge(seesectiond.2).Currently threedifferentmodelsareused: PersonyehicleandAircraft. Thetemplate
modelof a tracked objectcontainsits currentdynamics(speeddirection)andappearenc€é2D and 3D size

andcolor histogram).

The algorithm rst computesall the possiblepathsrelatedto the detectedobjects.A pathrepresentsa
possibletrajectoryof onemobile object(e.g.a personavehicle,or anaircraft) insidethe temporalwindow.
A pathis thencomposeaf a sequencef mobile objectsdetectedcht eachframeduringthetemporalinterval.
A path P represents possibletrajectoryof one tracked objectin the sceneduring the temporalinterval
[ty T;t¢], wheret; is thetime of thelast(current)imageprocessedndT is thesizeof thetemporawindow
usedto analysepaths P, is composeaf atemporalsequencef mobileobjectsM;(t);t 2 [ty  T;t¢], ful lling

two conditions:

— (a1) 8t 9! Mi(t); Mi(t) 2 R

— (ag) distap(Mi(t); Mi(t+ 1)) Dmax

To reducethe explorationspaceof all the possiblepathsrelatedto a mobile object(andavoid combina-
torial explosion),threeconstraintsareused.The rst oneis thetype coherencéetweeneachmobile object
of the samepath(to avoid the type of a mobile objectto betoo differentfrom the othermobile objects), the
secondoneis the spatio-temporatoherencédetweenthe differentmobile objectsin the path (to avoid too

large displacementsandthethird oneis the motionmodelof the prede nedobjects.

Then,thealgorithmsortsoutthepathsetandoptimisetheassociationbetweerpossiblepathsandtracked
mobile objects.Theexplorationof multiple possiblepathsallowsto dealwith spontaneousobile objecttype
changesndwith misdetectiorof mobileobjectsduringa shortperiodof time (lessthanthetemporalwindow

size).For instancewhena pathis generateé@ndif no moremobile objectsaredetectedor this path,virtual
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mobile objectsare createdin orderto continuethe tracking, over the temporalwindow. This algorithmis

appropriatevhena mobile objectis not detectechndwhenit reappearseveralframeslater.

3.3 Global Tracking

Althoughthe Frame-to-FrameandLong-Term Trackersareef cient, severallimitationsremainwhich result

in sendingncohereninformationto the ScendJnderstandingnodule.Thesdimitationsinclude:

— lossof trackedobjectsdueto occlusiongstaticor dynamicocclusion)or dueto theintegrationof amobile
objectin thebackgroundmageafteralong stationaryperiod,
— remainingover or underdetectionsiueto severeshadavs or lack of contrast,

— mix of tracked objectidentity whenseveral objectsaremeiging or crossingeachother

To copewith theselimitations, a high level modulecalled Global Tracker hasbeenadded.This moduleis
in chage of improving the datacomputedby the Long-Term Tracler in orderto provide coherentdatato
the SceneUnderstandingrocessFor this purpose the Global Tracker usesalso asinput datathe a priori

knowledgeof the obsered environment(staticanddynamiccontextualinformation,seesectiord.2).

3.3.1Principle

The aim of the Global Tracker is to correctthe detectedmobile objectswrongly tracked by the previous
processesising 3D spatio-temporaanalysis.The Global Tracker usesa generalalgorithmwhich usesa set
of methods(i.e. implementingrules)for its adaptationto eachspeci ¢ application.The Global Tracler is

initialised by the methodgo be appliedwhich are orderedaccordingto their priority. Eachmethodcanhave

oneor seseral parameterge.g.type of objectsinvolvedin the method)to correspondo differentsituations.
For instancea methodthatkeepstrack of parkedvehiclesevenif they areintegratedinto the backgroundhas
beendesignedandimplementedakinginto accoundifferentparkingdurations.

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

Tanker andGroundPower Unit (G.RU.). Thisis heededecausehey areusuallyparked duringhalf an hour
for the Tanker andaboutten minutesfor the G.RU. By de ning a genericprototypefor a method the archi-

tectureof the Global Tracker allows developpergo easilyaddnew rulesto solve speci ¢ problemso agiven
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application.Thiggenericprototypefollows the model:

if conditions(mobilebjecttype position,size direction)thencorrections(emae mobile object,meige mo-
bile objects mege trajectories)

The Global Tracker hasbeensuccessfullyappliedto building accessontrol, bankagenciesandairportac-
tivity monitoringapplications shawving its genericity We illustratethe Global Tracker processhroughtwo

examples.

3.3.2Lossof trackedobjects

First,whenavehiclehasstayedor alongtime atthesameplace theupdateof the backgroundmage(called
alsoreferencémage)tendsto integratethevehicleinto the backgroundresultingin amisdetectiorandaloss
of thisvehicle.This situationusuallyoccurswhile avehicleis parkedin speci ¢ zonesfor instancevhenthe
Tanker vehicleis parked below thewing of theaircraftduringarefuellingoperation.

To copewith thislimitation, amethodhasbeende ned to keeptrackof avehiclewhenit is parkedin speci ¢
zonesandlostby previousmodulesThis methodchecksf avehicledisappeam aninappropriatezone.This
methodendsin two cases whenthe vehiclerestartgthe methodthenlinks the nenly detectedsehiclewith

thelostone)or aftera prede nedperiodof time (the methodde nitely deleteghevehicletrack).

3.3.30verdetectionof mobileobjects

Secondanothemroblemoccurswhena single vehicleis wrongly detectedas several mobile objects.This
situationappeardor instancewhen different partsof a vehicle are detectedas differentindividual mobile
objects(asshavn on Figure 3 (b)). In particular this is the casewhena vehicleis operating:startingand
stoppingseveraltimesin a shortspatialandtemporalinterval. To solve this shortcominga methodhasbeen
addedio megeall thewrongly detectednobile objectsinto the realvehicle. This methodtakesinto account
the prede nedvehiclemodels,the 3D positionandthe motion of the tracked mobile objects.To be memged,
mobile objectsshouldhave the samemotion (minusathresholderror),shouldbein the sameneighborhood,

andthe resultingvehicleshouldmatchwith oneof the prede nedvehiclemodels(asillustratedon Figure3

(b)).
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(a) (b)

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

Tracker, the Loadervehicleis correctlytracked asonemobile object.

The Global Tracker approachs effective whenan erroris particularly representatie of a typical prob-
lem andcanbe explainedby logical formulas.However, whenan error rarely occurs,no correctingmethod
is addedto prevent further errors.Globally, the utilisation of both a Long-Term anda Global Tracker has
enhancedhe systemperfomanceand hasallowed to track on a large scalesimultaneouslypeople,vehicles
andaircraftinteractingwith eachotherson theapronarea.Thus,the SceneUnderstandingrocesss ableto

recogniseactiitiesin morecomple situations.

4 SceneUnderstanding

4.1 Introduction

Theaim of SceneUnderstandings to provide a high level interpretatiorof thetracked mobile objectstrajec-
toriesin termof humanbehaiours, vehicleactuities, or their interactionsThis processonsistsn detecting
videoeventswhich have beenlearnedthroughexamplesor prede nedby applicationexperts.
SceneUnderstandindhasbeena main problemof focusin Cognitive Vision for the lastdecadeThere
arenow mary researchunitsandcompaniesie ning newv approache$o designsystemghatcanunderstand
humanactuities in dynamicscenesTwo main cateyoriesof approachesre usedto recognisevideo events
basedon (1) a probabilistic/neurahetwork, or on (2) a symbolicnetwork correspondingo the eventsto be

recognised.
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For the computervision community a naturalapproachconsistsn usinga probabilistic/neurahetwork.
The nodesof this network correspondiusuallyto video eventsthat are recognisedat a given instantwith a
computedorobability For instanceHowell andBuxton[?] proposedanapproacho recogniseavideoevent
basedon a neuralnetwork (time delay Radial BasisFunction).Hongenget al [?] proposeda video event
recognitionmethodthat usesconcurrenceBayesianthreadsto estimatethe lik elihood of potentialevents.
Thesemethodsare ef cient to recogniseshorteventsthat canbe frequentlyobsened with the samevisual
characteristicén the representatie video databasén orderto obtainan ef cient learningphase However,
they fail to recognisecomplec events(e.g.involving severalactors)lastinga long time period.

Forthearti cial intelligencecommunity anaturalwayto recognisevideoeventis to useasymbolicnetwork
which nodescorrespondisuallyto the boolearrecognitionof video events.For instanceGerberetal [?] de-
ned a methodto recognisea video eventbasedon a fuzzy temporallogic. Pinhanezand Bobick [?] have
usedAllen's interval algebrato representideo eventsand have presented speci ¢ algorithmto reduceits
compl«ity. Shetetal [?] have recognisedctivities basedon Prologrules.
A traditionnalapproachconsistsin using a declaratve representatiorof video eventsde ned as a set of
spatio-temporadndlogical constraintsFor instance Rotaand Thonnat{ ?] have useda constraintresolution
techniqueto recognisevideo events.This methodrecognises video eventby searchingn the setof previ-
ouslyrecognisediideo eventsa setof componentgsubvideo events)matchingthe video eventmodelto be
recognisedTo reducethe processindime for the recognitionstep,they arecheckingthe consisteng of the
constraininetwork usingthe AC4 algorithm.However, this methodprocessetemporalconstraintandatem-
poral constraintsn the sameway without taking advantageof the temporaldimension.Thus, if the system
failsto recogniseavideoevent,it will haveto retrythesameprocesgreverify thesameconstraintsatthenext
instant,implying a costly processindime. A secondoroblemis thatthis algorithmhasto storeandmaintain

all occurrencesf previously recognisediideoevents.

Another approachconsistsin using a symbolic network andto storepartially recognisedvideo events
(expectedto be recognisedn the future). For instance Ghallab[?] hasusedthe terminologychronicleto
expressa video event. A chronicleis representecsa setof temporalconstraintson time-stampedvents.
The recognitionalgorithm keepsand updatespartial recognitionof video eventsthat canbe recognisedn

the future, usingthe propagatiorof temporalconstraintdbasedon RETE algorithm. This methodhasbeen
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appliedto the controlof turbinesandtelephonicnetworks. ChleqgandThonnat{?] madeanadaptatiorof this
temporalconstraintgpropagatiorfor video suneillance.This methodrecognises scenaridy predictingthe
expectedvideoeventsto berecognisedtthenext instants Thus,thevideoeventshave to beboundedn time
to avoid the never endingexpectedevents.A secondoroblemis thatthis methodhasto storeandmaintainall
occurrencesf partially recognisediideo events,implying a costly storingspace.

All thesetechniquesllow anefcient recognitionof video events,but therearestill sometemporalcon-
straintswhich cannotbe processedr-or example,mostof theseapproachesequirethatthe video eventsare
boundedn time (Ghallab[?]).

Vu et al [?] have combinedthe previous approaches$o optimisethe temporalconstraintresolutionby
orderingin time the component®f the video eventsto be recognisedThis methodaimsto reducethe pro-
cessingime (1) whensearchingn thepast(list of previously recognisediideoevents)for anoccurrencef a
givenvideoeventmodeland(2) whentrying to recognisea video eventinvolving several actorsby avoiding
checkingall combinationsof actors.

We have extendedthis last methodto addressComplex Activity recognitioninvolving several physical
objectsof differenttypes(e.g.individuals, groundvehiclesof differenttypes,aircrafts)over a large space
obseredby a cameranetwork andover anextendedperiodof time.

Sowe proposea methodto recognisevideo eventsbasedon spatio-temporateasoningaking full advantage
of a priori knowvledgeaboutthe obsenred ervironmentandof video eventmodels.To de ne video events,a
modelinglanguagecalled Video Event DescriptionLanguagehasbeendesignedso that applicationdomain
expertscan easily model off-line the activities they are interestedn. Then at video framerate, the Video
Event Recognitionalgorithmis ableto processthe given video streamso recognisethe prede nedvideo

eventmodels.

4.2 Conttual Knowledgeaboutthe Obsened Environment

Contetual knowledge of the obsered environmentis all the a priori information aboutthe empty scene.
This is the necessarynformationwhich allows to give the meaningof the activities happeningn the scene.
Automatic interpretationneedscontextual information becauseeachobsenred ervironmentis speci ¢ and

eachactivity changesccordingo the contectual environmentwhereit takesplace.Only generalvideoevents
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correspondindo genericbehaiours suchaswalking or enteringan area(for humanactiities) do not need

contectual information.We have distinguishedwo kinds of contextual knowledge: staticanddynamic.

4.2.1 StaticContextual Knowledg

The staticcontextual knowledgecorrespondso all theinformationrelative to non moving objectsandto the
3D emptyscene.The 3D empty sceneinformationcontainsboth geometricand semantiadescriptionof the
speci ¢ zonesandthe equipmentocatedin the obsenedervironment.

Thestaticcontextual knowledgeis structurednto six parts:

a list of 3D referentialswheredifferentreferentialsare de ned to managedistantareascomposingthe

sceneFor each3D referential the calibrationmatricesandthe positionof thevideo cameras.

— alist of groundplanego describehe differentlevelswheremobile objectsobjectsareevolving,

— alist of geometricstaticzonescorrespondingo thedifferentzoneof interestin theobseredenvironment,

— alist of abstractareascorrespondingo one or several static zones.Theseareascontainthe expected
classe®f mobileobjects(e.g.in apedestriararea,only personsareexpected),

— alist of walls to describefor instanceairportwalls,

— alist of equipmentssociatedvith its characteristics.

Thegeometriodescriptionof a zoneof interestcontainsa polygonde nedin aplane.The geometriadescrip-
tion of a staticobject(e.g.a pieceof equipment)correspondso a generalisedylinder de ned by its height
andits polygonalbasis.The semantiadescriptionof a zoneor a contextual objectcontainssix attributeswith
bothsymbolicor numericalvalues: its type (equipmenbr area) ts function(e.g.wall, entrancezone,door),
its name jts characteristicée.g.blue,fragile), its usualdistanceandtime for interactingwith thestaticobject.
In Airport Apron Environment,contextual information corresponddo an apronarea(asillustratedon
Figure4). An apronareais basicallyan emptyareacontainingzonesof interestrelatedto speci ¢ operation
functionnalities. Thesezonesare mainly waiting or parkingzonesfor the differentvehiclesexpectedon the
apron.Zonesof interestrepresenthe staticcontectual information,which is usuallyrelevantenoughto per
form video understanding-However, in Airport Activity Monitoring application,moredynamicinformation

is required.
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Fig. 4 Overview of theairportapronareashoving the mainservicingoperations.

4.2.2 DynamicContectual Knowledg

Thedynamiccontetual knowledgegatheredall zonesof interestrelative to vehicleswhich caninteractwith
othervehiclesor people.This knowvledgeis neededo recogniseactiities involving the vehicleswhenthey
areparked. Dynamicvehicleinteractionzonesareaddedo the staticcontet only whenthe vehiclesstayfor
awhile in their respectie parkingzoneandareremosedwhenthe vehiclesleave. Giventhatvehiclesdo not
stopeachtime exactly at the sameplace,the zonesof interestrelatedto vehiclesare de ned in the vehicle
referential For instancea dynamiczonecanbeenusedfor a vehicledoorto allow the detectionof thedriver
exiting thevehicle.

In Airport Activity Monitoring, zonesof interestof groundservicevehiclesand of aircraft have been

dynamicallyaddedo the staticcontectual knowledge.Interactionzonesof the aircraftcorrespondso:

— its input/outputzones suchasbackor front doors(usedto load or unloadbaggages)
— speci c areaqe.g.theRefuellingareawherethe Tanlker is parked duringthe aircraftrefuellingoperation,
thejetbridgeareawherethejetbridgeis parkedto allow the crew boardingandunboarding)

Dynamiccontectual knowledgeis requiredfor the recognitionof peopleandvehiclesinteractingwith each

others.
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4.3 Video EventModelisation

We have de nedarepresentatioformalismto helptheexpertsto describehevideoeventsof interestoccuring
in theobseredsceneThis formalismcontainsalanguagealledVideo EventDescriptionLanguagevhichis
bothdeclaratve andintuitive (in naturalterms)sothatthe expertsof the applicationdomaincaneasilyde ne

andmodify thevideoeventmodels.

Four differenttypesof video eventshave beendesignedThe rst distinctionlies on the temporalaspeciof

video events: we distinguishstatesand events.A statedescribes situationcharacterisingone or several
physicalobjectsattimet, or a stablesituationover atime interval. An eventdescribes@nactivity containing
atleasta changeof statevaluesbetweenwo consecutie times.Thesecondlistinctionlies on the complexity

aspect astate/@entcanbe primitive or composite Thevideo eventsareorganisednto four cateyories:

— primitive state: a visual propertydirectly computedby the SceneTracking process(e.g. a vehicle is
locatedinsidea zoneof interestor a vehicleis stopped)

— compositestate: a combinationof primitive stateqe.g.a vehicleis locatedandstoppednsidea zoneof
interestasshavn on examplebelow)

— primitive event: achangeof valuesfor a primitive state(e.g.avehicleentersa zoneof interest)

— compositeevent : a combinationof primitive states/eents(e.ga vehicleis parked for a while insidea

zoneof interestandthenleavesit)

CompositeStatéVehicle Stoppedinside Zong

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

Componentg(cl: PrimitiveStatdnside Zone(v1,z1)
(c2: PrimitiveStatevehicleStopped(v})

Constraints((c2 duringcl)))

This compositestateenablego recognisethat a vehiclevl is stoppedinside a zoneof interestzl It is
composedf two primitive statescl andc2. A temporalconstraintduring mustbe satis ed for the recogni-

tion of the compositestate.
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Takinginto consideratiorthesevideo eventtypes,a generalvideo event model hasbeendesignedThis

videomodelfor representing givenvideoeventE containss parts:

— asetof PhysicalObjectvariablescorrespondingo the physicalobjectsinvolvedin E , suchascontextual
objectsincludingstaticobjects(equipmentzoneof interestlandmobileobjects(personyehicle,aircraft).
Thevehiclescanevenbespeci edby differentsubtypego representifferentvehicles(e.g.GPU,Loader
Tanlker, Jet-Bridge)

— asetof componenvariablescorrespondingo the sub-erentsof E.

— asetof forbiddencomponenwariablescorrespondindo the eventsthatarenot allowed to occurduring
thedetectionof E.

— asetof constraintgsymbolic, logic, spatialandtemporalconstraintancluding Allen's intenal algebra
operatorg?]) relatedto previousvariables.

— asetof actionscorrespondingo the tasksprede nedby expertsthatneedto be executedwhenthe event

E is recognisede.g.activatinganalarmor displayinga warningmessage).

4.4 Video EventRecognition

4.4.1Challengs

Theautomaticrecognitionof actiitiesis arealchallengefor Cognitive Vision researctbecauset addresses
the recognitionof complex activities involving several physicalobjectsof differenttypes(e.g.individuals,
groupsof people,andvehicles)andeven subtypeqe.g.differenttypesof vehicles).The challengeis to per
form areal-timevideo eventrecognitionalgorithmableto ef ciently recogniseall the videoeventsoccuring
in the sceneat eachinstant.The performancef the proposedapproacHies in atemporalvideoeventrecog-
nition methodwhich avoids combinatorialexplosionandkeepslinear complexity usingtemporalconstraint

resolution.
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4.4.2 Algorithmof Video EventReca@nition Overviev

The proposedvideo Event Recognitionalgorithmandits advantagescomparedo the Stateof The Art are

describedn detailin Vu etal [?].

The proposedvideo eventrecognitionprocesss ableto recognisewvhich video eventsare occuringin a
video streamat eachinstant.To bene t from all the knowledge,the video eventrecognitionprocesaisesthe
coherentracked mobileobjects thea priori knowvledgeof the scengstaticanddynamiccontextual informa-
tion) andthe prede nedvideo eventmodels.To be ef cient, therecognitionalgorithmprocesse speci ¢
waysvideoeventsdependingntheirtype.Moreover, this algorithmhasalsoa speci ¢ processo searctpre-
viously recognisediideo eventsto optimisethe whole recognition.The algorithmis composedf two main
stagesFirst, at eachstep,it computesall possibleprimitive stateselatedto all mobile objectspresenin the
scene.Second,t computesall possibleevents(i.e. primitive eventsthen compositestatesand events)that

may endwith therecognisegrimitive states.

Recanition of primitive states

To recognisea primitive state therecognitionalgorithmperformsaloop of two operations

1. theselectionof a setof physicalobjectsthen
2. theveri cation of thecorrespondingtemporatonstraintauntil all combinationsf physicalobjectshave

beentested.

Oncea setof physicalobjectssatis esall the atemporakonstraintsthe primitive stateis recognisedTo en-
hanceprimitive eventrecognition aftera primitive statehasbeernrecognisedeventtemplategcalledtriggers)
aregeneratedor eachprimitive eventthe lastcomponenbf which correspondso the recognisegrimitive

state.Theeventtemplatecontaingthelist of the physicalobjectsinvolvedin the primitive state.

Recanition of primitive events

To recognisea primitive event,giventhe eventtemplatepartially instantiatedthe recognitionalgorithmcon-
sistsin looking backwardin the pastfor a previously recognisegrimitive statematchingthe rst component
of theeventmodel.If thesewo recognisedomponentserify theeventmodelconstraintsthe primitive event

is recognised.
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To enhancehe compositeaventrecognition aftera primitive eventhasbeenrecognisedeventtemplates
aregeneratedor all compositesventsthe last componenbf which correspondso the recognisegrimitive

event.

Recanition of compositestatesand events

Therecognitionof composedtatesandeventsusuallyimpliesalarge spacesearchcomposedf all the pos-
sible combinationsof componentand physicalobjects.To avoid a combinatorialexplosion,all composed
statesand eventsare decomposedhto statesand eventscomposedat the mostof two componentshrough
a stageof compilationin a preprocessinghase Thenthe recognitionof composedtatesandeventsis per
formed similarly to the recognitionof primitive events.This is an ef cient methodto copewith classical
combinatoriakxplosionproblems.

Torecogniseheprede nedeventsmodelsateachinstantwe rst selectasetof scenaridemplategcalled
triggers)thatindicatewhich scenarioganberecognisedTheseemplatesorrespondo anelementarywideo
event(primitive stateor event)or to a compositevideoeventthatterminatesvith a componentecognisedat
the previousor currentinstant.

For eachof thesevideoeventtemplatessolutionsarefoundby looking for componentinstanceslready
recognisedn the pastto completethe video eventtemplate.A solutionof a video eventmodelw is a set
of physicalobjectsthatareinvolvedin the recognisediideo eventandthe list of correspondingomponent

instancesatisfyingall the constraintf w.

Thealgorithmfor Video EventReca@nition
We de ne a"trigger” asa video eventtemplatewhich canbe potentiallyrecognisedTherearethreetypes
of triggers: the primitive video event models(type 1), the compositevideo eventswith speci ed physical

objects(type 2) andthe compositevideo eventsalreadyrecognisedt the previousinstant(type 3).

Overview of the Algorithm :

For eachprimitive statemodel
CreateatriggerT of type 1 for the primitive eventmodel

For eachsolutionrg of T
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If reisnotextensibleThen
Add r¢ to thelist of recognisediideoevents
Add all triggersof type2 of r¢ to thelist LT (List of Triggers)
If reis extensiblewith r J recognisedat previousinstantThen
Merger ¢ with videoeventr {
Add all triggersof type 2 and3 of r 2to thelist LT
While (LT 6 ?)
OrderLT by theinclusive relationof videoeventmodels
For eachtriggerTo 2 LT
For eachsolutionrg of Tg
Add r to thelist of recognisediideoevents

Add all triggersof type2 and3 of rg to thelist LT

At the currentinstant,we initiate alist LT of triggerswith all triggersof rst type (i.e. primitive video
event models).Oncewe have recognised primitive video eventr ¢, we try to extendr with arecognised
videoeventr Jatthe previousinstant(the extensionof avideoeventis the extensionof its endingtime). If r ¢
cannotbe extendedwe addthetriggersof type 2 thatterminatewith r ¢ to thelist LT. If r¢ is extendedwith
r 9 we addthe triggersof type 2 and3 thatterminateswith r 0. The triggersof type 2 arethe templatesof a
compositevideoeventinstantiatedvith the physicalobjectsof r { andthetriggersof type 3 arethetemplates
of acompositevideoeventr o alreadyrecognisedtthe previousinstantandthatterminateswith r 9. After this
step,thereis aloop processrst to orderthelist LT by theinclusive relationof video eventmodelcontained
in thetriggersandsecondo solve thetriggersof LT. If atrigger containsatemplateof avideoeventr J that

canbesolved(i.e. totally instantiated)we addthetriggersof type 2 and3 thatterminatewith r 8.

Finding a solutionfor a VideoEventModel

Thealgorithmfor nding a solutionfor a video eventtemplate(trigger) consistsn aloop of (1) selectinga
setof physicalobjectsthenof (2) verifying the correspondingonstraintauntil all combinationsof physical
objectshave beentested.This selectionof physicalobjectsleadsthe recognitionalgorithmto an exponen-
tial combinationin function of the numberof physicalobjectvariables However, in practice therearefew

physicalobjectvariablesin video event models,so the recognitionalgorithm can still be real time. More-
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over, only for primitive statesall combinationof physicalobjectsneedto be checled.For aothervideoevent
models,somephysicalobjectvariablesarealreadyinstantiatedhroughthe templatewhich hastriggeredits
recognition.

Oncethe physicalobjectshave beenselectedwe checkall atemporakonstraintsTheseatemporakon-
straintsare orderedwith the occurrenceorderof the physicalobjectsvariables(in a compilationphase)to
speedup the recognitionprocesslf the video eventis a primitive one, after the veri cation of its atempo-
ral constraintsthe video eventis saidto be recognisedlf the video eventis a compositeone, its temporal
constraintsstill needto be veri ed. To verify thetemporalconstraintof a compositevideo eventmodel,we
extractfrom the setof recognisedrideo eventinstanceghe componentsatisfyingthe constraintsle nedin
thevideoeventmodel.To optimisethe searchingprocessthe componentsreorderedn time. Oncewe nd
asolutionof avideoeventmodel,we storetherecognisedrideo eventinstanceandwe addto thelist of trig-
gersLT thetemplateterminatingwith this video event. To avoid redoingat eachinstantprevious successfull
recognitionof video events,the video event modelsare compiledinto two componentvideo event models
duringa pre-processingtep.

This proposedecognitionalgorithmis describedn detailin Vu et al [?] andhasbeenvalidated rst in
realworld conditions(i.e. with a large setof complex video eventsdescribedy aeronauticaéxperts)with

the Airport Activity Monitoring application.

5 Video Understanding for Air port Activity Monitoring

We have validatedthe whole video understandingpproachwith an Airport Activity Monitoring application
in the framavork of the EuropeanProjectAVITRACK. To evaluatethe approachwe have focus on the
evaluationof four characteristic®f the proposedsystem.The systemhasdemonstrateds abilitiesto : (1)
modelairportservicingoperations(2) recognisea large diversity of events,(3) recognise&eomplex eventsand

(4) runreliabilly througheverydayairportconditions.

5.1 Modelingof Airport ServicingOperations

Theaimof SceneJnderstandingn Airport Apron Ernvironmentis to automaticallyrecognisectivitiesaround

a parkedaircraftin anairportapronareafor shorteningairplaneshift time andsecuritypurposesThis goal
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meansto recognisdan real-timethe on-goingoperationswhich are processean the apronat eachinstant,
involving both peopleand vehiclesinteractingwith eachothers.Theseactivities consistof operationsof

growing compleity from simple operationssuchas vehicle arrivals on the apronarea(involving a single
vehicle)to morecomple activities suchasbaggagesinloading(involving severalvehiclesandpeopleinter

actingwith eachothers) Operationdave beenmodeledusingaeronauticaéxpertsknonledge.Thanksto the
videoeventdescriptionlanguagethe expertshave de ned morethan fty videoeventswhich have beenbuilt

onthesetof genericvideoevents.

Exploitationof automaticactivity recognitiorrepresentsvo mainissuegor end-userge.g.handlingcom-
paniesairportmanagemengirline companies) safetyandsecurity Safetyconsistsn checkingthehandling
operationgules suchasvehicle speedimit, andsecuritydealswith the detectionof abnormalbehaiours
arounda parked aircraft. SceneUnderstandingcan also be usedin cost-controland quality-controlissues
in generatingautomaticallyinformation aboutprocesseperationssuchas activity reports,andin apron
allocationandgroundtrafc controlknowing which operationsareon-goingon the apronground.

To helptheexpertsto de ne thevideoeventmodelswe have designeda setof generalvideoeventsto be

usedto build compositeevents.Currentlythis setis composedf twenty-onevideoevents:

— tenprimitive states (e.g.a persons locatedinsidea zoneof interest,a vehicleis stopped)
— Ve compositestates(e.g. a vehicleis stoppedinside a zoneof interest: compaositionof two primitive
statesstopandlocatedinsidea speci ¢ zone)

— six primitive events(e.g.avehicleentersa zoneof interestor a personchange$rom onezoneto another)

The e xibility of thevideo eventdescriptionanguagehasbeendemonstratethroughthe modelingof a
large quantityof actiitiesin differentapplicationdomainssuchasmetrostationmonitoring[?], bankageny
monitoring[?], inside-trainmonitoring, car parkingmonitoringandnow in airportapronmonitoring. This
diversityof applicationrepresenta goodfeedbackrom end-userso evaluatehow thislanguages expressie

andeasyto use.

5.2 Recognitionof a Large Diversity of Events

End-usersuchascompaniesvhich handleapronactiities areinterestedn detectingvehiclearrivalsin order

to know thatthesevehiclesarearrivedandarereadyto play their role in the actiities. Thatexplainsthatthe
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rst focuswason actvity recognitionsuchasvehiclearrivalsor actities involving few vehicleor people.

In every operationoccuringon the apronarea,obsenation of video sequenceshavn thata generalkcenario
wasrepeated an operatve vehicle rst entersin the ERA zone(the apron,the EntranceRestrictedArea),
thenentersin its acceszoneandthenparkin this zone.For a givenvehicle,operationor interactionswith
othergroundvehiclesor peoplestartonly whenit hasstoppedandis parked.

The rst modeledactivities arearrivalsof thefollowing vehicles:

— theGroundPower Unit, involvedin theaircraftarrival preparation,

— theTanker, involvedin theaircraftrefuellingoperation,

— theLoaderinvolvedin the baggagefoadingandunloadingoperations,
— theTransporterinvolvedin the baggagesransportvia containers,

— theTow Tractor, involvedin theaircrafttow beforeits departure,

— the Corwveyor, involvedin the backdoorbaggagesinloadingoperation,

— theAircraft, whenit drivesto its parkingposition.

As previously seentheway a vehicleis involvedin anoperationis alwaysthe same: the vehiclearrival oc-
curs rst andthenwhenparked,thevehicleoperate®r interactswith othergroundvehiclesor workersonthe
apron.Fromvehiclearrivalsobsenationson numerouselevantvideo sequencebasbeenextracteda general
modelto recognisea vehiclearrival. An arrival actually occursasa threestagesprocess rst the vehicle
arrivesin the apron(the EntranceRestrictedArea), thenit drivesto its accesszone,and nally stopsthere
beforeary interactionbegins. Arrivals thusrepresenthreescenarioger vehicle (asshovn with the Loader
arrival, describedelow).

Using the generalvideo event modelsfor the vehiclearrival models,new video eventshave beenmodeled.
For instance one compositevideo event usingfour generalvideo eventshasbeende ned to recognisethe
aircraftarrival preparatiorinvolving the G.RU vehicle(asshavn below). This operationinvolvessix physical
objects: the G.RU. vehicle,its driver andfour zonesof interest.The systemautomaticallyrecogniseshatthe
G.RU. vehiclearrivesin the E.R.A. zone,thenentersin its accessarea,andthenstopin it (this recognises
the G.RU. arrival). Thenthe driversis recognisedas exiting the G.RU. (this is oneapplicationof dynamic
contextual information)andthenhe depositschocksandstudat the locationwherethe aircraftis expectedo

park.
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CompositeEent(Aircraft_Arrival_Preparation
PhysicalObject((pl: Person)(vl: Vehicle),(z1: Zone),
(z2: Zone),(z3: Zone),(z4: Zone))
Componentg(cl: CompositeStat&pu Arrived In_ERA(v1,z1)
(c2: CompositeEentGpu EntersGpuAccessArea(vl,z2))
(c3: CompositeStat&pu Stoppedin_GpuAccessArea(vl,z2))
(c4: CompositeStatelandlerGetsOut Gpu(pl1,v1,z2,z3)
(c5: CompositeEentHandlertFrom.Gpu.DepositsChocksOr_Stud(p1,v1,z2,z3,z})
Constraints((vl > Type="GPU")
(z1 >Name="ERA)
(z2 >Name="GPU_AccesY
(z3 >Name="GPU_Door")
(z4 >Name="Arrival _Preparation”)
(clbeforec2)
(c2beforec3)
(c3beforec4)
(c4 beforech)
(c4duringc3)
(c5duringc3)))
This compositeeventenabledo recognisethe Aircraft Arrival Preparationlt involvessix physicalobjects:
onepersonpl, onevehiclevl andfour zonesof interestzl, z2, z3andz4 It is composedf ve components
cl, c2, c3, c4 andc5to recogniseghatthe GPU hasarrivedin the ERA zone,entersn its areaandthenstops
in it. Thenthe driver exits the GPU (c4) anddepositeghe chocksto preparethe aircraft arrival (c5). Con-
straintsareusedto specifythe vehicletype (a GPU),thezonesof interestzl, z2, z3 z4andto verify temporal
relationshipetweerthe components.
CompositeEwent(LoaderArrival,
PhysicalObjectq(v1: Vehicle),(z1: Zone),(z2: Zone))

Componentg(cl: CompositeStat¥ehicle Arrivedin_ERA(v1,z1)
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(c2: CompositeEentLoaderEntersFrontLoadingArea(vl,z2))
(c3: CompositeStateoader Stoppedin_FrontLoadingArea(vl,z2))
Constraints((vl > Sublype="LOADER’)
(z1 >Name="ERA)
(z2 >Name="Frornt_Loadng_Ared)
(clbeforec2)
(c2beforec3)
This compositeeventenablego recognisehe Loadervehiclearrival. It involvesthreephysicalobjects: one
vehiclevl andtwo zonesof interestzlandz2 It is composeaf threecomponentgl, c2 andc3to recognise
thatthe Loaderhasarrivedin the ERA zone,entersin its areaandthenstoppedin it. Constraintsareused
to specifythe vehicletype (a Loader),the zonesof interestz1l andz2 andto verify temporalrelationships

betweerthe componentgbefoe).

5.3 Recognitionof Comple< Activities

Complex Activity

After initial work on simpleactivity recognitionto shaw thelargediversity of eventswhich canbeaddressed,
thenext challengevasto handleautomaticecognitionof complex activities. Complex activities refersto the
operationgnvolving several mobile objects(which canbe of differenttypesandeven subtypes)nteracting
with eachothersduring an extendedtime period,on the apronarea,obsered throughthe cameranetwork.
Suchactiities aredescribedusingvideo eventmodelsinvolving several physicalobjects,componentgeven
compositestatesor events)representinghe differentstage<of the operationsandtemporalconstraintsThe
proposedvideo event representatiotanguageallows to simplify the modelingof suchoperationsy using
compositevideo eventsembeddingotherscompositevideo events. This modelisationeaseghe writting of
the video event modelsbecausehis canbe done progressiely from primitive to more and more comple
compositevideo events.Temporalconstraintenableto managehetemporalrelationshipbetweerthe com-
ponentsof compositeevents.As previously describedthe proposedecognitionalgorithm usescomposite

video eventsdecompositiorand preprocessinghaseto ef ciently copewith combinatorialexplosionsthat
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couldoccurduringtherecognitionof complex activity.
CompositeEvent(UnloadingOperation
PhysicalObjectq(p1: Person)(vl: Vehicle),(v2 : Vehicle),(v3 : Vehicle),
(z1: Zone),(z2: Zone),(z3: Zone),(z4: Zone))
Componentg(cl: CompositeEentLoaderArrival(vl,z1,z2)
(c2: CompositeEgnt TransporterArrival(v2,z1,z3))
(c3: CompositeStat@Vorker_ManipulatingContainer(p1,v3,v2,23,23)
Constraints((vl > Sublype="LOADER")
(v2 >SubTlype="TRANSPORTER)
(z1 >Name="ERA)
(z2 >Name="Frornt_Loadng_Ared)
(z3 >Name="Trangporter Ared’)
(z4 >Name="Container Worker_Ared)
(clbeforemeetc2)
(c2beforemeetc3d)
This compositeavent enabledo recognisehe Unloadingoperation It involveseight physicalobjects: one
personpl, threevehiclesvl, v2, v3, andthreezonesof interestzl, z2, andz3 It is composef threecompo-
nentscl, c2, c3to recogniseéhelLoaderarrival (acompositeventpreviously detailed) the Transportearrival,
andthe worker manipulatingcontainersEight constraintsare usedto specifythe vehicletypes(Loaderand
Transporterthethird vehiclecorrespondso a container)the zonesof interestandthetemporalrelationships

bewteenthe componentgbefore_mee}.

BaggagesFrontUnloadingOpemtion

In orderto illustrate how is modeledan actiity, the modelingof the baggage$ront unloadingoperationis
described.

This usualoperationoccurswhenthe aircrafthasparked andconsistsof unloadingthe passengersaggages
throughthe aircraft front right door This operationis well structuredand procedural Several physicalob-
jectsareinvolved: the Loaderand Transportewvehicles,a containeyrthe Loaderdriver anda groundworker.

Thesephysicalobjectsareinteractingwith eachothersthroughfour zonesof interest.After obsenation of
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video sequenceghis operationappeardo be a threemain stagegrocessThusthe modelingof this opera-
tion is designedn threeparts: the Loaderarrival, the Transporteiarrival, andthe containersnanipulation.
Thesethree partsare also composedf othervideo events(as shavn for instancefor the Loaderarrival).

Theoperationof "baggagedJnloading”is composeaf differentstepscorrespondingo eventsinvolving the

Loaderthe Transporteandtheworker persormanipulatinghebaggageontainersFirst, the Loadervehicle
arrivesin the ERA zone thenit entersn its restrictedareaandthenparkedin thiszone.Thisis the composite
event"LoaderArrival”’. The Loaderhandleris detectedvhenhe opensthe right front loadingdoor (event
"LoaderHandlerDetected”).Whenthe Loaderhasparked, the Transportethen entersand parksin order
to allow the baggageontainergeceptionfrom the Loader This representshe "Transporterrival”. When
the Transportehasparked in its area,it meansthatit is readyto receve the baggagecontainerdrom the

Loaderin the Worker areazone.This zonecorrespondso the placewherecontainerdrom the Loaderare
manipulatedoy the worker personwho thenattachit to the TransporterHerewe recognisehatthe worker

hasarrivedin thezoneandis readyto getthe containergevent“Worker_arrived”), andthenwhena container
is detectedn the unloadingzonewith the worker, the event "Worker_ManipulatingContainer”(illustrated
on Figureb) is recognisedAs previously mentionedthe stepswhich composehe operationare alsocom-

posite eventsand are composecdbf other events.For instance the “LoaderArrival” is composedf three
combinedvideoevents: (1) the“Vehicle Arrived.In_LERA', the“Loader.EntersFrontLoadingArea”, andthe
“Loader Stoppedin_FrontLoadingArea” events.The Loaderarrival is consequentlyecognisednly when

thesethreeeventshave beenrecognisedaccordingo thetemporalconstraintghey arerelatedto.

5.4 Reliability of VideoUnderstanding

5.4.1Scené€lradking

The SceneTrackingevaluationassessethe performancef the coretrackingcomponentgmotiondetection,
objecttracking,objectrecognitionanddatafusion) on representatie testdata.

Thedetectiorrate(TP=(TP+ FN)) andfalsealarmrate(FP=(TP+ FP)) metricswerechoserto quanti-
tatively evaluatethe motiondetectiorandobjecttrackingperformancéwhereTP, FN andFP arethenumber

of true positives,falsenegativesandfalsepositivesrespectiely).
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Fig. 5 This Compositestateis recognisedvhenthe apronworker is manipulatinga containerin the working zone.This is
recognisedvhentheworker hasarrivedin this zoneandthata containeiis detectedn it. This enablego recognisehatthey are

interactingwith eachothers.

The performancesvaluationof the differentmotion detectoralgorithmsfor AVITRACK is describedn
moredetailin [?]. The performancef the colourmeanandvariancemotiondetectowasevaluatedon three
aprondatasetsDatasetl (9148frames)containsthe presencef fog whereaslataset? and3 (6023frames)
are acquiredon a sunry day For datasetsl and 3, the motion detectorprovides a detectionrate of 77%
and a falsenegative rate of 23%. In dataset®? the detectionrate decreaseo 60%. The achromaticnature
of the scenegenerates considerablenumberof false negatives causingthe decreasén detectionrate and
the increasein falsenegative rate. The fog in datasetl causesa high numberof foreground pixels to be
misclassi edas highlightedbackgroundpixels resultingin a decreasén accurag (93%). A representatie
resultfor themotiondetections shavn in Figure6. It canbeseerthatsomeobjectsarepartially detectediue

to thesimilarity in appearancbetweerthe backgroundandforegroundobijects.

The performancesvaluationof the percamerarackingalgorithmis describedn moredetailin [?]. The
SceneTrackingevaluationassessethe performanceon representatie testdatacontainingchallengingcon-

ditions for an objective evaluation. Two testsequencesvere chosendatase# (a subsetof datasetl, 2400
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Fig. 6 Representate motiondetectiorresultfrom datasell shaving (Left) referencémageand(Right) detectiorresultfor the

colourmeanandvariancealgrotihm.

frames)containsthe presenceof fog whereasdataset (1200 frames)was acquiredon a sunry day. Both

sequencesontaintypical apronscenesvith congestedreascontainingmultiple interactingobjects.

For Datase# 3435true positives,275falsepositvesand 536 falsenegativeswere detectedby the KLT
basedracler. Thisleadsto atracker detectiorrateof 0.87andafalsealarmrateof 0.07.For Datase6 3021
true positives,588falsepositivesand108falsenegativesweredetectedy the KLT basedracker. Thisleads
to atracker detectionrateof 0.97anda falsealarmrateof 0.16.Representate resultsof the scenetracking
modulearepresentedn Figure7. It canbe seenthat strongshadavs aretracked aspart of the objectssuch
asthetanler from Datasett andthetransportefrom Dataseb. In Datasett a person(bottom-rightof scene)
leavesthe groundpower unit andin Dataseb a containelis unloadedrom the aircraft, boththesescenarios

leave aghosttrackin the previous objectposition.

Theevaluationof thehierarchicabbjectrecognitiormoduleis describedn moredetailin [?]. It wasfound
that errorsoccuredin the rst stageof classi cation whenthe bottom-upfeatureswere not well detected,
thereforethedescriptorsverenolongerrepresentate of the objecttype. Type categorisationaccurag found
to be between60 and97% for evaluatedtestsequenceslhe type classi cationwasfoundto be sensitve to
the detectionresult. Sub-Type categorisationaccuray foundto be between61 and 88% for evaluatedtest
sequencesthe sub-typeclassi cationwasfoundto be sensitve to similarity in vehicleappearancandlocal

maximain the evaluationscoresurface.
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Fig. 7 (Left) Resultsobtainedfrom the scenetrackingmoduleshaving (Left) Datase# and(Right) Datase®. (Right) Result

obtainedfrom the datafusionmodule.

The DataFusionmoduleis qualitatively evaluatedfor an extendedsequencéS21)of 9100frames.The
datafusion performanceas shavn in Figure 8 whereestimatedobjectson the groundplaneare shavn for
thetestsequencelt is clearto seethatthe extendeddatafusion moduleout-performsa standard(i.e. spatial
validationandfusion)datafusionprocessThis is achieved by extendingthe validationgateto morefeatures
andfusingobjectsbasedn the measuremerton dence.Many moreobjectsestimatedy the extendeddata
fusionarecontiguouswith lessfragmentatiorandmorerobustmatchingbetweermeasurement@ndexisting
tracks.For mary scenarioghe extensionof the validation gate provides much greaterstability, especially
whenobjectsareinteractingin closeproximity. The useof objectcon dencein the fusion processlsoim-
provesthe stability of thetrackingwhenobjectsenter/it thecameraselds-of-view. It is notedthatthetrack
identity can be lost whenthe objectmotion is not well modelledby the Kalman Iter or whentracksare

associateavith spuriousmeasurements.

5.4.2 ScendJnderstanding

To validate globally the video understandingapproach(i.e. SceneTracking, CoherenceMaintenanceand
SceneUnderstanding)we have testedit on variousAirport Activity video sequencedrirst, we have tested
theapproacHhor therecognitionof airportactivitiesinvolving onevehicle,thenwe have testedt for actiities

with interactionswith severalvehicles.
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