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Abstract

This paperpresentsa novel apprad to evaluatingthe
detectionof unusualor interestingeventsin videosinvolv-
ing certain typesof humanbehaviouy sudh as pedestrian
scenes.Theholy grail of computervision for surveillance
canbethoughtof asaninterestingor unusualeventdetec-
tor which whengivenan input video stream,outputssome
form of alarm wheneer anythingunusualhappensnside
its eld of view. This paperaddresseghe questionof how
wewould go aboutevaluatingsud a systemsuggestsone
possiblesvaluativeschema,andpresentan exampleof this
evaluativeproceduein useona prototypelnterestingevent
Detector

1 Intr oduction

Whenyou monitor a pedestriarscenea numberof dif-
ferent behaviour patternscan be obsened. Peoplewalk
alongpathwaysandcarsaredrivenalongroads,andocca-
sionally peoplewill take shortcutsor getinto a car or stop
for a chat. Very occasionallysomeonewill do something
differentor interesting— somethingthat doesnot t our
generalunderstandingf whatbehaiour peopleexhibit in
thatscene Humansarevery goodat detectingsuchevents,
but are not so good at articulatingwhat exactly it is that
makessucheventsunusualor interesting.It is worth mak-
ing thedistinctionbetweereventswhich areinterestingand
eventswhich areatypical - mostComputetVision systems
for sunweillanceattemptto detectthelatter, whereasiumans
aremuchmoreinterestedby de nition) in theformer. It is
easyto imaginea systemwhich would ring an alarmif a
pedestriarstrayedrom apath.But if the pathwasblocked,
this behariour, althoughatypical,would not really beinter-
esting.

A numberof systemshave beenconstructedvhich can

be portrayedas attemptsat identifying suchevents. Many
systemsare actually designedto do somethingelse, and
atypicalitydetectioremepgesasa“bonus”feature:by mod-
elling a particularfeatureof the ervironment(path usage,
patternsof pedestrianrmotion over time etc.) and deter
mining which instanceglo not t the model,someform of
interesting-gentdetectohasmagicallybeenconstructed.

One approachis exempli ed in [4], in which the typ-
icality or otherwiseof pedestriantrajectoriesis assessed
baseduponlearnedmodelsof absolutdocationandspeed
over time. In [6], a modelof the pathswithin a sceneis
constructedbaseduponthe behaiour of pedestriansand
this pathmodelcansubsequentlype usedto detectunusual
trajectories. The relationshipshetweenobjects can also
be usedto judgetypicality [7]. In [9] patternsof activity
are learnedat a site, and unusualevent detectionis per
formed by spottingeventswhich do not t the patternor
co-occurrencegata. In [3] “suspicious’behaiour is corre-
latedwith therapidheadmovements.

Determiningthe overall effectivenessof algorithmsof
this type has historically beenunsystematic. This is ac-
knowledgedby the authorsof [9], who statethey arework-
ing on methodsof evaluatingthe unusualevent detection
aspecbf theirwork.

Evaluatie techniquesat their simplestinvolve investi-
gatingthe problematiccaseshy hand- looking at the out-
liers - andsaying"Y es,that's unusual’[9, 4]. Onemodel,
trained on pedestrianshad a major outlier which turned
out to be a cyclist. This is, of course,con rmation that
the modelprovidesa reasonabléasisfor the detectionof
strangepedestriaractiity, however, the con rmation such
evidenceprovidesis at bestanecdotallt is alsocompletely
self-justifying- if we look atthe exampleswhich do not t
themodel,and nd they areoddin someway, thenof course
they areinterestingo us- they t ourframeof referencgor
rather they don't t ourframeof reference)py de nition.

Anothermeanf evaluatingsuchsystemss throughthe



useof “actors” . Thesepeoplearerecordecbehaingin an
unusualfashion.andthe systemin questionis evaluatedon
its ability to singleoutthesequenceteaturingthestrangely
behaing actors[3, 7, 4]. Problemswith this approachare
manifold, but all hingeuponthe questionof whoseidea of
interestingor unusualwe are dealingwith. If the decision
asto whatconstitutesinusuabehaiour is left upto theac-
tors, questionsaboutwho the actorsare,whattheir precon-
ceptionsof the projectareandmostimportantly their links
to the softwaredesignershecomeparamountlf the actors
arelab-mateof the paperauthor do they know how theal-
gorithmin questionworks? Thealternatve casewherethe
actorsareinstructedby the systemdesigneron the nature
of unusualbehaiour, could be even worse- it is easyto
imagineascenaridn which theinstruction“We needsome
footageof supicioushehaiour, like walking from carto car
acrossthe car parkin a wavy line” is issued. This is not
exactly goodscience

ComputerVision systemdor suneillancearegenerally
modelbased. And thingswhich do not t the modelcan
only beclassedasunusuabr interestingwith respecto that
model.We cannotreally claimthateventswhichfall outside
the modelareinterestingor unusuat all we canreally say
aboutthemis justthatthey don't t themodel. Thuswere-
ally cannotclaimary moreor lessfor thesenterestingevent
detectorsuntil we have amoreprincipledway of evaluating
their performance.This paperproposesa way out of this
model-basedrap - by providing a form of “ground-truth”
for interestingness.

2 Am | interestingor not?

Within the surweillancedomain,whatwe areinterested
in are eventswhich might be associatedwvith criminal or
dangerousbehaiiour. A recentstudy [10] investigates
whethersucheventscanbe predictedfrom CCTV footage
- thatis , whetherit is possibleto distinguishsequences
wherea crime wasaboutto occurfrom neutralsequences.
The authorsconcludethat not only is it possible,but that
nave obsenersperformaswell astrainedsecurityguards.
This suggestghat thereis no learnedor innate ability to
detectthe type of eventssecurityguardsdetect.

Our centralassumptions that benchmarkingagainsta
numberof humansis animprovementover relying on the
author actors,or serendipityto provide somemeasureof
theinterestingneser otherwiseof the dataset.

The evaluative schemawe proposenvolvesrequiringa
numberof volunteergin this case undegraduateandpost-
graduatestudentswith no knowledge of the projectbeing
evaluated)o rankthe behaiour of eachagentin the scene

1Theseactorsoftenlook suspicioushlike computenision postgradu-
ates.

in question.To assistin this task,separatevideosare pro-

ducedfor eachagentcontainingonly thoseframesof video
encompassinthe agents trajectory A highlight indicates
exactly theagentwe areinterestedn - this makesthe cog-
nitive task of thoseevaluatingmuch easierin sceneawith

multiple, occludedagents.

Volunteersareasledto ratethe“interestingnessbf these
videoson a scaleof 1 to 5. Theinstructionsgivento the
volunteersvereasfollows:

“If you were a security guard, would you re-

gard thebehaviourof theagenthighlightedin this

videoas interesting? Pleaseindicate on the fol-

lowing questionnaie, with one being uninteest-

ing and ve beinginteresting’
Volunteersverealsoinvitedto notedown ary comments
they wishedto make aboutary of thevideos.

An averageof thescoredrom the humanrankersis then
assumedo provide a simplemeasuref “interestingness”:
we choosethe median,asthis is lesssensitve to outliers.
We canthencompareit directly to the outputof any ma-
chine generatedndication of typicality, and if we want
our systemto outputa binary decision(interesting,or not)
we canuseROC graphsto assistin the determinatiorof a
threshold.

However, the medianis just onestatisticwe canuse:the
adwantageof having the opinionsof a numberof peopleis
that thereis a richnessof informationwe canincorporate
into our evaluations. We can, for example, calculatethe
correlationstatistics- both within the humanset(to deter
mine consisteng within the setof humanrankers)andbe-
tweenthesetof humanrankingsandthe machinegenerated
statistic. The correlationstatisticapplicableto this datais
Spearmars Rho[1], asthe datais clearly non-parametric
and on differentscales- thatis to saythat ary computer
generatedtatisticis unlikely to mapdirectly ontoa 1-5rat-
ing of interestingnessNeverthelessif thosevideosrated
highly by thecomputerarethosevideosratedhighly by the
humanvolunteerghisis a positive result.

Spearmars Rhois a similar calculationto the product-
momentcorrelation (sometimescalled Pearsors), except
Spearmars operateson ranked data. Given ranked data,
Spearmars canbecalculatedusingthefollowing formula:
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Wheren is thenumberof videos,andd is thedifference
betweenthe matchedpairs of ranks. Spearmars Rho can
betestedor signi cance: for smallvaluesof n, rs hasanon
standardlistribution andspeci ¢ tablesmustbe used. For
large(n  10) valuesof n the following function of r fol-
lows approximatelthedistribution of a t-teststatisticwith
n 2degreesof freedom:
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Theresultantvaluets canbe comparecdagainstary stan-
dardstatisticaltablesfor signi cancetesting.

As well asthe possibility of performinga rangeof sta-
tistical testswe have a wealthof qualitative informationin
the form of commentamadeby the subjectsasthey were
rankingthe dataset.Thesecanhelpin instancesvheredis-
agreemenbccurs- for example,in one outdoorsscenario
an objectwasreportedasbeinghighly interestingby sev-
eralsubjectshutthetrajectorytakenby thatobjectwasvery
dull. Inspectionof their formsrevealedthatit wasinterest-
ing becausdt wasanamhulance.

3 Theevaluative schemaapplied to the PETS
dataset

A subsetof the PETS2004datasetwas usedin this
study? This consistof pedestriafootage Imed in afoyer
situationwith actorsperformingvariousrolessuchasmeet-
ing, walking, ghting andbrowsing.Includedin the dataset
arevariouspeoplewe assumeare bystanders.As we are
only interestedn evaluatinghighlevel classi cationsof be-
haviour (and not tracking), we only considerthosevideos
for which groundtruth hasalreadybeenprovided. We then
exclude thoseagentswhosetrajectoriesare only partially
coveredby the video, andthoseagentswho hover on the
periphery In short,we only analyseghemainactorsin each
sceneandthosebystandersvhosetrajectoriesareshovnin
full. Thisleavesuswith atotalof 23agentdrom 12 movies.
Thesearelistedin detail, alongsideanimageshawing the
pathof thetrajectoryin AppendixA attheendof thispaper

The 12 original videosare usedto produce23 (n  23)
labelledvideos. Thesewerepresentedo 12 subjecty(ng
12), who ratedeachon the 1-5 scaleasdetailedin Section
2. Spearmars Rhowascalculatedfor eachpair of human

raters,giving a correlationmatrix with 66 entries(@).
All of thesecorrelationswere positive, and 62 of the 66
weresigni cantly positive atthe 0.05level. This meanswve
can safely assumethat the group of humansarein broad
agreemendboutwhich clips areinteresting.

It is interestingto take a closerlook at the behaiour of
thoseagentsvherethehumarrankerswerein disagreement
- wherethe standardieviation of the humanscoresds high.
Someof thesewere dueto partial trajectories,andto the
inclusionof peoplesuchasID1 from Walk3.mpg,who en-
teredthescenghenimmediatelyturnedaroundandleft (we
assumeéie wasa passetby, perhapsgut off by the camera).

2This datacomesfrom from the EC FundedCAVIAR project/IST2001
37540

In particular therearefour casesn particularwherethehu-
manrankingsrangefrom lowest(1) to highest(5) andit is
worth investigatinghesein alittle moredetail:

ID 0 from Walkl.mpg: StandardDeviation = 1.07.
In this movie clip, the agentwalks out and waves at
the camera,then leaves the sceneby the samedoor
they camein from. Theactorin thisclip is presumably
signallingto the camergpersonthatthey arereadyto
go, althoughthiswasnot clearfrom context.

ID 0fromRestSlumpOnFloor.mpg: Standardevi-
ation= 1.48. In this movie, the agentwalks out of the
sceng(the clip clearly startsbeforethe actoris ready)
thenre-enterscrosseso theobjectontheleft, thensits
onthe oor for ashortwhile beforeleaving. Someof
the subjectghink thatsitting onthe oor wasuninter
esting.

ID 1from Meet WalkSplit.mpg: Standardeviation

=1.62. This clip andthe following featureagentsen-

tering the scenefrom differentdoors, meetingin the

middle, andthenleaving from differentdoors. Com-

mentsby thosesubjectswho ratedtheseclips highly

indicatethat they thoughta packagewas passede-

tween the two actors- which would be suspicious
giventheinstructionsto subjects.

ID 3 from Meet_ WalkSplit.mpg: Standardeviation
=1.56.Seeabove.

Thattherewasdisgreemenbetweerthe humansubjects
on someof the clips shouldnot be seenasa dravbackto
this evaluatve schema indeed,oneof the reasondor in-
cludinganumberof subjectds to allow for suchdifferences
anddisagreementsThesehelp provide aricherframeavork
againstwhich to evaluateour software.

4 A prototypeinterestingevent detector

The interestingevent detectorwe will useasa demon-
strationis inspiredDennetts large body of work on inten-
tional explanation(for example,[2]), which describedif-
ferentwaysof thinking aboutandexplainingthe behaiour
of agents. It is hopedthat this system,when completed,
will provide a new way of thinking aboutthe problemof
behaiour modellingin the surweillancedomain. However,
it is still at the prototypestageandwe will just sketchan
overview of its operationhere.

Our systemtries to work out wherethe agentmight be
headingandcombineghis hypothesisith a simplemodel
of the way in which peopleintentionally navigate towards
the geographicagoalsin a scene.In our original formula-
tion, the hypothesisaboutwherethe agentmay be heading
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(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 currentim-
plementatiorwe simply usethe groundtruth information
provided (speci cally, the position of the objectcentroid)
for theagents position(x). We applyaKalman lter to this
andstorethedirectionalcomponento obtainanestimateof
directionof travel q.

All calculationsare carriedout in the imageplane,and
we malke the simpifying assumptionthat the wide-angle
lenseusedto capturethe PETS2004datasetwill not have
asigni cant effecton our calculations.

Centralto our approachs the conceptof agoal. We de-
ne goalsasplaceswherethe agentcanleave the scene-
doorsandexits - or to borrow terminologyfrom Ellis and
Xu [11] “Long-term Occlusions”or “Border Occlusions”.
In thetypesof pedestriarsceneypically subjectto surweil-
lance,theseare the goalsof the agentstherein- in a car
park, the pedestriargoalsareeithertheir carsor the door;
in a generalpedestriarscenelike a shoppingmall or the
foyer of a researchnstitute, the goalsare the exits of the
sceneandperhapsomeotherform of attractionsuchasan
informationdeskor an ATM machine. The goalsfor ary
particularscenecanbelearned jf enoughexamplefootage
is presentIn the currentexperimentthe PETS2004]ataset
(which featuresa numberof shortvideos)doesnot provide
the body of datarequiredfor learningto take place,and
so the exit modelwas handcrafted. This consistssimply

of rectangulaboxesrepresentinggachexit. The obstacle
modelis similarly handcrafted,but for computationatea-
sonsdoesnot have to be regularandis simply storedasa
bitmap. Figure 1 shows thesemodelsand animageof the
scene.

Our centralassumptions thatpeoplemove consistently
towardstheir goal. If thereis anobstaclebetweertheagent
andtheir goal, virtual “sub-goals”areconstructedn places
wheretheagentmightbeableto seemoreof thescenghan
they currentlycan- thus,sub-goalsare constructedn the
edgeof obstaclesin placeswherethe agentwould be able
to seefurtheraroundthe obstacle.Fromeachsub-goalwe
computewhich goalswould bevisible if the agentwereat
thatpoint, andalsoary sub-sub-goalsAnd from eachsub-
sub-goalwe computewhich furthergoalswould bevisible.
Thusfor 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 levels of sub-goalanalysis). This
takesthe form of alabel- Label xg - which canhave the
valuesV, for thosegoalswhich aredirectly visible; N, for
thosegoalswhich are not visible at all, and S1 or S for
thosegoalswhich areaccessibleia a sub-goalbr two.

Indeed therearefour possiblerelationshipdbetweeran
agentand eachgoal for eachframe, which can be deter
minedfrom thelabel of the pixel at the positionof thegoal
Label x4 , andthe anglef, which is the anglesubtended
by aline betweerthe position of the goal Xy, the position
of theagentx, andthe agents currentdirectionestimateq.
Theseare:

1. A: Thegoalis directlyvisible: Label x4  V; andthe
agentis headingtowardsit 1 f 1. g2isin this
statein Figure2.

2. D: The goal is directly visible to the agent:
Label x4  V; but they are headingaway from it:
f 1lorf 1. g4 isin this statein Figure2.

3. N: Thegoalis notvisible to theagent:Label x; N
(it is onthe othersideof anobstacleandis notreach-
able by meansof a sub-goal). g3 is in this statein
Figure2.

4. Sh: Thegoalis visible to theagentbut only via a sub-
goal(S1) or a sub-sub-goa(S2): Label x4  Sn. gl
isin stateSl in Figure2.

Giventhesdrame-by-frameslassi cationsfor eachgoal,
we canbuild anideaof how likely - or rather unlikely - that
goalis asanexplanationfor thetrajectoryasawhole. This
is doneby associatinga costwith certainstatetransitions.
Thediagramin Figure3 shows costsassociatedvith transi-
tionsin the currentmodel.



. ObstaclgO)

. Direct pathheadedway (V, laterD)
Directpathheadedowards(V, laterA)
Reachable&ia sub-goalSl)
Reachabl&ia sub-sub-goal2)

Figure 2. An example of the sub-goal 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 sub-goals; the obstacle model is
shown in black; areas which are not visi-
ble (either directl y or via a sub-goal 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 only via sub-goals or
sub-sub-goals; 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 outin Figure 3 providesus with
a costfor eachgoal within the sceneandthat costcanbe
thoughtof asrepresentinghe numberof framesin which
theagentsbehaiouris inconsistenwith travel towardsthat
particulargoal. Thesecostsare thendivided by the total
lengthof the trajectoryto provide a statisticwhich is com-
parableacrossagents.Finally, we needto simplify matters
andprovide a singlecostfor eachactor If the systemwere
fully recursve andwe wereableto work outthe nal exit
for eachagentthe costassociateavith the nal exit would
be an alternatve measure However, in the currentdataset
thereare sometrajectorieswhich nish whilst the agentis
still in view of the cameramakingthis statisticunreliable.
Thehighestcostor averagecostwould beinappropriateas
it is possiblefor perfectlyuninterestingrajectorieso avoid
oneor moreexits completely;thesewould have very high

Figure 3. State transition diagram indicating
the cost of each transition. Those transi-
tions which are free (drawn with thick lines)
are those associated with progress towards
the particular goal; those with a cost are
those associated with movement away from
the goal

costsindeed- this would alsoaffect ary attemptto usethe
averagecostor someotheraggreatescoreover all goals.
Thereforejn thecurrentsituation the bestchoicefor asin-
gle costis thelowestcost.

We canthink of the Cost%statisticasrepresentinghe
percentagef framesin whichtheagents'travel wasincon-
sistentwith motion towardstheir mostlikely goal. Cost%
scoresfor the PETS2004datasetre setout in full in Ap-
pendixA. The next sectionof this paperdiscussesvays
in which our Cost% statistic can be comparedwith the
“groundtruth” scoregliscussedéh section3. It isworth not-
ing thatwith simplescenesvithout obstaclesthealgorithm
just describedsimpli es to straightestpath and the sub-
goal mechanisnmdoesnot make ary differenceto the out-
put. For severalof thesimplertrajectoriedn the PETS2004
datasethis wasindeedthe case,andthe power of the ap-
proachwouldbebetterdemonstrateth amorecomplicated
scenewith multiple obstaclesThatsaid, the resultson the
PETS2004atasetarestill promisingandworth discussion.

5 The prototype evaluated

The questionwe now have to addresds how well our
prototyperesultsagreewith the resultsof the subjectsde-
tailed in Section3. Firstly, we can calculateSpearmars
Rho- rs - thecorrelationcoefcient, betweerthe computer
generatedCost%statisticand the humansubjects,andbe-
tweenthe Cost%andthehumanmeanandmedian(making
theassumptiorthatit is appropriateo reify theaveragesn
thisway). Thecorrelationstatisticrs andthet-statisticts are



Correlationwith Is 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 which are
statisticall y signicant 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.

setoutin Tablel.

The signi cance levels for ts with n 23 are 1.721at
the 10% level and2.080at the 5% level. As is clearfrom
Table 1 the correlationwith the averagehumanis statisti-
cally signi cant. In Figure4 we have dravn the graphof
Cost%andthe medianhumanscoreby video clip (sorting
the video clips by median)it is clearthatthoseclips rated
highly by humansgenerallyscoredhighly on the machine
generatedtatisticaswell. Thisgraphalsoenablesisto see
theanomalougsase<learly.

The spike labelled A in Figure 4 correspondsto
Meet WalkTogetherl.mpdd 2. In this clip, the agenten-
tersfrom one side, meetssomeonegchangedlirectionand
headgowardsanexit - he doesnot actuallyexit the scene,
but turnsaroundandcomesa shortway backinto the foyer
beforethe video cuts off. We assumehat this is an arti-
fact of video editing - it is de nitely strangebehaiour if
not. Giventhatour systemcanbethoughtof asproviding a
measureof behaiour consisteny, it is acceptabldor it to
pick up on suchartifacts.

The spikes labelled B and C in Figure 4 correspond
to Meet WalkSplit.mpg. Thesetrajectoriesare both quite
complicatedinvolving rst moving towardsthe otheragent
in the sceneandthenmoving towardsanexit (differentex-
its in eachcase).This is anaspecof our softwarethatwe
hopeto addres#n future- speci cally, makingothertracked
agentswithin thescendegitimategoalsin themseles. This

" Median -
A B c Cost%

Ranks

L L L L
0 5 10 15 20 25

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 range (1-5). The x-axis values are
ordered by median.

is oneof the clips highlightedfor attentionin Section3 as
beingavideowith high varianceamongstumanrankers.

ThetroughlabelledD in Figure4 corresponds$oid 6 in
Fight RunAvayl.mpg.This agententersthe scenemoving
quite rapidly, hasa play- ght with anotheragent(lasting
just a few seconds)thenrunsacrossto the exit opposite.
His trajectoryis essentiallya straightline with a slight kink
in the middle, andasour software operatesolely on indi-
vidual trajectoriesdoesnot pick up on this behaiour. An
extensionto our systemwhich might copewith this would
beto take into accountherelative positionsof otheragents
in thescene.

6 Conclusions

Evaluationin ComputerVision should be aboutmore
thanmerelyx yt. And even when evaluatingsomething
assimpleasx y t, it hasbeensuggeste8] thatrelianceon
just one estimateis unwise. As we producemore compli-
catedsystemsperforminghigherlevel cognitive tasksthan
“simple” classi cation or location, we needmore compli-
cated, higher level evaluative techniques. If a systemis
presentedas a general-purpossuneillancesystem,or an
“InterestingEventDetector”,thenit shouldbe evaluatedas
such.Speci cally, it shouldbe evaluatedn suchaway that
the opinionsand prejudicesof the designersannotaffect
the evaluation. Evaluationby accident simply notingthat
the eventsdetectedseemto be odd - is not good enough.
Evaluationby actor - by engineeringtest caseswhich in-
volve peoplebehaing strangely- is suspectandevaluation
baseduponthe opinionof the systemauthoris alsounsatis-
factory In this paperwe have presented novel approach



which usesa groupof nave subjectswho togetherprovide
arich backgroundagainstwhich the performanceof anal-

gorithm can both be measuredstatisticallyand compared

qualitatively.
Thesoftwareoutlinedin thispaperis alsonovel, in thatit

adoptsahighlevel intentionalanalysisof whatis essentially

quite simple behaiour. Previous work consistsof analy-
sesof the resultantbehaiour: the factthat peoplefollow
similar trajectoriesacrossa sceng4] is becausehey have
similar goals; the fact that pathscan be approximatedoy
trajectoryanalysiq6] is becausgathsjoin two goals.This
work attemptsnsteadio analysethe causeof the behaviour
—thegoals—directly. Theinitial resultspresentedhereare
promising,andshaw thatin principlesuchananalysiscould
beusedin a practicalsituationto providea lter onsureil-
lancedata.
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A Table of agentsand results

Filename

Walkl.mpg

Walk1l.mpg

Walk3.mpg

Walk3.mpg

Meet WalkTogetherl.mpg
Meet WalkTogetherl.mpg
RestFallOnFloormpg
RestSlumpOnFloompg
Meet WalkSplit.mpg
Meet WalkSplit.mpg
Meet Crowd.mpg

Meet Crowd.mpg

Meet Crowd.mpg

Meet Crowd.mpg

Fight RunAvayl.mpg
Fight RunAvayl.mpg
Fight OneManDavn.mpg
Fight OneManDavn.mpg
Browse WhileWaiting2.mpg
Browse4.mpg
Browse4.mpg
Browse2.mpg

Browse2.mpg

Id

Image

Description

Walks in, waves at camera,goes
backthroughsamedoor

Walksslowly acrossscene

Walksout,turnsaroundwalksback
throughsamedoor

Walksslowly acrossscene

Enters, meets, shales hands,
changesglirection,exits

Enters, meets, shales hands,
changeslirection,exits

Entersin a wobbly fashion, falls
over, getsup andleaves

Leavesscene re-entersslumpson
oor, leavessceneagain

Walks towards person, shales
handsturns,leavesscene

Walks towards person, shales
handsturns,leavesscene

Walksin straightline acrossscene

Walksin straightline acrossscene

Walks in relatively straight line
acrossscene

Walks in relatively straight line
acrossscene

Walksin, ghts, runsout

Hangs around, Walks in, ghts,
runsout

Walks in, ghts, runs in circles,
runsout

Enters, gets fought with and
knocledover, leaves
Wandersaimlessly
Wandersaimlessly
Walksdirectly acrossscene
Walksin, wavesatcameraleaves

Wanders towards booksheles,
browses eaves
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