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Abstract

This paperpresentsa novel approacho thedetectionof unusualbr inter-
estingeventsin videosinvolving certaintypesof intentionalbehaiour, such
aspedestriarscenes.The approachs not basedupona statisticalmeasure
of typicality, but uponbuilding anunderstandingf the way peoplenavigate
towardsa goal. The actvity of agentsmoving aroundwithin the sceneis
evaluatedbaseduponwhetherthe behaiour in questionis consistentwith
a simple model of goal-directecbehaiour anda modelof thosegoalsand
obstacleknown to bein thescene . Theadwantage®f suchanapproachare
multiple: it handleghe presencef movableobstaclegfor example,parked
cars)with easetrajectorieswhich have never beforebeenpresentedo the
systemcan be classi ed as explicable; andthe techniqueas a whole hasa
primafaciepsychologicaplausibility. A systenmbasedipontheseprinciples
is demonstrateth two scenesa carpark,andin afoyer scenarid.

1 Intr oduction

Whenyou monitor a pedestriarscene a numberof differentbehaiour patternscanbe
obsened. Peoplewalk alongpathwaysandcarsaredrivenalongroads,andoccasionally
peoplewill take shortcutsor getinto acaror stopfor achat.Very occasionallysomeone
will do somethingdifferentor interesting— somethinghatdoesnot t ourgeneralunder
standingof whatbehaiour goesonin thatscene Theaim of this researclis to developa
frameawork for the detectionof theseinterestingevents.

A numberof systemshave beenconstructedvhich go someway towardsaddressing
this problem. One approachis exempli ed in [4], in which the typicality or otherwise
of pedestriarirajectoriess assessetdaseduponlearnedmodelsof absolutdocationand
speedbvertime. In [6], amodelof the pathswithin a sceneds constructedasediponthe
behaiour of pedestriansandthis pathmodelcansubsequentlye usedto detectunusual
trajectories. The relationshipshetweenobjectscanalsobe usedto judgetypicality [7].
Therearedravbacksto all of theseapproaches/henappliedto a changingervironment
(suchasa car park): the rst two aretoo closelytied to the global ervironment,andthe
third to the objectswithin thatervironment. All threeapproacheggnorethe underlying

1Thefoyer scenarids from the PETS2004atasetwhich comesfrom the EC FundedCAVIAR project/IST
200137540



intentionalnatureof the agentswithin the scene- indeed they arethoughtof asobjects
ratherthanagents

The philosopheiDaniel Dennetthaswritten widely on the natureof explanation,and
haslong beenan adwcateof whathe calls “the IntentionalStance™ see,for example,
[3]. Whenwe adopttheintentionalstancetowardsanobject,we reasoraboutits pastand
futurebehaviour onthe groundsof its supposedeliefsanddesires Humansandanimals
areinherentlyintentionalcreatures- we behaein agoal-directedashionandthevisible
componenbf our behaiour canoften be explainedwith referenceo our goals(indeed,
it canoften only be explainedwith referencdo our goals). Eachof the computervision
systemsoutlinedin the previous paragraptadoptwhat Dennettcalls the physicalstance
in the analysisof humanbehaiour — they do not take into accountthe psychologyof
the agentswithin the sceneandassuchmissout on mary simplifying assumptionsThe
work we describehereis the rst to incorporatea simplemodelof psychologicafunction
andthusadopttheintentionalstancen the predictionandclassi cationof humanvisible
behaiour.

Ourapproachs to build amodelof intentional goal-directedchavigationandcompare
obsenedbehaiour to that. Behaviour patternsde ned asinterestingarethosewhich do
not t our assumptionsand ratherthanbeinginterpretedas atypical or abnormal,ary
interestingeventsdetectedy sucha methodarebestdescribedas“inexplicable”.

2 Determining which goalswithin the scenemay be
goalsof the agent: Goals, Sub-goals,and navigation

In thosepedestriamdomainstypically subjectto suneillance, peoplehave particularly
well-de ned goalswhich areeasyto infer from their visible behaiour. For example,in
a car park agentseitherwish to getfrom anexit to their car, from their carto anexit or
from anexit to anexit (for example,whentakinga shortcut). We thereforede ne agoal
asanexit: aplacewhereanagentcanleave thescene.

We wish to characteriséhe behaviour of the agentswithin our scenesn terms of
thesepossiblegoals,andsowe needa modelof how peopleactuallynavigatetowardsa
goal. Onestratay for planningthe routeto an exit would be to seekthe shortestpath.
In generalthe shortestpathis a seriesof straightline segmentsthroughfree-spaceter
minatingat tangentiapointson the obstaclesandconnectedy curved sgmentsaround
the boundarief obstacles.Insteadof usingthe shortestpathwe make the more gen-
eralassumptiorthatour agentchooses piecaviselinear pathbetweertangentialpoints
(whichwe call sub-goal$. If agoalis accessibldy oneturn andlater by two, this goal
hasbecomea lesslik ely explanationfor theagents actions.

Thesesub-goalsaarecentralto ourapproachSimply put, sub-goalsllow peopleto go
aroundcorners-if thereis notadirectpathto a particulargoalfrom thecurrentlocation,
thatdoesnot meanthatgoalis not a possibleexplanationfor the behaiour in question:
theremay exist an interim positionwith a direct pathto the goal and from the current
position. Sucha positionis de ned asa sub-goal Without sub-goalspur thesiscouldbe
distilled into the sentencé Peoplegenerlly walk towards goalsin straightlines’. With
sub-goalsjt becomeghe moreinteresting” Peoplegenesrlly behavein a goal-directed
fashiori.



2.1 Initial selectionof sub-goalcandidates

The constructiorof sub-goalds basedupongeographicainformationaboutthe location
of obstaclesthe currentlocation of the agentwithin the scenex andtheir direction of
motion g, and upon counterfctualreasoning. From the currentpositionx, a sgment
of the scends investigated.We areinterestedn discovering placesto which the agent
couldtravel directly andthatallow the agentaccesgo placesto which they cannottravel
directly. Theseplacesarepointswhereagentscanchooseto changedirection,andthese
placesarejust afterobstacles.

Initially, we label pixels aseitherbeingdirectly visible from x (labelledV), obstacle
(labelledO), or notvisible from x (labelledN). Thenwe look for possiblesub-goalsn
thedirectionof the agents travel, allowing oneradianeitherway for deviation from the
straightline pattf. Thusthosepixelsthatareclassi edasV andwhich lie within anarc
throughxfromg 1toq 1areinvestigatedurther, searchindor pixel neighbourhoods
containingall threelabelsof pixels. Regionscontainingall threetypesof pixel arecan-
didatesub-goals- thatis, theagentat x mightbe headedowardsx (it is directly visible
andwithin their angleof vision), andwerethey atx they would be ableto seemore of
thescend(it neighboursiponareaghatarenotdirectly visible from x).

Whena candidatesub-goahasbeenfound, scanningstartsfrom x in all directions,
pixels are labelled and sub-sub-goalsre searchedor in a similar manner Pixels di-
rectly visible from x but not from x arelabelledas S1 and pixels directly visible from
sub-sub-goalgbut not moredirectly) asS2 enablinganalysisof which actualgoalsare
accessiblérom sub-andsub-subgoals.Thesestagesreillustratedin Figurel. Theim-
plementatiordescribedn this paperstopsthe sub-goaknalysisat two levels of sub-goal
(sub-sub-goalspglthoughsuchananalysiscouldin principle be continuedrecursvely.

3 The useof goaland sub-goalinformation to explain
behaviour

Thefollowing stageof analysisprovidesa uni cation of theseframe-by-frameclassi ca-
tionsin orderto determinewvhetheror notaparticulargoalis a viable explanationfor the
trajectoryasawhole.

For eachagent,for eachframe, for eachgoal, we now know whetherthat goal is
directly visible to the agent,or whetherthat goalis accessibléo the agentby turninga
corneror two. Indeed,therearefour possiblerelationshipsbetweenan agentandeach
goalfor eachframe,which canbe determinedrom the label of the pixel at the position
of the goal Label xg , andthe anglef , which is the anglesubtendedy a line between
thepositionof thegoalxg, the positionof theagentx, andtheagents currentdirectionq.
Theseare:

1. A: Thegoalis directly visible: Label x;  V; andtheagentis headingtowardsit
1 f 1.g2isinthisstatein Figurel.

2. D: Thegoalis directly visible to the agent:Label xy  V; but they areheading
awayfromit: f  lorf 1. g4isin this statein Figurel.

2Theseboundariesorrespondoughly to our maximumangleof vision
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Figurel: An exampleof the sub-goalalgorithmin action. The agentis representetly a

white dot anda white arrow (correspondindo its velocity vector);white dotswith black

centresaresub-goalsthe obstaclemodelis shavn in black; areaswhich arenot visible

(either directly or via a sub-goalor two) in white; Areasshadedgrey representareas
visible eitherdirectly or via sub-goals seethe key above for which; g1, g2, g3 andg4

areexamplegoalsreferredto in section3.

3. N: Thegoalis notvisibleto theagent:Label x3 N (it is ontheothersideof an
obstacleandis notreachabldy meansof asub-goal). g3 isin this statein Figure
1.

4. S1 : Thegoalis visible to the agent,but only via a sub-goal(Sl) or a sub-sub-
goal(S2): Label x3  Sn. glisin stateS2 in Figurel.

Theserelationshipsarecontet-free: they just dependuponthelocationanddirection
of travel of theagentin thatspeci c frame.With goalsnearthe boundarybetweerabels,
noisein the direction measurementan causenoisein the cateyorisation. To minimise
the effects of this noise,classi cationinformationis “smoothed”by voting overa ve
frame moving window: for eachframe, the cateyorisationof eachgoal is replacedby
the mostcommoncateayorisation(the mode). The next stageis to classify eachgoal as
consistenor inconsistentvith thetrajectorysofar. Essentiallywe look at the patternof
statetransitionsassociatedvith eachgoalin turn, askingthe questiort‘ls this a possible
explanationfor theagent's behaviour?”.

Ourmodelpredictsthatpeoplewill move directly andpurposefullytowardstheirgoal.
Translatingthis into statetransitions,we can say that thosegoalswhich are consistent
explanationgfor the behaiiour sofar will be thosethatthe agenttravelstowards. Those
goalsin S2 aretwo levelsof indirectionaway from the currentposition,thosein S1 one,
andthosein A zero- thusthosegoalswhich are consistenwill have transitionsof the
sortS2 Sl A, andwill probablystayin arny or all of thesestatesfor somenumber
of frames. To obtain a measureof explicability, we associatea costwith thosestate
transitionsthat imply a particulargoal is not an explanationfor the currenttrajectory
Thus,if agoal G is in stateA andmovesto stateN, thatagentwasheadingtowardsG



andit wasdirectly visible, but is now in a positionwhereG is not visible atall. G is
now lesslikely to be the nal goalfor the agent— the explanationfor their behaiour.
Figure2 shaws the transitionspossiblein the modelandtheir associatedosts. Overall
costis calculatedor eachgoalwithin thescene Thegoalwith thelowestoverallcostcan
be thoughtof asthe mostlikely explanationfor the behaiour of the agent. The costof
this, the mostlik ely, goalis usedasanindicationof haw consistenthe movementof the
agentis with our model.

Figure2: Statetransitiondiagramindicatingthe costof eachtransition. Thosetransitions
which are free (drawvn with thick lines) are thoseassociatedvith progressowardsthe
particulargoal;thosewith a costarethoseassociateevith movementaway from thegoal.

4 Implementation

4.1 Modelling the scene

A certainamountof initialisationis necessarpeforegoal-directedbehaiour canbe ob-
sened or inferred from the movementof agentswithin a scene. Thosegeographical
featureswhich affect this behariour mustberepresentechndtheagentdhemselesmust
betracked.

The two sceneswe discussin this paperare differentin mary respectsand have
thereforebeendealtwith very differently in respectof the modellingof the scene.The
PETS2004atasets indoors,with constantighting, whereaghe carpark datasets out-
doors. The PETS2004datasefeaturesactorsperforminga numberof tasksof varying
oddnesgfrom walking acrosshe sceneto having a ght to slumpingon the oor). The
carpark datasemostly containsordinary pedestriangnddriverscominginto work one
morning. Mostimportantlyfor the machinelearningelementof this paper with the car
parkscenewe have hoursof videofeaturingthetrajectoriesof 269 agentswhereaswith
the PETS2004datasetve have a seriesshortclips featuringjust 23 behaiour patterns.
Theexit-learningalgorithmwe describebeingappliedto the carpark datasets therefore
notapplicableto the PETS2004scene.

Both scenesare picturedin Figure 3, alongsidetheir exit and obstaclemodels. For
simplicity, all reasonings carriedoutin theimageplanesinceourassumptionarelargely
invariantto perspectie projection- in particular straightline pathson the groundare
projectedo straightline pathsacrosgheimageplane.
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Figure3: Theexit model,obstaclemodelandscenefor the carpark(left) andPETS2004
(right) scenes.

4.1.1 Theagents

Within the car park scene tracking hasbeenperformedusing a stateof the art generic
objecttracker[5], setto outputthe positionof objectcentroidsin theimageplane. This
malkesuseof adaptie colour modelssuchasthosein [8] for bothforegroundandback-
ground, and alsoincorporatesa shapemodel for vehicle tracking. Thesetrackswere
hand-editedo ensureconsistentrrajectoriesand a one-to-onemappingbetweenblobs
andobjects. Trajectorieswerethensmoothedusinga Kalman lter, andasanindica-
tion of overall directionor headingthe velocity vectorfrom the Kalman Iter wasstored
at eachtime step. Thusfor eachobjectin eachframewe maintain ve measurements:
X-position, y-position, time, andthe x andy component®f the velocity vector For the
PETS2004cenepositionof objectcentroidwasprovidedwith thevideo. Thus,theonly
pre-processingequiredwasto Kalmansmooththe positionalinformationandstorethe
velocity components.

4.1.2 The exit model

Within the carparkscenethelocationandextentof ary exits arelearnedrom atraining
setof 200 pedestriarand car trajectories. As we de ne exits as placeswherecarsand
pedestriangnterandleave the scenewe can nd themby examiningthe startandend
pointsof the trajectoried. This providesus with 400 exampleexit pointsfrom the 200

3This involved splitting andmeming of around20% of objecttrajectories(for example,in somecaseshe
trajectoryreportedby thetracler switchedobjectwhenalarge objecttemporarilyeclipseda small).

4This techniquenasthe effect that someof the morerarely useddoorsare omitted. To include suchdoors
would betrivial — all it would requirewould bealongertrainingset,or a handcraftedexit model



trajectoriesa setin which mostpointscorrespondo geographicaéxits, althoughsome
correspondo carsparking andto pedestriandeaving parked cars. It is corvenientto

representhis collectionof exit pointsby a probability densityexpressedsa mixture of

Gaussiansln general,eachGaussiarcorrespondso an exit with the covariancedeter

minedby thespreadf theindividualexit points. ThemodelsaretrainedusingCootesand
Taylor's Kernelversionof the Expectation-MaximisatioEM) algorithm[1], initialised
with K-means.Figure 3(c) shavs the original sceneandFigure 3(a) a compositeémage
shawing startand nish pointsin white, andareasf the sceneconsiderednexit in grey.

Dueto insufcient data,thislearningwasnot carriedoutwith the PETS2004]atasetand
theexit modelwascreatedby hand.

Borrowing terminologyfrom Ellis & Xu [9], we canexpecttrajectoriesto endin a
numberof differenttypesof situation,or “occlusion”: ShortTermocclusionswherewe
canexpectthe agentto reappealike a hedge)and othercasegBorderocclusionsand
Long Termocclusionswherethe agenthasactuallyleft the scene.For the purposef
this study we treatall threeof their casesdenticallyanddo nottry to unify trajectoriesn
situationswith shortterm occlusions.This meangshat someobjectsare associatedvith
morethanonetrajectory andthata moreaccuratenterpretatiorof eachof the Gaussians
or blobsin the exit modelsis thatthey correspondo someform of occlusionwithin the
sceneratherthanto actualexits.

4.1.3 Obstaclerepresentation

In the currentimplementationboth obstaclenodelshave beenhand-craftedandtake the
form of a bitmap. Areasof the scenesagentscannotenter(andtheir trajectoriescannot
cross)aremarkedon apixel by pixel basis.

4.1.4 Stationary objects: Parked cars

Within the carparksceneasaninitialisation step,thosecarsalreadyparked are marked
up by handwith single frame trajectories. Thesesingle frame trajectoriesare omitted
from ary furtherinitialisation (sodo not contritute to the exit model,for example). This
stepwould beunnecessarif the datasetbeganwith anemptycarpark.During theactual
runningof the systemwe needto determinewhathappenst the endof eachtrajectory:
eitheranagenthasleft thescenepr acarhasparked. We make thesimplifying assumption
thatourexit modelis anaccurateepresentationf theexits within thesceneandinfer that
trajectoryendpointswhichlie within acertaindistancgcurrentlyonestandardleviation)
from themeanof a Gaussiartomponentorrespondo anagenthaving left thesceneand
all othertrajectoryendpointscorrespondo carsparking.In the PETS2004latasethere
are,of coursenocars.

4.2 Classi cation of pixels and determination of sub-goalstructure

Theclassi cationof pixelsanddeterminatiorof sub-goalocationis performedy casting
raysout from the currentlocationx in the directionof travel, thenscanningoutwardsto
the left andright of this ray. Thisis rst doneto label all pixels as eitherV (visible
from x), O (obstacle)or N (not visible from x). As mentionedearlier a subsetof V
correspondingo the agents angleof vision is thenscannedagainusinga5 5 pixel
mask,to identify candidatesub-goalgx ). The procesds repeatedh secondtime from



x searchindor candidatesub-sub-goalmarkingpixelswhich arevisible from x but not
x asSl. Finally, the areavisible from any sub-subgoals(x ) is scannedandlabelledas
2. This providesuswith labelledpixelsindicatinghow mary levelsof indirectionthere
arebetweenthe agentandthat pixel — whetherit is directly accessiblepr whetherit is
accessibléy turningoneor two corners.

5 Evaluation

To provide a benchmarlagainstwhich to measurghe performancef the algorithm,we
carriedout experimentsn which humansscoredthe interestingnessr otherwiseof our
dataset. This evaluative schemais presentedn more detailin [2]. The carpark data
setusedin the experimentincludes269 trajectories,including 6 performedby actors,
andthe PETS2004datasetentirely performedby actors)contains23 trajectories. For
eachagentaseparatenovie containingonly thoseframesof videowhichencompasthat
agentstrajectorywasproducedwith theagentof interestclearly highlightedthroughout.
Volunteerswere askedto ratethe “interestingnessof thesevideoson a scaleof 1 to 5.
Theinstructionsgivento the volunteersvereasfollows:

“If youwere a securityguard, would you regard the behaviourof the agent

highlightedin this videoasinteresting?Pleasendicateon thefollowing ques-

tionnaire, with onebeinguninteiestingand ve beinginteresting’
Volunteerswerealsoinvited to notedown any commentghey wishedto make about
ary of thevideos. The numberof volunteersor the Car park datasetvas7, andfor the
PETS2004atasefl 2. The meanof the scoredrom the humanrankersis usedto provide
a measureof “interestingness”. The statisticwe are comparingagainstthe humansis
C, which we de ne asthe costof the leastcostly goal (thusthe costof the mostlikely
explanation)dividedby thelengthof thetrajectoryin frames,soasnotto penalisdonger
trajectories.

Correlationstatisticshave beencalculatedbetweeneachof the humanrankersand
the machinegenerateatostscores.Theseareshavn in Tablel. The correlationstatistic
we useis Spearmars Rho, which is a similar calculationto the morecommonproduct-
momentcorrelation(sometimegalledPearsors), exceptSpearmars operate®on ranked
dataratherthanparametric.Givenranked data,Spearmars canbe calculatedusingthe
following formula:

64" d?
nnz 1

Wheren is the numberof videos,andd is the differencebetweerthe matchedpairs
of ranks. Spearmars Rho canbe testedfor signi cance: for small valuesof n, rs hasa
nonstandardistribution andspeci c tablesmustbeused.For large(n  10) valuesof n
thefollowing functionof rs follows approximatelythedistribution of at-teststatisticwith
n 2degreesof freedomandtheresultantvaluets canbe comparedagainstary standard
statisticaltablesfor signi cancetesting:

Is




Carpark rs ts PETS2004 rs ts
Humanl 0.193| 3.21 || Humanl 0.639 | 3.80
Human2 0.279| 4.75 || Human2 0.679 | 4.23
Human3 0.24 | 4.03 || Human3 0.408 | 2.05
Human4 0.099| 1.62 || Human4 0.353| 1.72
Human5 0.236 | 3.97 || Human5 0.507 | 2.69
Human6 0.254| 4.29 || Human6 0.453| 2.33
Human7 0.337 | 5.85 || Human7 0.277| 1.32
MeanHuman| 0.35 | 6.10 || Human8 0.292| 14
Human9 0.386 | 1.92
Human10 0.319| 1.54
Humanll 0.47 | 2.44
Human12 0.626 | 3.68
MeanHuman| 0.639 | 3.81

Table 1: Correlationstatisticsfor the C scoreagainsteachindividual subjectand the
humanaverages.Correlationstatisticsfall between-1 (perfectnegative correlation)and
+1 (perfectpositive correlation). Thosevalueswhich are statisticallysigni cant at the
0.05level arehighlightedin boldface,andthosewhich aresigni cant atthe 0.1 level but
not the 0.05in italics. The signi cancelevel for the Car Park dataseiat 0.05 level is:
n 269ts 1960,andfor thePETS2004ataseth 23ts 2 069.

Comparingthe correlationsbetweenindividual humansand the machinegenerated
C statistic,in mostcasesorrelationswere strongesamongsthe humanrankers. In all
caseghereexists a positive correlationbetweenthe C statisticand humanrankers,and
indeedoneof the humanrankerscorrelatedesswell with the avetage humanthanthe C
statisticdoes.

Thoseagentsvhichweresubjectto disagreemerttetweerhumanrankersor between
the humanrankersandthe machinegenerated statisticareworth investigatingfurther,
Within the PETS2004datasetthosebehaiour patterndeadingto disagreemeninclude
an agententeringthe scene changingdirection,thenseemingto leave the scenebefore
returninga shortway into the foyer (we assumehatthis is anartifact of video editing -
it is de nitely strangebehaiour if not), andto trajectorieswhich arequite complicated,
involving rst moving towardsanotheragentin the sceneand thenmoving towardsan
exit (differentexits in eachcase).Within the carpark datasethoseobjectswhich were
the subjectof disagreemenetweerrankersarepicturedin Figure5. Figure5(a) shavs
the trajectorieswith a high C statisticand high variancebetweerhumanrankers: these
trajectoriedeaturevehiclesparkingin aratherroundaboufashion- it is clearfrom this
picture alonethatin neithercasedid the parking manouere proceedsmoothly Figure
5(b) shaws the oppositecaseswherethe C statisticwaslow but therewas an amount
of disagreemenbetweenrankers. Thesecasesnvolved peopleusing rarely usedcar
parks,or parkingin rarely-usedspacesandin one case(the trackto thefar right of the
image)anamtulance whichwasnotmoving in aninterestingor oddway but wasthought
interestingust becausé wasanamhulance.



(a) High C, high variance (b) Low C, highvariance

Figure 4: Trajectorieswith a high level of disagreemenbetweenhumanand machine
ranks.

6 Conclusions

The techniqueoutlinedin this paperis novel, in thatit adoptsa high level intentional
analysisof whatis essentiallyquite simplebehaiour. Previouswork consistof analyses
of theresultanbehaiour: thefactthatpeoplefollow similartrajectoriesacrossascend4]
is because¢hey have similar goals;the factthat pathscanbe approximatedy trajectory
analysis[6] is becauseathsjoin two goals. This work attemptsinsteadto analysethe
causeof thebehaviour — the goalsof theagentdirectly.

Theinitial resultspresentedherearepromising,andshow thatsuchananalysiscould
beusedin a practicalsituationto provide a Iter onsurwillancedata.

References

[1] T. CootesandC. Taylor. A mixture modelfor representinghapevariation. In Proc.
British Machine Vision Confeence pagesl10-119,1997.

[2] H. M. DeeandD. C. Hogg. Is it interesting?comparinghumanandmachingudge-
mentson the petsdataset.In ECCVPETS:the PerformanceEvaluationof Tracing
andSurveillancavorkshopat the EuropeanConfeenceon Computenision, Prague,
CzechRepublic,2004.

[3] D. C. Dennett. The Intentional Stance Bradford Books, Cambridge, MA, 1987,
reprinted2002.

[4] N JohnsomandD. C Hogg. Learningthe distribution of objecttractoriesfor event
recognition.Image andVision Computing 14(8):609-6151996.

[5] D. R Magee. Tracking multiple vehiclesusing foreground,backgroundand shape
models.Image and Vision Computing 22:143-1552004.

[6] D. Makris andT. Ellis. Spatialand probablisticmodellingof pedestriarbehaiour.
In Proc. British Machine Vision Confeence pagess57-566 Cardiff, UK, 2002.

[7] R.J.Morris andD. C. Hogg. Statisticalmodelsof objectinteraction. International
Journal of Computenision, 37(2):209-2152000.

[8] C. Staufer and W. Grimson. Adaptive backgroundmixture modelsfor real-time
tracking. In Proc. CVPR pages246-2521999.

[9] M. Xu andT. Ellis. Partial obsenationvs. blind trackingthroughocclusion.In Proc.
British Machine Vision Confeence pages/77-786 Cardiff, UK, 2002.



