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Abstract

This paperpresentsa novel approach to evaluatingthe
detectionof unusualor interestingeventsin videosinvolv-
ing certain typesof humanbehaviour, such as pedestrian
scenes.Theholy grail of computervision for surveillance
canbethoughtof asan interestingor unusualeventdetec-
tor which whengivenan input videostream,outputssome
form of alarm whenever anythingunusualhappensinside
its �eld of view. This paperaddressesthequestionof how
wewouldgo aboutevaluatingsuch a system,suggestsone
possibleevaluativeschema,andpresentsanexampleof this
evaluativeprocedurein useona prototypeInterestingEvent
Detector.

1 Intr oduction

Whenyou monitora pedestrianscene,a numberof dif-
ferent behaviour patternscan be observed. Peoplewalk
alongpathwaysandcarsaredrivenalongroads,andocca-
sionallypeoplewill take shortcutsor get into a caror stop
for a chat. Very occasionally, someonewill do something
different or interesting– somethingthat doesnot �t our
generalunderstandingof whatbehaviour peopleexhibit in
thatscene.Humansareverygoodat detectingsuchevents,
but are not so good at articulatingwhat exactly it is that
makessucheventsunusualor interesting.It is worth mak-
ing thedistinctionbetweeneventswhichareinterestingand
eventswhich areatypical - mostComputerVision systems
for surveillanceattemptto detectthelatter, whereashumans
aremuchmoreinterested(by de�nition) in theformer. It is
easyto imaginea systemwhich would ring an alarmif a
pedestrianstrayedfrom apath.But if thepathwasblocked,
this behaviour, althoughatypical,would not reallybeinter-
esting.

A numberof systemshave beenconstructedwhich can

be portrayedasattemptsat identifying suchevents. Many
systemsare actually designedto do somethingelse, and
atypicalitydetectionemergesasa“bonus”feature:by mod-
elling a particularfeatureof the environment(pathusage,
patternsof pedestrianmotion over time etc.) and deter-
mining which instancesdo not �t themodel,someform of
interesting-eventdetectorhasmagicallybeenconstructed.

One approachis exempli�ed in [4], in which the typ-
icality or otherwiseof pedestriantrajectoriesis assessed
baseduponlearnedmodelsof absolutelocationandspeed
over time. In [6], a modelof the pathswithin a sceneis
constructedbasedupon the behaviour of pedestrians,and
this pathmodelcansubsequentlybeusedto detectunusual
trajectories. The relationshipsbetweenobjectscan also
be usedto judge typicality [7]. In [9] patternsof activity
are learnedat a site, and unusualevent detectionis per-
formedby spottingeventswhich do not �t the patternor
co-occurrencedata.In [3] “suspicious”behaviour is corre-
latedwith therapidheadmovements.

Determiningthe overall effectivenessof algorithmsof
this type hashistorically beenunsystematic. This is ac-
knowledgedby theauthorsof [9], whostatethey arework-
ing on methodsof evaluatingthe unusualevent detection
aspectof theirwork.

Evaluative techniquesat their simplestinvolve investi-
gatingthe problematiccasesby hand- looking at the out-
liers - andsaying“Yes,that's unusual”[9, 4]. Onemodel,
trainedon pedestrians,had a major outlier which turned
out to be a cyclist. This is, of course,con�rmation that
the modelprovidesa reasonablebasisfor the detectionof
strangepedestrianactivity, however, thecon�rmation such
evidenceprovidesis at bestanecdotal.It is alsocompletely
self-justifying- if we look at theexampleswhich do not �t
themodel,and�nd they areoddin someway, thenof course
they areinterestingto us- they �t ourframeof reference(or
rather, they don't �t our frameof reference)by de�nition.

Anothermeansof evaluatingsuchsystemsis throughthe



useof “actors” 1. Thesepeoplearerecordedbehaving in an
unusualfashion,andthesystemin questionis evaluatedon
its ability to singleoutthesequencesfeaturingthestrangely
behaving actors[3, 7, 4]. Problemswith this approachare
manifold,but all hingeuponthequestionof whoseideaof
interestingor unusualweare dealingwith. If thedecision
asto whatconstitutesunusualbehaviour is left upto theac-
tors,questionsaboutwho theactorsare,whattheir precon-
ceptionsof theprojectareandmostimportantly, their links
to thesoftwaredesigners,becomeparamount.If theactors
arelab-matesof thepaperauthor, do they know how theal-
gorithmin questionworks?Thealternativecase,wherethe
actorsare instructedby the systemdesigneron the nature
of unusualbehaviour, could be even worse- it is easyto
imagineascenarioin which theinstruction“We needsome
footageof supiciousbehaviour, likewalkingfrom carto car
acrossthe car park in a wavy line” is issued. This is not
exactlygoodscience.

ComputerVision systemsfor surveillancearegenerally
modelbased. And thingswhich do not �t the modelcan
only beclassedasunusualor interestingwith respectto that
model.Wecannotreallyclaimthateventswhichfall outside
themodelareinterestingor unusual- all we canreally say
aboutthemis just thatthey don't �t themodel.Thuswere-
ally cannotclaimany moreor lessfor theseinterestingevent
detectorsuntil wehaveamoreprincipledwayof evaluating
their performance.This paperproposesa way out of this
model-basedtrap - by providing a form of “ground-truth”
for interestingness.

2 Am I interestingor not?

Within the surveillancedomain,what we areinterested
in are eventswhich might be associatedwith criminal or
dangerousbehaviour. A recent study [10] investigates
whethersucheventscanbe predictedfrom CCTV footage
- that is , whetherit is possibleto distinguishsequences
wherea crime wasaboutto occurfrom neutralsequences.
The authorsconcludethat not only is it possible,but that
nä�ve observersperformaswell astrainedsecurityguards.
This suggeststhat thereis no learnedor innateability to
detectthetypeof eventssecurityguardsdetect.

Our centralassumptionis that benchmarkingagainsta
numberof humansis an improvementover relying on the
author, actors,or serendipityto provide somemeasureof
theinterestingnessor otherwiseof thedataset.

The evaluative schemawe proposeinvolvesrequiringa
numberof volunteers(in this case,undergraduateandpost-
graduatestudentswith no knowledgeof the projectbeing
evaluated)to rankthebehaviour of eachagentin thescene

1Theseactorsoftenlook suspiciouslylike computervision postgradu-
ates.

in question.To assistin this task,separatevideosarepro-
ducedfor eachagentcontainingonly thoseframesof video
encompassingthe agent's trajectory. A highlight indicates
exactly theagentwe areinterestedin - this makesthecog-
nitive taskof thoseevaluatingmucheasierin sceneswith
multiple,occludedagents.

Volunteersareaskedto ratethe“interestingness”of these
videoson a scaleof 1 to 5. The instructionsgiven to the
volunteerswereasfollows:

“If you were a security guard, would you re-
gard thebehaviourof theagenthighlightedin this
videoas interesting? Pleaseindicateon the fol-
lowing questionnaire, with onebeinguninterest-
ing and�ve beinginteresting.”

Volunteerswerealsoinvitedto notedown any comments
they wishedto makeaboutany of thevideos.

An averageof thescoresfrom thehumanrankersis then
assumedto provide a simplemeasureof “interestingness”:
we choosethe median,asthis is lesssensitive to outliers.
We canthencompareit directly to the outputof any ma-
chine generatedindication of typicality, and if we want
our systemto outputa binarydecision(interesting,or not)
we canuseROC graphsto assistin thedeterminationof a
threshold.

However, themedianis just onestatisticwecanuse:the
advantageof having theopinionsof a numberof peopleis
that thereis a richnessof informationwe can incorporate
into our evaluations. We can, for example,calculatethe
correlationstatistics- both within thehumanset(to deter-
mineconsistency within thesetof humanrankers)andbe-
tweenthesetof humanrankingsandthemachinegenerated
statistic. The correlationstatisticapplicableto this datais
Spearman's Rho [1], asthe datais clearly non-parametric
and on different scales- that is to say that any computer
generatedstatisticis unlikely to mapdirectlyontoa1-5rat-
ing of interestingness.Nevertheless,if thosevideosrated
highly by thecomputerarethosevideosratedhighly by the
humanvolunteersthis is a positiveresult.

Spearman's Rho is a similar calculationto theproduct-
momentcorrelation(sometimescalled Pearson's), except
Spearman's operateson ranked data. Given ranked data,
Spearman'scanbecalculatedusingthefollowing formula:

rs �

1 �

6å n
i � 1d2

i

n � n2
� 1�

Wheren is thenumberof videos,andd is thedifference
betweenthe matchedpairsof ranks. Spearman's Rho can
betestedfor signi�cance:for smallvaluesof n, rs hasanon
standarddistribution andspeci�c tablesmustbe used.For
large(n � 10) valuesof n the following functionof rs fol-
lows approximatelythedistribution of a t-teststatisticwith
n � 2 degreesof freedom:
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Theresultantvaluets canbecomparedagainstany stan-
dardstatisticaltablesfor signi�cancetesting.

As well asthe possibility of performinga rangeof sta-
tistical testswe have a wealthof qualitative informationin
the form of commentsmadeby the subjectsas they were
rankingthedataset.Thesecanhelpin instanceswheredis-
agreementoccurs- for example,in oneoutdoorsscenario
an objectwasreportedasbeinghighly interestingby sev-
eralsubjects,but thetrajectorytakenby thatobjectwasvery
dull. Inspectionof their formsrevealedthat it wasinterest-
ing becauseit wasanambulance.

3 The evaluativeschemaapplied to the PETS
dataset

A subsetof the PETS2004datasetwas used in this
study.2 Thisconsistsof pedestrianfootage�lmed in afoyer
situation,with actorsperformingvariousrolessuchasmeet-
ing, walking,�ghting andbrowsing.Includedin thedataset
arevariouspeoplewe assumeare bystanders.As we are
only interestedin evaluatinghighlevel classi�cationsof be-
haviour (andnot tracking),we only considerthosevideos
for whichgroundtruth hasalreadybeenprovided.We then
exclude thoseagentswhosetrajectoriesare only partially
coveredby the video, and thoseagentswho hover on the
periphery. In short,weonly analysethemainactorsin each
scene,andthosebystanderswhosetrajectoriesareshown in
full. Thisleavesuswith atotalof 23agentsfrom 12movies.
Thesearelisted in detail, alongsidean imageshowing the
pathof thetrajectory, in AppendixA attheendof thispaper.

The 12 original videosareusedto produce23 (n
�

23)
labelledvideos.Thesewerepresentedto 12 subjects(ns �

12), who ratedeachon the1-5 scaleasdetailedin Section
2. Spearman's Rho wascalculatedfor eachpair of human

raters,giving a correlationmatrix with 66 entries( n2
s 	

ns
2 ).

All of thesecorrelationswere positive, and 62 of the 66
weresigni�cantly positiveat the0.05level. Thismeanswe
can safely assumethat the groupof humansare in broad
agreementaboutwhichclips areinteresting.

It is interestingto take a closerlook at thebehaviour of
thoseagentswherethehumanrankerswerein disagreement
- wherethestandarddeviation of thehumanscoresis high.
Someof theseweredue to partial trajectories,and to the
inclusionof peoplesuchasID1 from Walk3.mpg,who en-
teredthescenethenimmediatelyturnedaroundandleft (we
assumehewasa passer-by, perhapsput off by thecamera).

2Thisdatacomesfrom from theECFundedCAVIAR project/IST2001
37540

In particular, therearefour casesin particularwherethehu-
manrankingsrangefrom lowest(1) to highest(5) andit is
worth investigatingthesein a little moredetail:


 ID 0 fr om Walk1.mpg: StandardDeviation = 1.07.
In this movie clip, the agentwalks out andwavesat
the camera,then leaves the sceneby the samedoor
they camein from. Theactorin thisclip is presumably
signallingto the camerapersonthat they arereadyto
go,althoughthiswasnot clearfrom context.


 ID 0 fr om Rest SlumpOnFloor.mpg: StandardDevi-
ation= 1.48. In this movie, theagentwalksout of the
scene(theclip clearlystartsbeforetheactoris ready)
thenre-enters,crossesto theobjectontheleft, thensits
on the�oor for a shortwhile beforeleaving. Someof
thesubjectsthink thatsitting on the�oor wasuninter-
esting.


 ID 1 fr om Meet WalkSplit.mpg: StandardDeviation
= 1.62. This clip andthefollowing featureagentsen-
tering the scenefrom differentdoors,meetingin the
middle, andthenleaving from differentdoors. Com-
mentsby thosesubjectswho ratedtheseclips highly
indicatethat they thoughta packagewas passedbe-
tween the two actors - which would be suspicious
giventheinstructionsto subjects.


 ID 3 fr om Meet WalkSplit.mpg: StandardDeviation
= 1.56.Seeabove.

Thattherewasdisgreementbetweenthehumansubjects
on someof the clips shouldnot be seenasa drawbackto
this evaluative schema- indeed,oneof the reasonsfor in-
cludinganumberof subjectsis to allow for suchdifferences
anddisagreements.Thesehelpprovidea richerframework
againstwhich to evaluateoursoftware.

4 A prototype interestingeventdetector

The interestingevent detectorwe will useasa demon-
strationis inspiredDennett's large bodyof work on inten-
tional explanation(for example,[2]), which describesdif-
ferentwaysof thinkingaboutandexplainingthebehaviour
of agents. It is hopedthat this system,when completed,
will provide a new way of thinking aboutthe problemof
behaviour modellingin thesurveillancedomain.However,
it is still at the prototypestageandwe will just sketchan
overview of its operationhere.

Our systemtries to work out wherethe agentmight be
heading,andcombinesthishypothesiswith asimplemodel
of the way in which peopleintentionallynavigatetowards
thegeographicalgoalsin a scene.In our original formula-
tion, thehypothesisaboutwheretheagentmaybeheading



(a)Exits (b) Obstacles

(c) Scene

Figure 1. The exit model, obstac le model and
scene .

is built up usinginformationfrom a persontracker [5], an
obstaclemodel and an exit model, but in the current im-
plementationwe simply usethe groundtruth information
provided (speci�cally, the positionof the object centroid)
for theagent'sposition(x). WeapplyaKalman�lter to this
andstorethedirectionalcomponentto obtainanestimateof
directionof travel q.

All calculationsarecarriedout in the imageplane,and
we make the simpifying assumptionthat the wide-angle
lenseusedto capturethePETS2004datasetswill not have
asigni�cant effectonour calculations.

Centralto our approachis theconceptof a goal. We de-
�ne goalsasplaceswherethe agentcanleave the scene-
doorsandexits - or to borrow terminologyfrom Ellis and
Xu [11] “Long-term Occlusions”or “Border Occlusions”.
In thetypesof pedestrianscenetypically subjectto surveil-
lance,theseare the goalsof the agentstherein- in a car
park, thepedestriangoalsareeithertheir carsor thedoor;
in a generalpedestrianscenelike a shoppingmall or the
foyer of a researchinstitute, the goalsare the exits of the
scene,andperhapssomeotherform of attractionsuchasan
informationdeskor an ATM machine. The goalsfor any
particularscenecanbelearned,if enoughexamplefootage
is present.In thecurrentexperimentthePETS2004dataset
(which featuresa numberof shortvideos)doesnot provide
the body of data requiredfor learningto take place,and
so the exit modelwashandcrafted. This consistssimply

of rectangularboxesrepresentingeachexit. The obstacle
modelis similarly handcrafted,but for computationalrea-
sonsdoesnot have to be regularandis simply storedasa
bitmap. Figure1 shows thesemodelsandan imageof the
scene.

Our centralassumptionis thatpeoplemoveconsistently
towardstheirgoal. If thereis anobstaclebetweentheagent
andtheir goal,virtual “sub-goals”areconstructedin places
wheretheagentmightbeableto seemoreof thescenethan
they currentlycan- thus,sub-goalsareconstructedon the
edgeof obstacles,in placeswheretheagentwould beable
to seefurtheraroundtheobstacle.Fromeachsub-goal,we
computewhich goalswould bevisible if theagentwereat
thatpoint,andalsoany sub-sub-goals.And from eachsub-
sub-goal,wecomputewhichfurthergoalswouldbevisible.
Thus for eachgoal xg within the scenewe candetermine
whetherthatgoalis directly visible,or whetherit would be
visible by turning a corner, or whetherit would be visible
by turning two corners(in the currentimplementationwe
stopcomputationat two levelsof sub-goalanalysis).This
takesthe form of a label - Label� xg � - which canhave the
valuesV, for thosegoalswhich aredirectly visible; N, for
thosegoalswhich are not visible at all, and S1 or S2 for
thosegoalswhichareaccessiblevia a sub-goalor two.

Indeed,therearefour possiblerelationshipsbetweenan
agentand eachgoal for eachframe, which can be deter-
minedfrom thelabelof thepixel at thepositionof thegoal
Label� xg � , andthe anglef , which is the anglesubtended
by a line betweenthe positionof the goal xg, the position
of theagentx, andtheagent's currentdirectionestimateq.
Theseare:

1. A: Thegoalis directlyvisible: Label� xg �

�

V; andthe
agentis headingtowardsit 1 � f ��� 1. g2 is in this
statein Figure2.

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

�

V; but they are headingaway from it:
f � 1 or f �
� 1. g4 is in this statein Figure2.

3. N: Thegoalis not visible to theagent:Label� xg �

�

N
(it is on theothersideof anobstacle,andis not reach-
able by meansof a sub-goal). g3 is in this statein
Figure2.

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

�

Sn. g1
is in stateS1 in Figure2.

Giventheseframe-by-frameclassi�cationsfor eachgoal,
wecanbuild anideaof how likely - or rather, unlikely - that
goalis asanexplanationfor thetrajectoryasa whole. This
is doneby associatinga costwith certainstatetransitions.
Thediagramin Figure3 showscostsassociatedwith transi-
tionsin thecurrentmodel.



Obstacle(O)

Directpathheadedaway (V, laterD)

Directpathheadedtowards(V, laterA)

Reachablevia sub-goal(S1)

Reachablevia sub-sub-goal(S2)

Figure 2. An example of the sub­goal al­
gorithm in action in an outdoor pedestrian
scene . The agent is represented by a white
dot and a white arrow (corresponding to its
velocity vector); white dots with black cen­
tres are sub­goals; the obstac le model is
sho wn in black; areas whic h are not visi­
ble (either directl y or via a sub­goal or two)
in white; areas shaded very light grey rep­
resent areas directl y visib le and headed to­
wards; darker shades of grey represent areas
of the scene accessib le onl y via sub­goals or
sub­sub­goals; very dark grey represents ar­
eas directl y visib le but not within the angle
of vision; g1, g2, g3 and g4 are example goals
referred to in section 4.

Applying costsaslaid out in Figure3 providesus with
a costfor eachgoal within the scene,andthat costcanbe
thoughtof asrepresentingthe numberof framesin which
theagent'sbehaviour is inconsistentwith travel towardsthat
particulargoal. Thesecostsare then divided by the total
lengthof thetrajectoryto provide a statisticwhich is com-
parableacrossagents.Finally, we needto simplify matters
andprovidea singlecostfor eachactor. If thesystemwere
fully recursive andwe wereableto work out the �nal exit
for eachagent,thecostassociatedwith the�nal exit would
bean alternative measure.However, in thecurrentdataset
therearesometrajectorieswhich �nish whilst theagentis
still in view of thecamera,makingthis statisticunreliable.
Thehighestcostor averagecostwould beinappropriate,as
it is possiblefor perfectlyuninterestingtrajectoriesto avoid
oneor moreexits completely;thesewould have very high

Figure 3. State transition diagram indicating
the cost of each transition. Those transi­
tions whic h are free (drawn with thic k lines)
are those associated with progress towards
the par ticular goal; those with a cost are
those associated with movement away from
the goal

costsindeed- this would alsoaffect any attemptto usethe
averagecostor someotheraggregatescoreover all goals.
Therefore,in thecurrentsituation,thebestchoicefor asin-
glecostis thelowestcost.

We canthink of the Cost%statisticasrepresentingthe
percentageof framesin whichtheagents'travel wasincon-
sistentwith motion towardstheir mostlikely goal. Cost%
scoresfor the PETS2004datasetaresetout in full in Ap-
pendix A. The next sectionof this paperdiscussesways
in which our Cost% statistic can be comparedwith the
“groundtruth” scoresdiscussedin section3. It is worthnot-
ing thatwith simplesceneswithoutobstacles,thealgorithm
just describedsimpli�es to straightestpath and the sub-
goal mechanismdoesnot make any differenceto the out-
put. For severalof thesimplertrajectoriesin thePETS2004
datasetthis wasindeedthe case,andthe power of the ap-
proachwouldbebetterdemonstratedin amorecomplicated
scenewith multiple obstacles.Thatsaid,theresultson the
PETS2004datasetarestill promisingandworthdiscussion.

5 The prototypeevaluated

The questionwe now have to addressis how well our
prototyperesultsagreewith the resultsof the subjectsde-
tailed in Section3. Firstly, we can calculateSpearman's
Rho- rs - thecorrelationcoef�cient, betweenthecomputer
generatedCost%statisticandthehumansubjects,andbe-
tweentheCost%andthehumanmeanandmedian(making
theassumptionthatit is appropriateto reify theaveragesin
thisway). Thecorrelationstatisticrs andthet-statisticts are



Correlationwith rs ts
H1 0.639 3.807
H2 0.679 4.234
H3 0.408 2.05
H4 0.353 1.729
H5 0.507 2.692
H6 0.453 2.329
H7 0.277 1.319
H8 0.292 1.4
H9 0.386 1.917
H10 0.319 1.542
H11 0.47 2.439
H12 0.626 3.676
MedianHuman 0.607 3.499
MeanHuman 0.639 3.810

Table 1. Correlation statistics for the Cost%
score against each individual subject and the
human averages. Those values whic h are
statisticall y signi�cant at the 0.05 level are
highlighted in boldface , and those whic h are
signi�cant at the 0.1 level but not the 0.05 in
italics.

setout in Table1.
The signi�cance levels for ts with n

�

23 are 1.721at
the10% level and2.080at the5% level. As is clearfrom
Table1 the correlationwith the averagehumanis statisti-
cally signi�cant. In Figure4 we have drawn the graphof
Cost%andthemedianhumanscoreby videoclip (sorting
thevideoclips by median)it is clearthat thoseclips rated
highly by humansgenerallyscoredhighly on the machine
generatedstatisticaswell. Thisgraphalsoenablesusto see
theanomalouscasesclearly.

The spike labelled A in Figure 4 correspondsto
Meet WalkTogether1.mpgid 2. In this clip, the agenten-
tersfrom oneside,meetssomeone,changesdirectionand
headstowardsanexit - hedoesnot actuallyexit thescene,
but turnsaroundandcomesa shortway backinto thefoyer
beforethe video cuts off. We assumethat this is an arti-
fact of video editing - it is de�nitely strangebehaviour if
not. Giventhatoursystemcanbethoughtof asproviding a
measureof behaviour consistency, it is acceptablefor it to
pick uponsuchartifacts.

The spikes labelled B and C in Figure 4 correspond
to Meet WalkSplit.mpg. Thesetrajectoriesareboth quite
complicated,involving �rst moving towardstheotheragent
in thesceneandthenmoving towardsanexit (differentex-
its in eachcase).This is anaspectof our softwarethatwe
hopeto addressin future- speci�cally, makingothertracked
agentswithin thescenelegitimategoalsin themselves.This

 0

 1

 2

 3

 4

 5

 0  5  10  15  20  25

R
an

ks

B C

D

A
Median
Cost%

Figure 4. A comparison of the Cost% statistic
and the median human rankings. Cost% has
been scaled, in order to place both outputs in
the same rang e (1­5). The x­axis values are
ordered by median.

is oneof theclips highlightedfor attentionin Section3 as
beinga videowith high varianceamongsthumanrankers.

ThetroughlabelledD in Figure4 correspondsto id 6 in
Fight RunAway1.mpg.This agententersthescenemoving
quite rapidly, hasa play-�ght with anotheragent(lasting
just a few seconds),thenrunsacrossto the exit opposite.
His trajectoryis essentiallyastraightline with aslight kink
in themiddle,andasour softwareoperatessolely on indi-
vidual trajectoriesdoesnot pick up on this behaviour. An
extensionto our systemwhich might copewith this would
beto take into accounttherelativepositionsof otheragents
in thescene.

6 Conclusions

Evaluation in ComputerVision should be aboutmore
than merely x � y� t. And even when evaluatingsomething
assimpleasx � y� t, it hasbeensuggested[8] thatrelianceon
just oneestimateis unwise. As we producemorecompli-
catedsystems,performinghigherlevel cognitive tasksthan
“simple” classi�cation or location,we needmorecompli-
cated,higher level evaluative techniques. If a systemis
presentedasa general-purposesurveillancesystem,or an
“InterestingEventDetector”,thenit shouldbeevaluatedas
such.Speci�cally, it shouldbeevaluatedin sucha way that
the opinionsandprejudicesof the designerscannotaffect
theevaluation.Evaluationby accident- simply notingthat
the eventsdetectedseemto be odd - is not goodenough.
Evaluationby actor - by engineeringtest caseswhich in-
volvepeoplebehaving strangely- is suspect,andevaluation
basedupontheopinionof thesystemauthoris alsounsatis-
factory. In this paper, we have presenteda novel approach



which usesa groupof nä�ve subjectswho togetherprovide
a rich backgroundagainstwhich theperformanceof anal-
gorithm can both be measuredstatisticallyand compared
qualitatively.

Thesoftwareoutlinedin thispaperis alsonovel, in thatit
adoptsahighlevel intentionalanalysisof whatis essentially
quite simple behaviour. Previous work consistsof analy-
sesof the resultantbehaviour: the fact that peoplefollow
similar trajectoriesacrossa scene[4] is becausethey have
similar goals; the fact that pathscan be approximatedby
trajectoryanalysis[6] is becausepathsjoin two goals.This
work attemptsinsteadto analysethecauseof thebehaviour
– thegoals– directly. Theinitial resultspresentedhereare
promising,andshow thatin principlesuchananalysiscould
beusedin apracticalsituationto providea �lter onsurveil-
lancedata.
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A Tableof agentsand results

Filename Id Image Description
Cost%
(Scaled)

Human
mean

Human
SD

Human
Median

Walk1.mpg 0
Walks in, waves at camera,goes
backthroughsamedoor

37.8
(3.52) 3.33 1.07 3.5

Walk1.mpg 1 Walksslowly acrossscene
8.57
(1.57) 1.25 0.45 1

Walk3.mpg 1
Walksout,turnsaround,walksback
throughsamedoor

38.1
(3.54) 2.08 1.16 2

Walk3.mpg 2 Walksslowly acrossscene
16.4
(2.09) 1.58 0.67 1.5

Meet WalkTogether1.mpg 1
Enters, meets, shakes hands,
changesdirection,exits

49.46
(4.3) 1.92 1.16 1.5

Meet WalkTogether1.mpg 2
Enters, meets, shakes hands,
changesdirection,exits

43.82
(3.92) 1.92 1.16 1.5

RestFallOnFloor.mpg 2
Enters in a wobbly fashion, falls
over, getsup andleaves

58.6
(4.91) 4.67 0.65 5

RestSlumpOnFloor.mpg 0
Leavesscene,re-enters,slumpson
�oor , leavessceneagain

58.52
(4.9) 3 1.48 3

Meet WalkSplit.mpg 1
Walks towards person, shakes
hands,turns,leavesscene

58.13
(4.88) 2.5 1.62 2

Meet WalkSplit.mpg 3
Walks towards person, shakes
hands,turns,leavesscene

36.31
(3.42) 2.33 1.56 2

Meet Crowd.mpg 0 Walksin straightline acrossscene
8.33
(1.56) 1.33 0.78 1

Meet Crowd.mpg 1 Walksin straightline acrossscene
11.95
(1.8) 1.5 0.67 1

Meet Crowd.mpg 2
Walks in relatively straight line
acrossscene

27.86
(2.86) 1.5 1 1

Meet Crowd.mpg 3
Walks in relatively straight line
acrossscene

29.67
(2.98) 1.58 1.16 1

Fight RunAway1.mpg 6 Walksin, �ghts, runsout
18.5
(2.23) 4.75 0.62 5

Fight RunAway1.mpg 7
Hangs around, Walks in, �ghts,
runsout

56.44
(4.76) 4.67 0.65 5

Fight OneManDown.mpg 4
Walks in, �ghts, runs in circles,
runsout

50
(4.33) 4.75 0.62 5

Fight OneManDown.mpg 5
Enters, gets fought with and
knockedover, leaves

55.43
(4.7) 4.33 1.15 5

BrowseWhileWaiting2.mpg 0 Wandersaimlessly
41.97
(3.8) 2.08 0.9 2

Browse4.mpg 1 Wandersaimlessly
33.62
(3.24) 1.92 0.9 2

Browse4.mpg 2 Walksdirectlyacrossscene
0
(1) 1.17 0.39 1

Browse2.mpg 1 Walksin, wavesatcamera,leaves
37.66
(3.51) 2.75 0.97 3

Browse2.mpg 3
Wanders towards bookshelves,
browses,leaves

58.87
(4.92) 1.67 0.78 1.5


