
On the feasibility of usinga cognitivemodel to �lter surveillancedata

H. M. DeeandD. C. Hogg
Schoolof Computing
Universityof Leeds
Leeds,LS29JT, UK.

Abstract

Thispaperdescribesa novelapproach to theproblemof au-
tomatedvisualsurveillance. Theauthors haveextendedan
existingalgorithmwhich usesa cognitivemodelof naviga-
tion to explain behaviourin a surveillancesetting. We then
take this cognitivemodelandapply it to theproblemof �l-
tering surveillancedata: typically, a surveillanceor CCTV
installation will havea limited numberof operativesmon-
itoring a large numberof cameras. Theproposedsystem
�lter suponinexplicability scores,on thegroundsthat those
trajectorieswhich wecanexplain in termsof simplegoals
are exactly thosetrajectories which are uninteresting: it is
only thosewe cannotsimply explain which are worth at-
tendingto. Initial resultsare promising, with over 50% of
uninterestingtrajectoriesbeingexcluded.

1. Intr oduction
Currentreal-world surveillancesystemsarelabourintensive
andoften ineffectual. Full time monitoringof large num-
bersof camerasis prohibitively expensive so only a sub-
setof camerasareever actuallywatched. Thosecameras
which areunwatchedcanonly be usedfor reactive polic-
ing, that is, storedimagescan be usedasevidenceafter a
crimeis known to have occurred.If theattentionof CCTV
operativescouldbedirectedto thosecameraswheresome-
thing might behappening,thesystemcouldbeusedto di-
rectmoreproactivepolicing.

The questionof which camerasto watch is a dif�cult
oneto answer. Many existingsystemsinvolve theoperators
themselvesselectingwhichcamerasto monitor. This leaves
the systemopento abuseanddiscriminationin a way that
hasattracted the ire of humanrights andanti-surveillance
groups.Studiesshow thatCCTV operativesdecidingwhich
camerasto monitor areguidedlessby thebehaviour of the
peoplein the sceneandmoreby their appearance.This is
probably inevitable, given the snapdecisionswhich have
to bemade,with a small numberof operativesmonitoring
several hundredcameras.If the operative only hasa few
secondsin which to make their judgement,all they canre-
ally call uponarestaticcuessuchasappearance.A further

problemwith CCTV operatorsis the obvious oneof bore-
dom: in thevast majority of surveillancesituations,nothing
happens[11].

The “holy grail” of automatedsurveillanceis a system
which canmonitor hundredsof camerasat the same time
anddraw the attentionof operativesto thosefew cameras
wherea crime might be beingcommitted. To do this, we
would needsomeform of unusualbehaviour detector. A
numberof systemshave beenconstructedwhich go some
way towards addressingthis problem (see, for example,
[6, 9, 5]). Many of theseearliersystemshave beenclosely
tied to the geography of the scenewhich can limit their
applicationto changingenvironments. What theseprevi-
ousapproacheshave in commonis that they ignoretheun-
derlying intentional natureof the agentswithin the scene
– indeed,they areoften referredto asobjects, ratherthan
agents. Wearguethatif thebehaviour exhibitedby anagent
is explicablein termsof asimplemodelof goal-directedbe-
haviour, thenthatagentbeignored.

Thealgorithmpresentedhereis anextensionof thatpre-
sentedin [3, 4], appliedin a novel way. The paperbegins
with a description of the basicalgorithm (focussingupon
theextensions)andits underlying theoryfor completeness,
andgoesonto considertheuseof suchanalgorithmto pro-
videa �lter onsurveillancedata.

2 Measuring intentionality

The hypothesisthat this papersetsout to investigate is
whetheror not a measureof intentionalitycanbe usedas
a �lter on surveillancevideos.This hypothesisstemsfrom
theobservationthatwhenwatchingsurveillancevideos,one
of thequestionsweaskourselvesis “what arethey doing?”.
Thisquestion canbere-castfor each agentwithin thescene
as “what is that agent's goal?” In the context of visual
surveillance,by goalwearereferringto ageographicalgoal
suchasa door, or a parked car. As we hypothesiseabout
which of the geographicalgoalsin the scenearethe goals
of the agent, we formulatean explanationof that agent's
behaviour. If wecanexplainaway their actions,in termsof
oneof theknown geographicalgoalsin thescene,thentheir
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trajectorycanbeignored:they aresimply walkingtowards
a particular exit or car.

In afeaturelessscene- onewithoutobstacles- wewould
expectpeople to crossthescenein a straight line in thedi-
rectionof oneof the sceneexits. In a complicated scene
suchasa car-parkor a pedestrianisedarea,thereareobsta-
cleswhichaffectthepathspeoplechooseto takethroughthe
scene.Therearethreeaspectsof the scenewhich needto
bemodelledor capturedfor theintentionalityof theagents
to bein any waymeasurable:

� Thelocationanddirectionof travel of any agentsmov-
ing aroundwithin thescene

� A modeldescribingthelocationandextentof theexits
within thescene,asthesearethegoalswhich wil l be
usedto explainbehaviour

� A modeldescribingthelocationandextentof any ob-
stacleswithin thescene

Thequestionof whetheror not a particular agentis be-
having explicably for aparticularscenebecomesaquestion
of whether, givena particular arrangementof obstaclesthat
agentmight benavigatingaround thoseobstaclesto oneof
thescene's goals.

The two test scenesused in this paper are: the
“PETS2004”scene1 �lmed indoors,in a foyer, with actors;
andthe “car-park” scene�lmed outdoors. In the car-park
scene,6 of 258 trajectoriesrepresentthe behaviour of ac-
tors.Bothscenesare�lmed usingasinglestaticcamera.

Theagentswithin eachscenearetracked. In thecaseof
the PETS2004dataset,trackingdatawasprovided along-
sidethevideos.Theagentswithin thecar-parkscenewere
trackedusingamulti-purpose“blob-tracker” [7], setto out-
put the position of object centroidsin the image plane.
Somepost-processingwasrequiredto ensurea one-to-one
mappingbetweenobjectsin the sceneand tracker output.
Trajectorieswerethensmoothedusinga Kalman�lter , and
thevelocity vectorof theKalmansmoothingwasstoredfor
lateruse.Thisprovidesuswith � vemeasurementsfor each
agentfor each frame: x-position,y-position,time, andthe
x andy componentsof the velocity vector. Theseare the
only aspects of theagents'behavour fed into thenext stage
of processing– all appearance informationis discarded.

Within the car-park scene,the location and extent of
any exits are learnedfrom a training set of 200 pedes-
trian and car trajectories. As in [10] we �nd it conve-
nient to learn a representationof the exits from the col-
lectionof entranceandexit points usinga probabilityden-
sity expressedasa mixture of Gaussians.The modelsare
trained using Cootesand Taylor's Kernel version of the

1socalledbecauseit is from thePETS2004dataset,generatedaspart
of theECFundedCAVIAR project/IST200137540

Expectation-Maximisation(EM) algorithm [2], initialised
with K-means.Figure1 (a) shows the exit model learned
for thecar-parkscene. Due to insuf�cie nt data,this learn-
ing wasnot carriedout with thePETS2004dataset,andthe
exit modelwascreatedby hand.

(a)Exits (car-park) (b) Exits (PETS2004)

(c) Obstacles(car-park) (d) Obstacles(PETS2004)

(e)Scene(carpark) (f) Scene(PETS2004)

Figure1: Theexit model,obstaclemodelandscenefor thecar-
park(left) andPETS2004(right) scenes.

Theobstaclemodelis �rst handcrafted,by taking a still
imageof the sceneandmarkingthosesectionsthat agents
would not be ableto walk through or across(hedges,trees,
buildingsandsoon). This bitmappedmodelwasthencon-
vertedinto a polygonalrepresentationby straightline ap-
proximationasdetailedin [8]. As with theexit modeland
the tracksof the agent,the obstaclemodel is represented
within the imageplane.Theobstaclemodelsareshown in
Figure 1 (c) & (d). This is an extensionof the previous
work [3, 4] in which the obstaclemodel was represented
asa bitmap: usinga polygonalrepresentationescapesthe
problemswhich occur aroundthe sawtoothedcornersof
bitmappedobstaclesandalsopresentsan improvementin
computationalspeed.

2.1 Determining goal-directedness

In orderto capturesomethingof the way in which human
agentsnavigate througha scene,we usethe conceptof a
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sub-goal. We assumethatpeoplenavigatethrougha scene
in a piecewise linear fashion,turningat theverticesof ob-
stacles. If, for example,thereis oneobstaclebetween an
agentandtheir �nal goal,theagent�rst travelsin astraight
line towardsapointonor nearoneof theverticesof theob-
stacle,thenchangesdirection,thentravelsonwardstowards
their goal. Thesevirtual, intermediategoalsarewhat we
call sub-goals, andthey aretheplaceswithin ascenewhere
anagentmight chooseto changedirection.

The algorithmwe propose for measuringintentionality
hastwo mainphases:

� Firstly, we work out which goalswithin a scenemight
be targetsof a particularagentfor a particular frame,
by assigninga“state” to eachgoal for eachagent.The
statesrepresentwhetherthe agentis headedtowards
thegoalorawayfrom it, or whethertheagentis headed
towardsasub-goalwhichmighteventuallyleadto that
goal.

� Secondly, we considerthesegoalcategorisationsover
time and assigncost to those transitionsassociated
with movementaway from thatgoal. In this way, we
end up with a cost associatedwith eachgoal in the
sceneand the most likely goal for the agent hasthe
lowestcost.

To categorisethe goalswithin the scene,we �rst label
eachopen(i.e. non-obstacle)areaof thescene.Thepolyg-
onalobstaclemodel representstheobstaclesas a list of or-
deredverticesv , andwe know thepositionx anddirection
of travel � of eachagent. We can �nd the tangentialver-
ticesas follows: For eachobstaclewithin the scene,con-
sider eachvertex v i in turn taking a line from x through
that vertex. If the neighbouring vertices (v i + 1 andv i � 1 )
arebothon thesamesideof theline throughx andv , then
v is a tangentialvertex on thatobstable.In orderfor a tan-
gentialvertex to bea potentialsub-goal,it mustbevisible
from x, andthe agentmustbe headedtowardsit: that is,
theline from x to v mustnot passthroughany otherobsta-
cles.Visible tangentialverticesareconsideredsub-goalsif
theagentmight beheadedtowardsthem- that is, theangle
betweenx andv liesbetween� � 1 to � + 1.

Sub-sub-goalscanbe discoveredin an analogousfash-
ion simply by repeatingthe processwith the location of
the sub-goal in the placeof x, andthe polygonrepresent-
ing the areaalreadyvisible treatedasanother, virtual, ob-
stacle. The polygon of alreadyvisble spaceis treatedas
an obstableto prevent pathsto sub-sub-goalscrossingar-
easof the scenealreadyvisible. This procedureis then
continuedrecursively until the entire sceneis classi�ed.
This providesa signi�cant improvementover 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 thepicturenearthetop, represented as
a red dot with a line indicatingdirectionof travel. The polygon
of directly visible spaceis colouredwhite, andsuccessive levels
of sub-goalareaarerepresentedwith successively darker shades
of grey. Sub-goalsthemselvesareyellow dots,andthegreenlines
representpathsbetweensub-goals.Goalsarerepresentedin blue.

Theoutputof this stageof classi�cationis a completely
labelledscenefor each frame,which takesinto accountthe
currentpositionand directionof motionof theagent:it is a
form of agent-centricmap. Therearearethreetypesof re-
lationshipbetweenanagentandeach goal for eachframe,
whichcanbedeterminedfrom themapattheposition of the
goal Label(xg), and the angle� , which is the angle sub-
tendedby a line betweenthe positionof the goal xg , the
positionof theagentx, andtheagent's currentdirection� .
Theseare

1. S0; S1; S2; Sn : Thegoal is eitherdirectly visible and
the agentis headingtowardsit � 1 < � < 1; or the
goal is accessiblevia a sub-goal(or two, or three.. . )
Goalsin oneof thesestatesareapotentialexplanation
for theagents'trajectory.

2. D : The goal is directly visible to the agent;but they
areheadingaway from it: � > 1 or � < � 1.

3. N : Thegoalis notvisibleto theagent(it is ontheother
sideof anobstacle,andis not reachableby 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 order to determine
whetheror not a particulargoal is a viableexplanationfor
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the trajectoryasa whole. Essentially, we look at the pat-
tern of statetransitionsassociatedwith eachgoal in turn,
askingthe question“Is this a possibleexplanationfor the
agent'sbehaviour?”or “Could they beheadedtowardsthis
goal?”. With goalsneartheboundarybetweenlabels,noise
in the directionmeasurementcancausenoisein the cate-
gorisation.To minimisetheeffectsof this noise,classi�ca-
tion information is “smoothed”by voting over a � ve frame
moving window: for eachframe,thecategorisationof each
goal is replacedby the most commoncategorisation(the
mode).

Thosegoalswhichareconsistentor reasonableexplana-
tionsfor thebehaviour sofarwill bethosegoalswhosepat-
ternsof statetransitionsareconsistentwith motiontowards
thatgoal. In thesimplestcase,whereanagentcanseetheir
goal from theoutsetandheadsdirectly towardsit, thegoal
would be in state S0 from the startof the trajectoryto the
�nish. If, however, anagent's �nal goal is two levelsof in-
directionawwayfrom hisor herstart positionwecanexpect
a patternof transitionsof the sort S2 ! S1 ! S0, prob-
ably stayingin any or all of thesestatesfor somenumber
of frames. To createa measureof intentionality, we asso-
ciateacostwith thosestatetransitionsassociatedwith travel
away from aparticular goal.Thus,simplegoal-directedbe-
haviour of moving-towards is cost-free,andbehaviour in-
consistentwith a particulargoal implies a penalty. Costs
arecalculatedfor eachgoalwithin thesceneusingthestate
transitiondiagramshown in Figure3, 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 surveillancesituation. It would be possible,for
example,to labelparticulargoalsor areasof sceneasbeing
“suspect”,and to �lter the surveillancedataon this basis.
Whatweproposehowever is amoregeneralapproach.Tak-
ing thelowestcostgoalfor a trajectoryasbeingthecostof
its bestexplanation, wehaveameasureof theintentionality
or goal-directednessof that trajectory. Finally, the cost is

thennormalisedby dividing by thenumber of framesthus
far. ThisstatisticprovidesameasureC where1 � C � 0.

3 Using intentionality in a surveil-
lancecontext

In thissectionweconsiderthepossiblewaysin whichsuch
a measurecanbeusedfor surveillancepurposes,andways
in which we canevaluateits usefulness.Theevaluative ap-
proachfavouredhereis one which exploits a result from
[12], who foundthatnä�veobserversperformaswell asse-
curity guardswhenit comesto anticipatingunusualor crim-
inal behaviour. Giventhis result,agroupof nä�veobservers
look ateach trajectoryin oursurveillancefootage,andrank
themon a scaleof 1 (uninteresting)to 5 (interesting).For
eachagent,a separatemovie containingonly thoseframes
of video which encompassthatagent's trajectorywaspro-
ducedwith theagentof interestclearlyhighlightedthrough-
out. Volunteers wereasked to rate eachagent's behaviour
as detailedabove. For the car-park dataset,7 volunteers
(ns = 7) rankedthe258trajectories(n = 258) andfor the
PETSdataset,12 volunteers(ns = 12) ranked 22 trajec-
tories (n = 22). We proposeusing the meanrank as an
indicationof theoverall interestingnessof a trajectory;we
can calculate correlationsbetweenthe output of the soft-
wareandthehumanranks(see[4] for a muchfuller treat-
mentof this issue),andwe canuse thehumanresultsto set
somethresholdbelow which we decreethattrajectoriesare
uninteresting.

3.1 Corr elation results

As thisdatais non-parametricandondifferentscales,there
are two correlationstatisticswhich areapplicable. These
areareSpearman's Rhoand Kendall's Tau[1]. Spearman's
Rho(r s) is calculatedby �rst rankingthedataandthenper-
formingaPearson'sproductmomentcorrelationcalculation
on theresultant ranksusingEquation1 in which x i andyi

arematchedpairsof ranks.

r s =
P n

i =1 (x i � �x)(yi � �y)
p

[
P n

i =1 (x i � �x)2][
P n

i =1 (yi � �y)2]
(1)

Kendall'sTau(Tk ) operatesdifferently. Whilst it utilises
thesameunderlyinginformation(ranksof scores),it is not
directly comparableto Spearman's Rho. Insteadof relying
uponthenumericaldifferencebetweenranks,it only takes
accountof therelative orderingsof ranks.To calculateTk ,
onemust�rst work out thetotal numberof concordantand
discordantranksTheformulafor calculating Tk is givenin
Equation2, in whichTx andTy arethetermscorrectingfor
tied ranks.
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PETS2004C Car-parkC
r s Tk r s Tk

MeanHuman 0.74 0.56 0.43 0.36

Table1: Correlationstatisticscomparingthe meanhumanrank
with theC score

Tk =
concordant � discordant

p
n(n � 1) � Tx

p
n(n � 1) � Ty

(2)

Thebetween-humancorrelationmatricesshow thatthere
is ahighlevel of agreementbetweenthesubjects.In thecar-
parkdataset,all 21Tk correlationcoef�cients werepositive,
andsigni�cant at the 0.0001(0.1%) level, aswere the 21
r s measurements.In the PETS2004dataset,usingTk , 57
of the66 measurementsweresigni�cant at the0.001(1%)
level, and 44 of thesewere also signi�cant at the higher
0.0001(0.1%)level. r s providedslightly lesssigni�cant re-
sultswith only 48 of thePETS2004correlationsbeingsig-
ni�cant at0.001and33alsoat0.0001.

Correlationsbetween the meanhumanrankingandthe
machinegeneratedC scoreare shown in Table 1. Those
resultssigni� cantat the0.0001 level areshown in boldface
andthosesigni�cant at the0.001in italics. All correlations
arepositiveandsigni�cant.

3.2 Filtering

The applicationwe are consideringhere involves simple
thresholdingontheC scoreto removethosescenesin which
we arecertainnothingof interestis happening.If we seta
suitably low threshold upon the human ranks(H t ) below
which we considerbehaviour to be uninterestingwe can
thendeterminewhetheror not our C scorecould be used
to automaticallyrejectsomeproportionof theseclearlydull
behaviour patterns. Therearetwo waysin which this can
bedone.

1. Bytrajectory:Thisis thesimplestof themeasures- we
havetrajectory-by-trajectoryindicationsof bothC and
humanopinion. This is lessrealistic thanthe second
optionasit fails to take into accountsituationswhere
morethanonepersonis in thescene.

2. By frame: This is a more complicatedmeasure,as
it involves converting by-trajectorymeasuresof cost
andhumanrank into by-framemeasuresby takingthe
highestscoring trajectoryper frame as a measureof
intentionalityfor that frame. However it is a morere-
alistic approach,aswithin real surveillancesituations
�ltering would needto be basedupon whole scenes
ratherthanindividual trajectories.

The threshold chosenfor H t is intentionally very low.
The aim is to provide a �lter which will remove a propor-
tion of completelyuninterestingfootagewhilst leaving as
muchaspossibleof theinterestingfootage.Thevalueof 2
waschosenafter inspectionof thevideosandconsideration
of the commentsmadeby the volunteerobservers. This
thresholdprovides us with 15 trajectorieswithin the car-
parkdatasetwhichareconsideredto beinterestingand243
which we would wish to �lter out. Within the PETS2004
datasetthe samethreshold has 12 trajectorieswhich we
wouldwish to keepand10which weshouldignore2.

Car-parkdataset

PETS2004dataset

Figure4: Theeffectof thresholdingby trajectory

Fromthechartsshown in Figure4 it is clearthat�ltering
onC scoresassuggestedwouldpreserveanumberof unin-
terestingtrajectoriesaswell asthosewhich areconsidered
interesting- it would not bea gooddealof useasan inter-
estingbehaviour detectorasthenumberof falsepositivesis
high. However, given our stated aim of creatinga boring
behaviour rejectorthe resultsaremuch morepromising: it
is important to rejectasboringasmany trajectoriesaspos-
siblewhilst rejecting no interestingtrajectoriesby mistake.
Fromthecharts,a thresholdof around0.09seemsto bethe
mosteffective, rejectingnoneof theinterestingtrajectories

2Thelargedifferencein proportionof interestingbehaviourshereis due
to theslightly contrivednatureof thePETS2004dataset

5



within thePETS2004dataset,andrejectingonly oneinter-
estingtrajectoryfrom the car-parkdataset(which turnsout
to beapersonusinganunusualshortcut).

Car-parkdataset

PETS2004dataset

Figure5: Theeffectof thresholdingby frame

The resultsfor thresholding on a frame-by-framebasis
(shown in Figure5) ratherthanuponentiretrajectoriesshow
thata smallerproportionof the footagewould be rejected.
Onepossiblefactor in this is that thosetrajectorieswhich
areconsideredto beinterestingtendto belonger, andhence
tendto in�uence theC scoresof moreframes.This is ob-
vious andmatchesour initial hypothesiswell: agentswho
crossthe scenepurposefullyheadingdirectly to their goal
do not take long to crossthe �eld of view of the camera.
Thechartsshown in Figure5 supportourearliersuggestion
of a thresholdonC of around0.09.

4 Summary and Conclusions

This paperhasshown thata cognitive vision systemcould
usefully be usedin a surveillanceapplicationto automati-
cally ignorethosetrajectorieswhich representintentionally
explicable behaviour. On a trajectoryby trajectorybasis,
the system could be usedto excludefrom surveillancethe
actionsof around60%of individualsin a typical outdoors
scene.Suchasystemhasobviousapplicationsin realworld

surveillance,wherehundredsof camerasexist but only a
small fraction canbe monitored. As it stands,the system
is applicableto scenesin which peopledo not linger. How-
ever, theintroductionof inactivityzonesasin [10] couldex-
tendtheapplicabilityof thesystemto richerscenes,suchas
thosecontainingATMs or otherareaswherepeoplegather.
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