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Abstract

Thispaperpresentsanovel approachto thedetectionof unusualor inter-
estingeventsin videosinvolving certaintypesof intentionalbehaviour, such
aspedestrianscenes.The approachis not basedupona statisticalmeasure
of typicality, but uponbuilding anunderstandingof theway peoplenavigate
towardsa goal. The activity of agentsmoving aroundwithin the sceneis
evaluatedbaseduponwhetherthe behaviour in questionis consistentwith
a simplemodelof goal-directedbehaviour anda modelof thosegoalsand
obstaclesknown to bein thescene.Theadvantagesof suchanapproachare
multiple: it handlesthepresenceof movableobstacles(for example,parked
cars)with ease;trajectorieswhich have never beforebeenpresentedto the
systemcanbe classi�ed asexplicable; andthe techniqueasa whole hasa
primafaciepsychologicalplausibility. A systembasedupontheseprinciples
is demonstratedin two scenes:a car-park,andin a foyerscenario1.

1 Intr oduction

Whenyou monitor a pedestrianscene,a numberof differentbehaviour patternscanbe
observed.Peoplewalk alongpathwaysandcarsaredrivenalongroads,andoccasionally
peoplewill takeshortcutsor getinto a caror stopfor a chat.Veryoccasionally, someone
will dosomethingdifferentor interesting– somethingthatdoesnot �t ourgeneralunder-
standingof whatbehaviour goeson in thatscene.Theaimof this researchis to developa
framework for thedetectionof theseinterestingevents.

A numberof systemshave beenconstructedwhich go someway towardsaddressing
this problem. Oneapproachis exempli�ed in [4], in which the typicality or otherwise
of pedestriantrajectoriesis assessedbaseduponlearnedmodelsof absolutelocationand
speedover time. In [6], amodelof thepathswithin asceneis constructedbaseduponthe
behaviour of pedestrians,andthis pathmodelcansubsequentlybeusedto detectunusual
trajectories.The relationshipsbetweenobjectscanalsobe usedto judgetypicality [7].
Therearedrawbacksto all of theseapproacheswhenappliedto a changingenvironment
(suchasa carpark): the �rst two aretoo closelytied to theglobalenvironment,andthe
third to theobjectswithin thatenvironment.All threeapproachesignoretheunderlying

1Thefoyer scenariois from thePETS2004dataset,whichcomesfrom theEC FundedCAVIAR project/IST
200137540



intentionalnatureof theagentswithin thescene– indeed,they arethoughtof asobjects,
ratherthanagents.

ThephilosopherDanielDennetthaswritten widely on thenatureof explanation,and
haslong beenan advocateof whathe calls “the IntentionalStance”– see,for example,
[3]. Whenweadopttheintentionalstancetowardsanobject,wereasonaboutits pastand
futurebehaviour on thegroundsof its supposedbeliefsanddesires.Humansandanimals
areinherentlyintentionalcreatures– webehavein agoal-directedfashion,andthevisible
componentof our behaviour canoftenbeexplainedwith referenceto our goals(indeed,
it canoftenonly beexplainedwith referenceto our goals).Eachof thecomputervision
systemsoutlinedin thepreviousparagraphadoptwhatDennettcalls thephysicalstance
in the analysisof humanbehaviour – they do not take into accountthe psychologyof
theagentswithin thesceneandassuchmissout on many simplifying assumptions.The
work wedescribehereis the�rst to incorporateasimplemodelof psychologicalfunction
andthusadopttheintentionalstancein thepredictionandclassi�cationof humanvisible
behaviour.

Ourapproachis to build amodelof intentional,goal-directednavigationandcompare
observedbehaviour to that. Behaviour patternsde�ned asinterestingarethosewhich do
not �t our assumptions,andratherthanbeing interpretedasatypicalor abnormal,any
interestingeventsdetectedby sucha methodarebestdescribedas“inexplicable”.

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

In thosepedestriandomainstypically subjectto surveillance,peoplehave particularly
well-de�ned goalswhich areeasyto infer from their visible behaviour. For example,in
a carparkagentseitherwish to get from anexit to their car, from their car to anexit or
from anexit to anexit (for example,whentakinga shortcut). We thereforede�ne a goal
asanexit: a placewhereanagentcanleave thescene.

We wish to characterisethe behaviour of the agentswithin our scenesin termsof
thesepossiblegoals,andsowe needa modelof how peopleactuallynavigatetowardsa
goal. Onestrategy for planningthe routeto an exit would be to seekthe shortestpath.
In general,theshortestpathis a seriesof straightline segmentsthroughfree-space,ter-
minatingat tangentialpointson theobstacles,andconnectedby curvedsegmentsaround
the boundariesof obstacles.Insteadof usingthe shortestpathwe make the moregen-
eralassumptionthatour agentchoosesa piecewiselinearpathbetweentangentialpoints
(which we call sub-goals). If a goal is accessibleby oneturn andlaterby two, this goal
hasbecomea lesslikely explanationfor theagent'sactions.

Thesesub-goalsarecentralto ourapproach.Simplyput,sub-goalsallow peopleto go
aroundcorners– if thereis notadirectpathto aparticulargoalfrom thecurrentlocation,
thatdoesnot meanthatgoal is not a possibleexplanationfor thebehaviour in question:
theremay exist an interim positionwith a direct path to the goal and from the current
position.Sucha positionis de�ned asa sub-goal. Without sub-goals,our thesiscouldbe
distilled into thesentence“Peoplegenerally walk towardsgoalsin straight lines”. With
sub-goals,it becomesthe moreinteresting“Peoplegenerally behavein a goal-directed
fashion”.



2.1 Initial selectionof sub-goalcandidates

Theconstructionof sub-goalsis basedupongeographicalinformationaboutthelocation
of obstacles,the currentlocationof the agentwithin the scenex andtheir directionof
motion q, anduponcounterfactualreasoning.From the currentpositionx, a segment
of the sceneis investigated.We areinterestedin discoveringplacesto which the agent
couldtravel directly andthatallow theagentaccessto placesto which they cannottravel
directly. Theseplacesarepointswhereagentscanchooseto changedirection,andthese
placesarejust afterobstacles.

Initially, we labelpixelsaseitherbeingdirectly visible from x (labelledV), obstacle
(labelledO), or not visible from x (labelledN). Thenwe look for possiblesub-goalsin
thedirectionof theagent's travel, allowing oneradianeitherway for deviation from the
straightline path2. Thusthosepixelsthatareclassi�edasV andwhich lie within anarc
throughx from q � 1 to q �

1 areinvestigatedfurther, searchingfor pixel neighbourhoods
containingall threelabelsof pixels. Regionscontainingall threetypesof pixel arecan-
didatesub-goals– that is, theagentat x might beheadedtowardsx � (it is directly visible
andwithin their angleof vision), andwerethey at x � they would beableto seemoreof
thescene(it neighboursuponareasthatarenotdirectlyvisible from x).

Whena candidatesub-goalhasbeenfound,scanningstartsfrom x � in all directions,
pixels are labelledand sub-sub-goalsare searchedfor in a similar manner. Pixels di-
rectly visible from x � but not from x arelabelledasS1 andpixels directly visible from
sub-sub-goals(but not moredirectly) asS2, enablinganalysisof which actualgoalsare
accessiblefrom sub-andsub-sub-goals.Thesestagesareillustratedin Figure1. Theim-
plementationdescribedin this paperstopsthesub-goalanalysisat two levelsof sub-goal
(sub-sub-goals),althoughsuchananalysiscouldin principlebecontinuedrecursively.

3 The useof goaland sub-goalinformation to explain
behaviour

Thefollowing stageof analysisprovidesauni�cation of theseframe-by-frameclassi�ca-
tionsin orderto determinewhetheror notaparticulargoalis aviableexplanationfor the
trajectoryasawhole.

For eachagent,for eachframe, for eachgoal, we now know whetherthat goal is
directly visible to theagent,or whetherthatgoal is accessibleto theagentby turninga
corneror two. Indeed,therearefour possiblerelationshipsbetweenan agentandeach
goal for eachframe,which canbedeterminedfrom the labelof thepixel at theposition
of thegoal Label� xg �

, andtheanglef , which is the anglesubtendedby a line between
thepositionof thegoalxg, thepositionof theagentx, andtheagent'scurrentdirectionq.
Theseare:

1. A: Thegoal is directly visible: Label� xg ���

V; andtheagentis headingtowardsit
� 1 � f � 1. g2 is in this statein Figure1.

2. D: The goal is directly visible to theagent:Label� xg ���

V; but they areheading
awayfrom it: f 	 1 or f �

� 1. g4 is in this statein Figure1.

2Theseboundariescorrespondroughlyto ourmaximumangleof vision



Obstacle(O) Directpathheadedaway (V (D))

Directpathheadedtowards(V (A)) Reachablevia sub-goal(S1)

Reachablevia sub-sub-goal(S2)

Figure1: An exampleof thesub-goalalgorithmin action.Theagentis representedby a
white dot anda white arrow (correspondingto its velocity vector);white dotswith black
centresaresub-goals;theobstaclemodelis shown in black; areaswhich arenot visible
(either directly or via a sub-goalor two) in white; Areasshadedgrey representareas
visible eitherdirectly or via sub-goals- seethekey above for which; g1, g2, g3 andg4
areexamplegoalsreferredto in section3.

3. N: Thegoal is not visible to theagent:Label� xg �
�

N (it is on theothersideof an
obstacle,andis not reachableby meansof a sub-goal). g3 is in this statein Figure
1.

4. S1 � S2: Thegoal is visible to theagent,but only via a sub-goal(S1) or a sub-sub-
goal(S2): Label� xg ���

Sn. g1 is in stateS2 in Figure1.

Theserelationshipsarecontext-free: they just dependuponthelocationanddirection
of travel of theagentin thatspeci�c frame.With goalsneartheboundarybetweenlabels,
noisein the directionmeasurementcancausenoisein the categorisation. To minimise
the effectsof this noise,classi�cation information is “smoothed”by voting over a � ve
frame moving window: for eachframe, the categorisationof eachgoal is replacedby
the mostcommoncategorisation(the mode). The next stageis to classifyeachgoal as
consistentor inconsistentwith thetrajectorysofar. Essentially, we look at thepatternof
statetransitionsassociatedwith eachgoal in turn,askingthequestion“Is this a possible
explanationfor theagent'sbehaviour?”.

Ourmodelpredictsthatpeoplewill movedirectlyandpurposefullytowardstheirgoal.
Translatingthis into statetransitions,we cansay that thosegoalswhich areconsistent
explanationsfor thebehaviour so far will be thosethat theagenttravelstowards.Those
goalsin S2 aretwo levelsof indirectionaway from thecurrentposition,thosein S1 one,
andthosein A zero- thusthosegoalswhich areconsistentwill have transitionsof the
sortS2 
 S1 
 A, andwill probablystayin any or all of thesestatesfor somenumber
of frames. To obtain a measureof explicability, we associatea cost with thosestate
transitionsthat imply a particulargoal is not an explanationfor the currenttrajectory.
Thus,if a goal G is in stateA andmovesto stateN, that agentwasheadingtowardsG



and it wasdirectly visible, but is now in a positionwhereG is not visible at all. G is
now lesslikely to be the �nal goal for the agent– the explanationfor their behaviour.
Figure2 shows the transitionspossiblein themodelandtheir associatedcosts.Overall
costis calculatedfor eachgoalwithin thescene.Thegoalwith thelowestoverallcostcan
be thoughtof asthemostlikely explanationfor thebehaviour of theagent.Thecostof
this, themostlikely, goal is usedasanindicationof how consistentthemovementof the
agentis with ourmodel.

Figure2: Statetransitiondiagramindicatingthecostof eachtransition.Thosetransitions
which are free (drawn with thick lines) are thoseassociatedwith progresstowardsthe
particulargoal;thosewith acostarethoseassociatedwith movementawayfrom thegoal.

4 Implementation

4.1 Modelling the scene

A certainamountof initialisationis necessarybeforegoal-directedbehaviour canbeob-
served or inferred from the movementof agentswithin a scene. Thosegeographical
featureswhichaffect thisbehaviour mustberepresented,andtheagentsthemselvesmust
betracked.

The two sceneswe discussin this paperare different in many respects,and have
thereforebeendealtwith very differently in respectof themodellingof the scene.The
PETS2004datasetis indoors,with constantlighting, whereasthecar-parkdatasetis out-
doors. The PETS2004datasetfeaturesactorsperforminga numberof tasksof varying
oddness(from walking acrossthesceneto having a �ght to slumpingon the�oor). The
car-parkdatasetmostlycontainsordinarypedestriansanddriverscominginto work one
morning. Most importantlyfor themachinelearningelementof this paper, with thecar-
parkscene,we havehoursof videofeaturingthetrajectoriesof 269agents,whereaswith
the PETS2004datasetwe have a seriesshortclips featuringjust 23 behaviour patterns.
Theexit-learningalgorithmwe describebeingappliedto thecar-parkdatasetis therefore
notapplicableto thePETS2004scene.

Both scenesarepicturedin Figure3, alongsidetheir exit andobstaclemodels. For
simplicity, all reasoningis carriedoutin theimageplanesinceourassumptionsarelargely
invariant to perspective projection- in particular, straightline pathson the groundare
projectedto straightline pathsacrosstheimageplane.



( a) Exits& (b) Obstacles(car-park) ( d) Exits& (e)Obstacles(PETS2004)

(c) Scene(carpark) (f) Scene(PETS2004)

Figure3: Theexit model,obstaclemodelandscenefor thecar-park(left) andPETS2004
(right) scenes.

4.1.1 The agents

Within the car park scene,trackinghasbeenperformedusinga stateof the art generic
objecttracker [5], setto outputthepositionof objectcentroidsin the imageplane.This
makesuseof adaptive colourmodelssuchasthosein [8] for bothforegroundandback-
ground,and also incorporatesa shapemodel for vehicle tracking. Thesetrackswere
hand-editedto ensureconsistenttrajectoriesand a one-to-onemappingbetweenblobs
andobjects3. Trajectorieswerethensmoothedusinga Kalman�lter , andasan indica-
tion of overall directionor headingthevelocity vectorfrom theKalman�lter wasstored
at eachtime step. Thusfor eachobject in eachframewe maintain� ve measurements:
x-position,y-position,time, andthex andy componentsof thevelocity vector. For the
PETS2004scene,positionof objectcentroidwasprovidedwith thevideo.Thus,theonly
pre-processingrequiredwasto Kalmansmooththepositionalinformationandstorethe
velocitycomponents.

4.1.2 The exit model

Within thecar-parkscene,thelocationandextentof any exits arelearnedfrom atraining
setof 200 pedestrianandcar trajectories.As we de�ne exits asplaceswherecarsand
pedestriansenterandleave the scene,we can�nd themby examiningthestartandend
pointsof the trajectories4. This providesus with 400 exampleexit pointsfrom the200

3This involved splitting andmerging of around20%of objecttrajectories(for example,in somecasesthe
trajectoryreportedby thetracker switchedobjectwhena largeobjecttemporarilyeclipsedasmall).

4This techniquehastheeffect thatsomeof themorerarelyuseddoorsareomitted. To includesuchdoors
would betrivial – all it would requirewould bea longertrainingset,or ahandcraftedexit model



trajectories,a setin which mostpointscorrespondto geographicalexits, althoughsome
correspondto carsparkingand to pedestriansleaving parked cars. It is convenientto
representthis collectionof exit pointsby a probabilitydensityexpressedasa mixtureof
Gaussians.In general,eachGaussiancorrespondsto an exit with the covariancedeter-
minedby thespreadof theindividualexit points.ThemodelsaretrainedusingCootesand
Taylor's Kernelversionof theExpectation-Maximisation(EM) algorithm[1], initialised
with K-means.Figure3(c) shows theoriginal scene,andFigure3(a)a compositeimage
showing startand�nish pointsin white,andareasof thesceneconsideredanexit in grey.
Dueto insuf�cient data,this learningwasnotcarriedoutwith thePETS2004dataset,and
theexit modelwascreatedby hand.

Borrowing terminologyfrom Ellis & Xu [9], we canexpecttrajectoriesto endin a
numberof differenttypesof situation,or “occlusion”: ShortTermocclusions,wherewe
canexpectthe agentto reappear(like a hedge)andothercases(Borderocclusionsand
Long Termocclusions)wheretheagenthasactuallyleft thescene.For thepurposesof
thisstudy, wetreatall threeof theircasesidenticallyanddonot try to unify trajectoriesin
situationswith shorttermocclusions.This meansthatsomeobjectsareassociatedwith
morethanonetrajectory, andthatamoreaccurateinterpretationof eachof theGaussians
or blobsin theexit modelsis that they correspondto someform of occlusionwithin the
scene,ratherthanto actualexits.

4.1.3 Obstaclerepresentation

In thecurrentimplementation,bothobstaclemodelshavebeenhand-crafted,andtakethe
form of a bitmap. Areasof thescenesagentscannotenter(andtheir trajectoriescannot
cross)aremarkedonapixel by pixel basis.

4.1.4 Stationary objects: Parkedcars

Within thecar-parkscene,asaninitialisationstep,thosecarsalreadyparkedaremarked
up by handwith single frametrajectories. Thesesingle frametrajectoriesareomitted
from any furtherinitialisation(sodo not contributeto theexit model,for example).This
stepwouldbeunnecessaryif thedatasetbeganwith anemptycarpark.During theactual
runningof thesystem,we needto determinewhathappensat theendof eachtrajectory:
eitheranagenthasleft thescene,oracarhasparked.Wemakethesimplifyingassumption
thatourexit modelisanaccuraterepresentationof theexitswithin thescene,andinfer that
trajectoryendpointswhichlie within acertaindistance(currentlyonestandarddeviation)
from themeanof aGaussiancomponentcorrespondto anagenthaving left thescene,and
all othertrajectoryendpointscorrespondto carsparking.In thePETS2004datasetthere
are,of course,nocars.

4.2 Classi�cation of pixels and determination of sub-goalstructure

Theclassi�cationof pixelsanddeterminationof sub-goallocationis performedby casting
raysout from thecurrentlocationx in thedirectionof travel, thenscanningoutwardsto
the left and right of this ray. This is �rst doneto label all pixels as eitherV (visible
from x), O (obstacle)or N (not visible from x). As mentionedearlier, a subsetof V
correspondingto the agent's angleof vision is thenscannedagainusinga 5 � 5 pixel
mask,to identify candidatesub-goals(x � ). The processis repeateda secondtime from



x � searchingfor candidatesub-sub-goalsmarkingpixelswhicharevisible from x � but not
x asS1. Finally, theareavisible from any sub-subgoals(x � � ) is scannedandlabelledas
S2. This providesuswith labelledpixelsindicatinghow many levelsof indirectionthere
arebetweenthe agentandthat pixel – whetherit is directly accessible,or whetherit is
accessibleby turningoneor two corners.

5 Evaluation

To provide a benchmarkagainstwhich to measuretheperformanceof thealgorithm,we
carriedout experimentsin which humansscoredthe interestingnessor otherwiseof our
dataset. This evaluative schemais presentedin moredetail in [2]. The car-park data
set usedin the experimentincludes269 trajectories,including 6 performedby actors,
and the PETS2004dataset(entirely performedby actors)contains23 trajectories.For
eachagent,aseparatemovie containingonly thoseframesof videowhichencompassthat
agent's trajectorywasproducedwith theagentof interestclearlyhighlightedthroughout.
Volunteerswereasked to ratethe “interestingness”of thesevideoson a scaleof 1 to 5.
Theinstructionsgivento thevolunteerswereasfollows:

“If you were a securityguard, would you regard the behaviourof the agent
highlightedin thisvideoasinteresting?Pleaseindicateon thefollowingques-
tionnaire, with onebeinguninterestingand�ve beinginteresting.”

Volunteerswerealsoinvited to notedown any commentsthey wishedto make about
any of thevideos.Thenumberof volunteersfor theCarparkdatasetwas7, andfor the
PETS2004dataset12. Themeanof thescoresfrom thehumanrankersis 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,soasnot to penaliselonger
trajectories.

Correlationstatisticshave beencalculatedbetweeneachof the humanrankersand
themachinegeneratedcostscores.Theseareshown in Table1. Thecorrelationstatistic
we useis Spearman's Rho,which is a similar calculationto themorecommonproduct-
momentcorrelation(sometimescalledPearson's),exceptSpearman'soperateson ranked
dataratherthanparametric.Givenrankeddata,Spearman's canbe calculatedusingthe
following formula:

rs �

1 �

6å n
i � 1d2

i

n � n2
� 1

�

Wheren is thenumberof videos,andd is thedifferencebetweenthematchedpairs
of ranks. Spearman's Rhocanbe testedfor signi�cance: for small valuesof n, rs hasa
nonstandarddistribution andspeci�c tablesmustbeused.For large(n 	 10) valuesof n
thefollowing functionof rs followsapproximatelythedistributionof at-teststatisticwith
n � 2 degreesof freedom,andtheresultantvaluets canbecomparedagainstany standard
statisticaltablesfor signi�cancetesting:

ts �

rs

�

n � 2
1 � r2

s



Car-park rs ts
Human1 0.193 3.21
Human2 0.279 4.75
Human3 0.24 4.03
Human4 0.099 1.62
Human5 0.236 3.97
Human6 0.254 4.29
Human7 0.337 5.85
MeanHuman 0.35 6.10

PETS2004 rs ts
Human1 0.639 3.80
Human2 0.679 4.23
Human3 0.408 2.05
Human4 0.353 1.72
Human5 0.507 2.69
Human6 0.453 2.33
Human7 0.277 1.32
Human8 0.292 1.4
Human9 0.386 1.92
Human10 0.319 1.54
Human11 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 arestatisticallysigni�cant at the
0.05level arehighlightedin boldface,andthosewhicharesigni�cant at the0.1 level but
not the 0.05 in italics. The signi�cance level for the Car Park datasetat 0.05 level is:
n

�

269� ts 	 1 � 960,andfor thePETS2004dataset,n
�

23� ts 	 2 � 069.

Comparingthe correlationsbetweenindividual humansandthe machinegenerated
C statistic,in mostcasescorrelationswerestrongestamongstthehumanrankers. In all
casesthereexists a positive correlationbetweenthe C statisticandhumanrankers,and
indeedoneof thehumanrankerscorrelateslesswell with theaverage humanthantheC
statisticdoes.

Thoseagentswhichweresubjectto disagreementbetweenhumanrankersor between
thehumanrankersandthemachinegeneratedC statisticareworth investigatingfurther.
Within thePETS2004dataset,thosebehaviour patternsleadingto disagreementinclude
an agententeringthe scene,changingdirection,thenseemingto leave thescenebefore
returninga shortway into the foyer (we assumethat this is anartifactof videoediting-
it is de�nitely strangebehaviour if not), andto trajectorieswhich arequitecomplicated,
involving �rst moving towardsanotheragentin the sceneandthenmoving towardsan
exit (differentexits in eachcase).Within thecar-park datasetthoseobjectswhich were
thesubjectof disagreementbetweenrankersarepicturedin Figure5. Figure5(a)shows
the trajectorieswith a high C statisticandhigh variancebetweenhumanrankers: these
trajectoriesfeaturevehiclesparkingin a ratherroundaboutfashion– it is clearfrom this
picturealonethat in neithercasedid the parkingmanouevre proceedsmoothly. Figure
5(b) shows the oppositecases,wherethe C statisticwas low but therewasan amount
of disagreementbetweenrankers. Thesecasesinvolved peopleusing rarely usedcar-
parks,or parkingin rarely-usedspaces,andin onecase(the track to the far right of the
image)anambulance,whichwasnotmoving in aninterestingor oddwaybut wasthought
interestingjust becauseit wasanambulance.



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

Figure4: Trajectorieswith a high level of disagreementbetweenhumanandmachine
ranks.

6 Conclusions

The techniqueoutlined in this paperis novel, in that it adoptsa high level intentional
analysisof whatis essentiallyquitesimplebehaviour. Previouswork consistsof analyses
of theresultantbehaviour: thefactthatpeoplefollow similartrajectoriesacrossascene[4]
is becausethey have similar goals;thefact thatpathscanbeapproximatedby trajectory
analysis[6] is becausepathsjoin two goals. This work attemptsinsteadto analysethe
causeof thebehaviour – thegoalsof theagent– directly.

Theinitial resultspresentedherearepromising,andshow thatsuchananalysiscould
beusedin a practicalsituationto providea �lter onsurveillancedata.
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