Inter pretation of Group Behaviour in Visually Mediated Interaction
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Abstract

While full computerundeistanding of dynamicvisual
scenegontainingseveral peoplemaybecurrentlyunattain-
able we proposea computationallyefficient approac to
determineareasof interestin sud scenes\W\e presenineth-
odsfor modellingandinterpretationof multi-personhuman
behaviourin real timeto control videocameasfor visually
mediatednteraction.

1 Intr oduction

Machineunderstandingf humanmotionandbehaiour
is currentlya key researchareain computervision,andhas
mary real-world applications. Visually MediatedInterac-
tion (VMI) requiresintelligentinterpretationof a dynamic
visual scenen orderto determineareasof interestfor fast
andeffective communicatiorio aremoteobserer.

Recentwork attheMIT MedialLab hasshovn someini-
tial progressn the modellingandinterpretationof human
body actiity [7, 9. Computationallysimple view-based
approacheso actionrecognitionhave also beenproposed
[1, 2]. However, thesesystemsdo not attemptintentional
trackingand modellingto control actve cameraviews for
VMI. Previous work on vision-basedcameracontrol has
beenbasedon off-line executionof pre-writtenscriptsof a
setof definedcameraactiong8]. Herewe proposeo model
and exploit headposeand a set of “interaction-releant”
gesturedor reactve on-line visual control. Thesewill be
interpretedas userintentionsfor live control of an active
camerawith adaptve view directionandattentionalfocus.
In particular pointing with headposeas evidencefor di-
rectionandwaving for attentionareimportantfor delibera-
tive camereacontrol. Thereactve cameranovementshould
providethenecessaryisualcontext for applicationsuchas
groupvideo-conferencingndautomatedstudiodirection.

2 Modelling Human Behaviour for VMI

For our purposeshumanbehaviourcanbeconsideredo
be ary temporalsequenc®f body movementsor configu-
rations,suchasa changen headpose,walking or waving.
Whenattemptingto modelhumanbehaiour, onemustse-
lectthe setof behaioursto bemodelledfor theapplication
at hand. Further the level of compleity of the modelling
shouldbe concomitantith its purpose For theimplemen-
tation of real-timesystemsijt is of paramounimportance
thatonly the minimumamountof informationis computed
to adequatelynodelhumansubjectdor thetaskathand.In
thissection,somesalientbehaioursaredefinedor visually
mediatednteractiontasks.

Implicit Behaviour

Our systemneedso identify regionsof interestin a visual
scenefor communicatiornto a remotesubject. Examining
the casein which the scenecontainshuman subjectsin-

volved in a video conferencethe subject(s)currently in-

volvedin communicatiorwill usuallyconstitutethe appro-
priatefocusof attention.Thereforevisualcuesthatindicate
aswitchin thechiefcommunicataror turn-taking aremost
important. Gazeis quite a significantcue for determining
the focusof communicationandis approximatedy head
pose. Gazeand otherusesof body languagethat indicate
turn-takingare generallyperformedunconsciouslyby the
subject.We defineimplicit behaviourasa body movement
sequencéhatis performedsubconsciousiy the subject.

We adoptheadposeas our primary sourceof implicit
behaiour in VMI tasks. Headposeat eachtime instantis
representedby a pair of angles,yaw (azimuth) and tilt
(elevation) ¢. Our previous work shows that yaw andtilt
canbe computedrobustly in real-timefrom 2D imagesof
limited resolution[6].



Explicit Behaviour

Head poseinformationis insufficient to determinea sub-
ject’s focusof attentionfrom a single 2D view, dueto loss
of 3D information. Thereforet is necessaryo havetheuser
communicatexplicitly with our VMI systemthrougha set
of pre-definebehaiourswith vaguesemanticattachedo
them.Let usdefineexplicit behaviourasasequencef body
movementghat are performedconsciouslyby a subjectin
orderto highlight regionsof interestin the scene.We use
asetof pointingandwaving gestuesasexplicit behaiours
for control of the currentfocus of attention. We have pre-
viously shavn that thesegesturescanbe reliably detected
andclassifiedin real-time[5, 4]. Specifically a modelm;
is maintainedfor eachof N gestureainderconsideration,
i=1,...,N,andattimet alikelihoodp(x(t)|m;) is gen-
eratedfor eachmodelthat the given gesturehasjust been
completed. TheseN likelihood valuesare thresholdedo
detecta gestureor arein themselesconsiderecasmodel
outputsfor explicit behaviour.

Human Behaviour

Given that both implicit and explicit behaiours are mea-
suredfrom humansubjectsin a scenethesesourcesf in-
formation canbe combinedto form a temporalmodel for
humanbehaiour. Let usdefineb(t), the behaviourvector
of a subjectat time ¢ to be the concatenatiorof measured
implicit andexplicit behaiours. For our purposesthe be-
haviour vectoris the concatenatiof gesturemodellik eli-
hoodsandheadposeangles:

b(t) = [p(x(t)|m1), ..., p(x(®)Imy),0(8), 6(®)]" (1)
3 Inter pretation of Group Activities

Although the individual interpretationof behaiours is
possibleby attachingpre-definedsemanticsn the form of
cameracontrol commandsthe caseof multiple subjectds
not so simple dueto the combinatorialexplosionof possi-
bilities. Thesepossibilitiesnot only include variationsin
which behaviours occur simultaneouslybut alsoin their
timing andduration. Clearly the rangeof possibilitiesand
ambiguitiespresent problemfor ary singlevisualcue,no
matterhow accuratelyit canbecomputed|t is only by fus-
ing differentvisual cuesthatwe may successfulljinterpret
thescene.

3.1 High-Level Group Behaviour Inter pretation

Now we describea methodologyfor machineunder
standingof groupbehaiours. Giventhecomplexities of the
unconstrainednulti-personervironmentdescribedabove,
we examine a more constrainedsituation. We assumea
fixednumberN of peoplewho remainin the sceneat all

times. Let us definethe group vectorto be the concatena-
tion of the N behaviour vectorsof thesepeopleattime t:

9(t) = [ba (1), b2 (8)", ...

The groupvectoris anoverall descriptionof the sceneat a
giventimeinstant.Let usdefineagroupbehaviourasatem-
poral sequenceof group vectors,[g(t1),d(t2),- - .,a(T)].
Given a group behaiour, we introducea high-level in-
terpretation modelto determinethe currentareaof focus.
Sincethe region of interestis almostalways a personand
we track the headof eachindividual, the outputneedonly
giveanindicationof which of the N peoplearecurrentlyat-
tendedto. Thereforewe definethe outputof the high-level
systemto bethe camen positionvector.

C(t) = [fl:f?:"'afN] (3)

wheref; is aboolearnvalue(0 or 1) indicatingwhethermper
soni is currentlyattendedo. An interpretatiorcanthenbe
placeduponc(t) to controlthe mavablecamera Examples
aregivenin Table1. Sucha schemewould requireatleast
two cameraspneto framethe whole scenefor tracking of
all individuals,andtheotherfor takingclose-upshots.Here
we usea “virtual camera’by croppingfocal regionsfrom
theglobalimage.The high-level interpretatiormodelmust
transforma recenthistory of group vectorsinto a camera
vectorfor thecurrentscene However, withoutthefeedback
to retainthe previousfocusof attention thesystemwill lack
the contet to correctlyinterpretbehaviour. For instancejf
asubjectwavesto gainfocusof attention thecameravector
mustremainon the subjectuntil anothersubjectattractsat-
tention. Without feedbackthe subjectwould losethe focus
of attentionassoonasthe gesturehasended.Thereforethe
generaform of the high-level interpretatiorsystemF () is:

by (@) (2)

c(t) = F(g(t),c(t — 1)) = F(s(t)) (4)

wheres(t) is the scenevectorattime ¢, definedasthe con-
catenatiorof the currentgroupvectorandpreviouscamera
vector s(t) = [9(¢), c(t — 1)].

Given this model, the high-level interpretationsystem
must perform the translationfrom behaviours to focus of
attentionbasedon a fusion of externalsemanticdefinition
andstatisticsof behaiours andtheir timings. The seman-
tics may comefrom a setof rules, but an exhaustive spec-
ification of the systemwould be infeasibledueto the mul-
tiplicity of possibleco-occurringbehaioursandtheir tim-
ings. We take a supervisedearningapproach:the system
is trainedon a setof examplegroup behaiours, with the
aim of generalisingo new groupbehaiours. To learnthe
transformatiorfrom scenevectorto camergoositionvector
we useda Time-DelayRBF Network [3], trainedon half of
our sequencelatabas@ndtestedon the otherhalf.



We constrainthecompleity of thetaskby restrictingthe
groupbehaioursto certainfixed scenariosThe exacttim-
ing of the eventswill vary betweendifferentinstancesof
the samescenarioput the focusof attentionshouldswitch
to the sameregionsat approximatelythe sametimes. De-
scriptionsof examplescenariosnvolving threesubjectsare
givenin Table2. Several examplesof eachscenariowere
collected andtrainingexampleswverelabelledby handwith
acamergositionvectorfor eachscenevector A high-level
systemconsistingof a recurrentRBF network wastrained
on theseexamplesandthentestedon a differentsetof test
instance®f the samescenarios.

Figuresl—4shov examplesof the systemoutputfor two
examplescenarioswave-look andpoint. Figuresl and3
shav temporally-orderedrameswith boxes framing the
head,faceand handsbeingtracked. In eachframe, head
poseis shovn above the headwith an intuitive dial box.
Figures2 and4 shaov the headposeangles(top) and ges-
turelikelihoods(middle)for personsA, B andC (from left
to right). Onecanseethe correspondencef peaksin the
gesturdik elihoodswith gesturesventsin the scenario.

c(t) interpretation

[0,0,0] framewholescene

[1,0,0] focusonsubjectA

[0,1,1] focuson subjectsB andC usinga split-

screereffect

Table 1. Example of possib le interpretations
of camera position vector s for three people .

scenario  description

wave-look C wavesandspeaksA wavesandspeaks,
B wavesandspeaksEachtime someones
speakingheothertwo subjectdook athim

point C wavesandspeaksA andB look atC, C

pointsto A, C andB look at A, A looksat
cameraandspeaks

Table 2. The example scenarios described in
temporal order of their behaviours. All sub-
jects are looking at the camera (forward) un-
less stated otherwise .

The bottomsectionsof Figures2 and4 show the train-
ing signal,or targetcameravectors tracedabove the actual
outputcameravectorsobtainedduringtestswith thetrained
RBF network. It canbe seenthatthe network follows the
generalinterpretatiorof groupbehaiour, thoughthe exact
pointsof transitionfrom onefocusof attentionto anotheido
notalwayscoincide.Thesetransitionsarehighly subjectie
anddifficult to determinegvento the humaneye.

4 Conclusion

Somekey issuesin visual interpretationof group be-
havioursin singleviews have beenexplored,anda frame-
work hasbeenpresentedor trackingpeopleandrecognis-
ing their correlatedgroupbehaioursin VMI contexts. Pre-
definedgesturesandthe headposeof severalindividualsin
the scenecan be simultaneouslyrecognisedor scenein-
terpretation. In the presenceof multiple people,ambigu-
ities ariseand a high-level interpretationof the combined
behavioursof theindividualsbecome®ssential.

We have shawvn examplesof how multi-personactivity
scenarioganbe learnedfrom training examplesandinter-
polatedto obtain the sameinterpretationfor differentin-
stancesf the samescenario. However for the approach
to scaleup to more generalapplication,it mustbe ableto
copewith a whole rangeof scenariosand extrapolateto
novel situationsin the sameway asa person.A significant
issueraisedin this paperandfor future work is the feasi-
bility of learningcorrelatedemporalstructuresanddefault
behaioursfrom sparselata.

Sincethis systemrelieson severalindependentompo-
nents the overall probability of failure of atleastonecom-
ponentis alwaysquite high. Thereforethe high-level inter-
pretationsystenmustbeableto copewith missingor noisy
inputs. Thesystenmoutputsmaybefed backto thelow-level
sub-system#o guidetheir processing.
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Figure 2. Results for wave-look scenario. Plots show pose angles (top) for persons A, B and C from
left to right, gesture likelihoods (middle) and target/output camera position vector s (bottom).
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Figure 4. Results for point scenario. Plots show pose angles (top) for persons A, B and C from left to
right, gesture likelihoods (middle) and target/output camera position vector s (bottom).



