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Abstract

Thispaperdescribes novel appmoad to theproblemof au-
tomatedvisual suneillance Theauthors haveextendedan
existing algorithmwhich usesa cognitive modelof naviga-
tion to explain behaviourin a surveillancesetting We then
take this cognitive modeland apply it to the problemof |-
tering surveillancedata: typically, a surveillanceor CCTV
installation will havea limited numberof operativesmon-
itoring a large numberof camers. The proposedsystem
lter suponinexplicability scores,onthegroundsthatthose
trajectorieswhich we can explain in termsof simplegoals
are exactly thosetrajectaies which are uninteesting: it is
only thosewe cannotsimply explain which are worth at-
tendingto. Initial resultsare promising with over 50% of
unintelestingtrajectoriesbeingexcluded.

1. Intr oduction

Currentreal-world suneillancesystemsrelabourintensve
and often ineffectual. Full time monitoring of large num-
bersof camerads prohibitively expensive so only a sub-
setof camerasare ever actually watched. Thosecameras
which are unwatchedcanonly be usedfor reactve polic-
ing, thatis, storedimagescan be usedasevidenceaftera
crimeis known to have occurred.If theattentionof CCTV
operatvescould be directedto thosecamerasvheresome-
thing might be happeningthe systemcould be usedto di-
rectmoreproactie policing.

The questionof which camerago watchis a dif cult
oneto ansver. Many existing systemsnvolve theoperators
themselesselectingvhich cameraso monitor. Thisleaves
the systemopento aluseanddiscriminationin a way that
hasattractel the ire of humanrights and anti-suneillance
groups.Studiesshow thatCCTV operatvesdecidingwhich
camerago monitor areguidedlessby the behaiour of the
peoplein the sceneand more by their appearance.This is
probablyinevitable, given the snapdecisionswhich have
to be made,with a small numberof operatvesmonitoring
several hundredcameras.If the operatve only hasa few
secondsn which to make their judgementall they canre-
ally call uponarestaticcuessuchasappearance A further

problemwith CCTV operatorss the obvious one of bore-
dom: in thevag majority of suneillancesituationsnothing
happens[11].

The “holy gral” of automatedsurweillanceis a system
which can monitor hundredsof cameas at the sane time
anddraw the attentionof operatvesto thosefew cameras
wherea crime might be being committed. To do this, we
would needsomeform of unusualbehaiour detector A
numberof systemshave beenconstructedvhich go some
way towards addressinghis problem (see, for example,
[6, 9, 5]). Many of theseearliersystemshave beenclosely
tied to the geograph of the scenewhich can limit their
applicationto changingervironments. What these previ-
ousapproachesave in commonis thatthey ignorethe un-
derlying intentional natureof the agentswithin the scene
— indeed,they are oftenreferredto asobjects ratherthan
agents We arguethatif thebehaiour exhibitedby anagent
is explicablein termsof asimplemodelof goal-directede-
haviour, thenthatagentbeignored.

Thealgorithmpresentedhereis anextensionof thatpre-
sentedn [3, 4], appliedin a novel way. The paperbegins
with a desciption of the basicalgorithm (focussingupon
the extensions)andits underlyng theoryfor completeness,
andgoesonto considettheuseof suchanalgorithmto pro-
vide a Iter onsurnwillancedata.

2 Measuring intentionality

The hypothesisthat this papersetsout to investicate is
whetheror not a measureof intentionality canbe usedas
a lter onsuneillancevideos. This hypothesisstemsfrom
theobsenationthatwhenwatchingsurneillancevideos,one
of thequestionsve askoursehesis “what arethey doing?”.
This queston canbere-casfor ead agentwithin thescene
as “what is that agents god?” In the context of visual
sunweillance by goalwe arereferringto ageographicadjoal
suchasa door, or a parked car As we hypothesiseabout
which of the geographicaboalsin the scenearethe goals
of the agent, we formulate an explanationof that agent's
behaiour. If we canexplain awvay their actions,in termsof
oneof theknown geographicagjoalsin thescenethentheir



trajectorycanbeignored:they aresimply walking towards
a particular exit or car.

In afeaturelesscene onewithoutobstacles we would
expectpemle to crossthe scenen a straghtline in the di-
rection of one of the sceneexits. In a complicded scene
suchasa carparkor a pedestrianisedrea thereareobsta-
cleswhichaffectthepathspeoplechoosedo takethroughthe
scene.Therearethreeaspectf the scenewhich needto
be modelledor capturedor theintentionalityof the agents
to bein any way measurable:

Thelocationanddirectionof travel of ary agentanov-
ing aroundwithin thescene

A modeldescribinghelocationandextentof theexits
within the scene asthesearethe goalswhich will be
usedto explain behaiour

A modeldescribingthelocationandextentof arny ob-
stacleswithin thescene

The questionof whetheror not a particdar agentis be-
having explicably for a particular scenebecomes question
of whethergivena particular arrangemenbf obdaclesthat
agentmight be navigating arourd thoseobstaclego oneof
thescenes goals.

The two test scenesused in this paper are: the
“PETS2004"scené Imed indoors,in afoyer, with actors;
andthe “car-park” scenelmed outdoors. In the carpark
scene 6 of 258 trajectoriesrepresenthe behaiour of ac-
tors. Both scenesre Imed usingasinglestaticcamera.

The agentswithin eachseenearetracked. In the caseof
the PETS2004dataset tracking datawas provided along-
sidethevideos. The agentswithin the carpark scenewere
tracked usinga multi-purposé‘blob-tracker” [7], setto out-
put the position of object centroidsin the image plane.
Somepost-processingvasrequiredto ensurea one-to-one
mappingbetweenobjectsin the sceneand trader output.
Trajectoriesverethensmoothedusinga Kalman lter, and
thevelodty vectorof the Kalmansmoothingwvasstoredfor
lateruse.This providesuswith ve measurement®r each
agentfor ead frame: x-position, y-position, time, andthe
x andy component®f the velocity vector Thesearethe
only aspets of theagents’behaour fed into the next stage
of processing- all appearaneinformationis discarded.

Within the carpark scene,the location and extent of
ary exits are learnedfrom a training set of 200 pedes-
trian and car trajectories. As in [10] we nd it corve-
nient to learn a representatiorof the exits from the col-
lection of entranceandexit points usinga probability den-
sity expressedas a mixture of Gaussians.The modelsare
trained using Cootesand Taylor's Kernel version of the

1socalledbecausét is from the PETS2004datasetgeneratedspart
of the EC FundedCAVIAR project/IST200137540

Expectation-MaximisatiofEM) algorithm [2], initialised
with K-means.Figure 1 (a) shavs the exit modellearned
for the carpark scene. Dueto insufcie nt data,this learn-
ing wasnot carriedout with the PETS2004latasetandthe
exit modelwascreatedby hard.

(a) Exits (carpark) (b) Exits (PETS2004)

r

(d) ObstaclePETS2004)
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Figurel: Theexit model,obstaclemodelandscenefor the car
park(left) andPETS2004right) scenes.

Theobstaclemodelis rst handcrafted,by taking a still
imageof the sceneand markingthosesectionsthat agents
would not be ableto walk through or acrosghedgestrees,
buildingsandsoon). This bitmappednodelwasthencon-
vertedinto a polygonalrepresentatiofy straightline ap-
proximationasdetailedin [8]. As with the exit modeland
the tracksof the agent,the obstaclemodelis represented
within theimageplane. The obstaclemodelsareshovn in
Figurel (c) & (d). Thisis an extensionof the previous
work [3, 4] in which the obstaclemodd was represented
asa bitmap: usinga polygonalrepresentatiorscapsthe
problemswhich occur aroundthe savtoothed cornersof
bitmappedobstaclesand also presentsan improvementin
computationaspeed.

2.1 Determining goal-directedness

In orderto capturesomethingof the way in which human
agentsnavigate througha scenewe usethe conceptof a



sub-goal We assumehat peoplenavigatethrougha scene
in a piecavise linear fashion,turning at the verticesof ob-
stacles. If, for example,thereis one obstaclebetwea an
agentandtheir nal goal,theagentrst travelsin astraight
line towardsa point on or nearoneof the verticesof the ob-
stacle thenchangesdirection,thentravelsonwardstowards
their goal. Thesevirtual, intermediategoalsare what we
call sub-goalsandthey aretheplaceswithin ascenewvhere
anagentmight chooseo chargedirection.

The algorithmwe propo® for measuringntentionality
hastwo mainphases:

Firstly, we work out which goalswithin a scenemight

be tamgetsof a particularagentfor a paricular frame,

by assigninga “state” to eachgoal for eachagent.The

statesrepresentwhetherthe agentis headedtowards
thegoalor awayfromit, or whethertheagents headed
towardsa sub-goalwhich mighteventuallyleadto that

goal.

Secondlywe considerthesegoal cateyorisationsover
time and assigncost to those transitionsassociated
with movementaway from thatgoal. In this way, we
end up with a costassociatedvith eachgoal in the
sceneand the mostlikely goal for the agern hasthe
lowestcost.

To cateyorisethe goalswithin the scenewe rst label
eachopen(i.e. non-otstacle)areaof the scene.The polyg-
onal obstaclemodel representshe obstaclesss a list of or-
deredverticesv, andwe know the positionx anddirection
of travel of eachagent. We can nd the tangentialver-
ticesasfollows: For eachobstaclewithin the scene,con-
sider eachvertex v; in turn taking a line from x through
thatvertex. If the neighlouring vertices (vi+1 andv; 1)
arebothon the samesideof theline throughx andv, then
Vv is atangentialvertex on thatobstable.In orderfor atan-
gentialvertex to be a potentialsub-goal,it mustbe visible
from x, andthe agentmustbe headedowardsit: thatis,
theline from x to v mustnot passthroughary otherobsta-
cles. Visible tangentialverticesare consideredsub-goalsf
theagentmight be headedowardsthem- thatis, theangle
betweerx andv liesbetween 1to + 1

Sub-sub-goalgan be discoreredin an analogoudash-
ion simply by repeatingthe processwith the location of
the sub-goalin the placeof x, andthe polygonrepresent-
ing the areaalreadyvisible treatedasanaher, virtual, ob-
stacle. The polygon of alreadyvisble spaceis treatedas
an obstableto prevent pathsto sub-sub-goalgrossingar
easof the scenealreadyvisible. This procedureis then
continuedrecursvely until the entire sceneis classi ed.
This providesa signi c antimprovementover the previous
implementation[3,4] which was cappedat two levels of
sub-goalanalysis.

Figure2: An exampleof the sub-goalalgorithm in action. The
agentis towardstheleft of the picturenearthetop, representg as
areddot with aline indicating direction of travel. The polygon
of directly visible spaceis colouredwhite, and successie levels
of sub-goalareaarerepresentedvith successiely darker shades
of grey. Sub-goalghemselesareyellow dots,andthegreenlines
represenpathsbetweersub-goalsGoalsarerepresenteth blue.

The outputof this stageof classi cationis a completely
labelledscenefor each frame,which takesinto accounthe
currentpositionand directionof motionof theagent:it is a
form of agent-centrianap. Therearearethreetypesof re-
lationshipbetweenan agentand each goal for eachframe,
whichcanbedeterminedrom themapattheposition of the
goal Label(x4), andthe angle , which is the ande sub-
tendedby a line betweenthe position of the goal x4, the
positionof the agentx, andthe agents currentdirection .
Theseare

1. SO; S1; S2; S, : Thegoalis eitherdirectly visible and
the agentis headingtowardsit 1 < < 1; orthe
goalis accessiblevia a sub-goal(or two, or three...)
Goalsin oneof thesestatesarea potentialexplanation
for theagents'trajectory

2. D: Thegoalis directly visible to the agent;but they
areheadingaway fromit: > lor < 1

3. N: Thegoalis notvisibleto theagen((it is ontheother
sideof anobstacleandis notreachabldy meansof a
sub-goal).

2.2 Analysing patterns of goal activity over
time
The following stageof analysisprovides a uni cation of

theseframe-by-frameclassi cationsin orderto determine
whetheror not a particulargoalis a viable explanationfor



the trajectoryasa whole. Essentially we look at the pat-
tern of statetransitionsassociatedvith eachgoalin turn,
askingthe question‘ls this a possibleexplanationfor the
agent'sbehaviour?” or “Could they behead:dtowardsthis
goal?”. With goalsneartheboundarybetweerabels,noise
in the direction measurementan causenoisein the cate-
gorisation.To minimisethe effectsof this noise,classi ca-
tion information is “smoothed”by voting overa ve frame
moving window: for eachframe,the categyorisationof each
goal is replacedby the most commoncateorisation(the
mode).

Thosegoalswhich areconsistenr reasonablexplana-
tionsfor thebehaiour sofarwill bethosegoalswhosepat-
ternsof statetranstions areconsistentwith motiontowards
thatgoal. In the simplestcas, whereanagentcanseetheir
goalfrom the outsetandheadddirectly towardsit, the goal
would bein stae SO from the startof the trajectoryto the

nish. If, however, anagents nal goalis two levelsof in-

directionawway from hisor herstat positionwe canexpect
a patternof transitionsof thesortS2! S1! SO, prob-
ably stayingin ary or all of thesestatesfor somenumber
of frames. To createa measureof intentiorality, we asso-
ciateacostwith thosestatetransitionsassociatewith travel

away from aparticuar goal. Thus,simplegoal-directee-

haviour of moving-towads is cost-free, and behaiour in-

consistentwith a particulargoal implies a penalty Costs
arecalculatedor eachgoalwithin the sceneusingthe state
transitiondiagramshawn in Figure 3, providing us with a

measureof how good an explanationeachgoal is for the

trajectorysofar.

Figure3: Statetransitiondiagramfor calculationof cost

There are a numberof possibleusesfor such scores
within a suneillance situation. It would be possible,for
example,to labelparticubr goalsor areasf sceneasbeing
“suspect”’,andto Iter the surwillancedataon this basis.
Whatwe proposehoweveris amoregenerabpproachTak-
ing thelowestcostgoalfor atrajectoryasbeingthe costof
its bestexplanation we have ameasuref theintentionality
or goal-directednessf thattrajectory Finally, the costis

thennormalisedby dividing by the numbe of framesthus
far. This statisticprovidesameasureC wherel C 0.

3 Using intentionality in a surveil-
lance context

In this sectionwe considerthe possiblewaysin which such
ameasurecanbe usedfor suneillancepurposesandways
in which we canevaluateits usefulnessThe evaluative ap-

proachfavouredhereis one which exploits a resut from

[12], who foundthatndve obsenersperformaswell asse-
curity guardswhenit comego anticipatingunusuabr crim-

inal behaiour. Giventhisresult,agroupof nave obserers
look ateadh trajectoryin our suwveillancefootage andrank
themon a scaleof 1 (uninteresting}o 5 (interesting). For

eachagent,a separatenovie containingonly thoseframes
of video which encompasshat agents trajectorywaspro-

ducedwith theagentof interestclearlyhighlightedthrough-
out. Voluntees were asked to rate eachagents behaiour

as detailedabove. For the carpark dataset,7 volunteers
(ns = 7) rankedthe 258trajectoriegn = 258 andfor the

PETSdataset,12 volunteers(ns = 12) ranked 22 trajec-
tories(n = 22). We proposeusingthe meanrank asan

indicationof the overall interestingnessf a trajectory;we

can cdculate correlationsbetweenthe output of the soft-

wareandthe humanranks(see[4] for a muchfuller treat-
mentof thisissue),andwe canuse the humanresultsto set
somethresholdbelov which we decreehattrajectoriesare
uninteresting.

3.1 Correlationresults

As this datais non-pararetric andon differentscalesthere
aretwo correlationstatisticswhich are applicable. These
areareSpearmars Rhoand Kendall's Tau[1l]. Spearmars
Rho(rs) is calculatedby rst rankingthedataandthenper
formingaPearsors prodwct momentcorrdation calculation
on the reaultantranksusing Equationl in which x; andy;
arematchedairsof ranks.

f= pp =i XY V)
[ L 20 L y)2

Kendalls Tau(Ty) operatedifferently Whilstit utilises
the sameunderlyinginformation(ranksof scores)jt is not
directly comparabldo Spearmars Rho. Insteadof relying
uponthe numericaldifferencebetweerranks,it only takes
accountof the relative orderingsof ranks. To calculateTy,
onemust rst work outthetotal numberof concordantind
discordantanksTheformulafor calculathg Ty is givenin
Equation2, in which Ty andTy arethetermscorrectingfor
tied ranks.
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PETS2004C CarparkC
I's Tk Is Tk
0.74| 0.56 | 0.43| 0.36

MeanHuman

Table1: Correlationstatisticscomparingthe meanhumanrank
with theC score

concordant R discordant

T = p |4
“ rln(n 1) Tx n(n 1) Ty

)

Thebetween-humanoorrelationmatricesshav thatthere
is ahighlevel of agreemenbetweerthesuljects.In thecar
parkdatasetall 21 Ty correlationcoefcients werepositive,
andsigni cant at the 0.0001(0.1%) level, aswerethe 21
rs measurementsln the PETS2004datasetusing Ty, 57
of the 66 measurementaeresigni cant at the 0.001(1%)
level, and 44 of thesewere also signi cant at the higher
0.0001(0.1%)level. r providedslightly lesssigni cant re-
sultswith only 48 of the PETS2004orrelationsbeingsig-
ni cant at0.00land33 alsoat0.0001.

Correlationsbetween the meanhumanranking andthe
machinegeneratedC scoreare shavn in Talde 1. Those
resultssigni cantatthe0.000l level areshown in boldface
andthosesigni cant atthe 0.001in italics. All correlations
arepositive andsigni cant.

3.2 Filtering

The applicationwe are consideringhere involves simple
thresholdingontheC scoreto removethosescenesn which
we arecertainnothingof interestis happening.If we seta
suitably low threshéd uponthe human ranks(H) belov
which we considerbehaiour to be unintelestingwe can
then determinewhetheror not our C scorecould be used
to autanaticallyrejectsomeproportionof theseclearlydull
behaiour paterns. Therearetwo waysin which this can
bedone.

1. Bytrajectory: Thisis thesimplestof themeasureswe
have trajectory-bytrajectoryindicationsof bothC and
humanopinion. This is lessrealisticthanthe second
optionasit fails to take into accountsituationswhere
morethanonepersonis in the scene.

2. By frame: This is a more complicatedmeasure as
it involves corverting by-trajectory measure®f cost
andhumanrark into by-framemeasuredy takingthe
highestscorirg trajectory per frame as a measureof
intentionalityfor thatframe. However it is amorere-
alistic approachaswithin real suneillancesituations
Itering would needto be baseduponwhole scenes
ratherthanindividual trajecbries.

The threshdd chosenfor H; is intenionally very low.
Theaim s to provide a Iter which will remove a propor
tion of completelyuninterestingfootagewhilst leaving as
muchaspossibleof theinterestingfootage. The valueof 2
waschosergfter inspectionof thevideosandconsideration
of the commentsmadeby the volunteerobserers. This
thresholdprovides us with 15 trajectorieswithin the car
parkdatesetwhich areconsideredo beinterestingand243
which we would wish to Iter out. Within the PETS2004
datasetthe samethrestold has 12 trajectorieswhich we
would wish to keepand10 which we shouldignore?.

Carparkdataset

PETS2004lataset

Figure4: Theeffectof thresholdingoy trajectory

Fromthechartsshavn in Figure4 it is clearthat Itering
on C scoresassuggesteavould presere anumberof unin-
terestingtrajectoriesaswell asthosewhich areconsidered
interesting- it would not be a gooddealof useasaninter
estingbehaiour detectorasthe numberof falsepositivess
high. However, given our staed aim of creatinga boring
behaiour rejectorthe resultsare much morepromising: it
is important to rejectasboringasmary trajectoriesaspos-
siblewhilst rejeding no interestingtrajectoriedy mistale.
Fromthecharts,athresholdof around0.09seemgo bethe
mosteffective, rejectingnoneof the interestingtrajectories

2Thelargedifferencen proportionof interestingoehaiourshereis due
to theslightly contrived natureof the PETS2004ataset



within the PETS2004dataset,andrejectingonly oneinter-
estingtrajectoryfrom the carpark datase{which turnsout
to beapersonusinganunusuakhortcut).

Carparkdataset

PETS2004ataset

Figure5: Theeffect of thresholdingoy frame

The resultsfor thresholding on a frame-by-framebasis
(shovnin Figure5) ratherthanuponentiretrajectorieshav
thata smallerproportionof the footagewould be rejected.
One possiblefactorin this is that thosetrajectorieswhich
areconsideedto beinterestingtendto belonger andhence
tendto in uence the C scoresof moreframes. This is ob-
vious andmatchesour initial hypothesiswell: agentswho
crossthe seenepurposefullyheadingdirectly to their goal
do not take long to crossthe eld of view of the camera.
Thechartsshavn in Figure5 supportour earliersuggestion
of athresholdon C of around0.09.

4 Summary and Conclusions

This paperhasshavn thata cognitive vision systemcould

usefully be usedin a surwillance applicationto automati-
cally ignorethosetrajecbrieswhich represenintentionally
explicable behaiour. On a trajectoryby trajectorybasis,
the sysem could be usedto exclude from surweillancethe
actionsof around60% of individualsin a typical outdoors
scene Sucha systemhasobviousapplicationsn realworld

suneillance,where hundredsof camerasexist but only a
small fraction canbe monitored. As it standsthe system
is applicableto scenesn which peopledo notlinger. How-
ever, theintroductionof inactivity zonesasin [10] couldex-
tendtheapplicability of the systento richerscenessuchas
thosecontainingATMs or other areaswherepeoplegather
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