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Abstract

Computewision-basednonitoringwasusedfor automated
recaynition of the activitiesof participantsin a meeting A
headtradker, originally developedor monitoringin ahome
ervironmentwasevaluatedfor this smartmeetingapplica-
tion usingthe PETS-ICVS003videodatasets. Theshape
of eadh person’sheadwasmodelledasapproximatelyellip-
tical whilstinternalappeaancewasmodelledusingcolour
histograms. Gradientand colour cueswere combinedto
provide measuementdor tracking usingparticle filters. A
particlefilter basedon IteratedLikelihoodWeighting(ILW)
wasusedwhich, in conjunctionwith thebroadlikelihoodre-
sponsesgbtained achievedaccuratetrackingevenwhenthe
motionmodelwaspoor. It wascompaedto thewidelyused
SamplingimportanceResamplindSIR)algorithm. Results
are reportedfor tracking and recaynition of the actionsof
the six meetingparticipantsin the PETS-ICVSata. ILW
outperformedstandad SIRandreliably tradkedall partici-
pantsthroughoutthe meetingscenarios.

1 Introduction

A headtracker hasbeendevelopedfor usein a homemon-
itoring applicationwhich aimsto supportelderly peopleto
live independently This paperreportsan evaluationof the
applicationof thistrackerto asmartmeetingroomusingthe
PETS-ICVSdatasets.The aim wasto automaticallyanno-
tatethe activities of the meetingparticipantdasednvideo
data. Our premisewasthatreliabletrackingof the headof
eachpersorwouldyield interestingannotatiordatain terms
of motiontrajectoriesandthatthesein turn couldbeusedto
recognisecertainactionssuchasstandingup, sitting down,
enteringexiting andwalkingto thewhiteboard.Thesystem
neededo be ableto simultaneouslyrack multiple people,
performautomaticinitialisation, handleperson-personc-
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clusionandcombinedatafrom two camerago annotatehe
activity of all six participantghroughouta meeting.
Visualtrackingis oftenformulatedfrom a Bayesiarmper
spectve asa problemof estimatingsomedegreeof beliefin
the statex; of anobjectat time stept givena sequencef
obsenationsz;.;. Bayesiarfiltering recursvely computesa
posteriordensitythatcanbewritten usingBayesrule as:

P(Xe41 |Zt+1) & p(Zt41 |Xt+1)P(Xt+1) 1)

Applying aMarkov assumptiontheprior densityis thepos-
terior densitypropagatedrom the previoustime stepusing
adynamicmodel:

p(Xpy1) = / P(Xt41]%)p(xe |22 ) dxy 2

The posteriorin (1) cannotbe computedanalytically un-

lesslinearGaussiamimodelsareadoptedjn which casethe
Kalman filter provides the solution. As is well-known,

linearGaussianmodelsare unsuitablefor trackingin vi-

sualclutter. Instead particlefilters areoften usedto prop-
agatewhat are often non-Gaussianmultimodal densities
overtime. A modificationto the frequentlyusedSampling
ImportanceResamplingalgorithm, called IteratedLik eli-

hood Weighting, wasemployed hereto improve the accu-
ragy andconsisteng of tracking.

Section?2 briefly reviews someprevious work on track-
ing usingparticlefilters. Section3 describeghe Sampling
ImportanceResampling(SIR) filter and discussests lim-
itations. In Section4 the IteratedLik elihood Weighting
(ILW) filter isintroducedandmotivatedfor humantracking.
Section5 describeshe headmodelandthelikelihoodmea-
suremenwhich is basedon combinedregion (colour) and
boundary(gradient)cues. Empirical resultson the PETS-
ICVS datasetsare reportedin Section6. Finally, some
conclusionsaredravn in Section?.

2 Reevant Work

IsardandBlake suggestegarticlefiltering for visualtrack-
ing in theform of Condensatiofl]. They later suggested



usinga secondarytracker to generatean importancefunc-
tion for sampling[2]. Particle filtering [3] is now popular
for trackingandseveral authorshave suggestedlternatve
samplingschemesFor exampleChooandFleet[4] useda
hybrid Monte Carlofilter to samplethe posteriorfor human
tracking. Rui and Chen[5] usedan unscentedKalmanfil-
terto generatemportancedensitiedor particlefilter-based
tracking.Deutscheetal. [6, 7] proposedinnealedndpar
titioned particlefiltering for humantracking. Othervaria-
tionson basicparticlefiltering have beenproposedutside
the vision literature(seee.g.[8, 9, 10]). Arulampalamet
al. [11] provide ausefultutorial.

3 Sampling Importance Resampling

Sampling Importance Resampling(SIR) [3] (Condensa-
tion [1]) approximatesheposteriordensityp(x;|z:) ateach
time stept by asetof N particles{x},w? }_, whereeach
particleis a weightedrandomsampleand 22]21 wp = 1.
Thefiltered posterioris then

N
P(Xt411Z611) < P41 [Xe41) Y wip(Xeqa [X7)  (3)

n=1

wherethe prior is now a mixture with N componentsThe
SIRfilter involves(i) selectingthe nt* mixture component
with probabilitywy, (ii) drawing a samplefrom it, and(iii)
assigninghesampleaweightproportionalo its lik elihood.
Resamplings usedto obtainsamplesvith equalweightsin
orderto facilitate samplingfrom the mixture in (3). The
algorithmis givenin Table 1 for completeness.The dy-
namic(motion)modelis encapsulately thetransitionden-
sity p(x¢4+1|x}). Typically, a samplecanbe drawn from it
by addingrandomprocessnoiseand then applying deter
ministic dynamicg(drift).

In general,sequentiaimportancesamplingfilters oper
ateby drawing samplesrom animportancedensity g(x),
andweightingthemusing(4) to give a particlerepresenta-
tion of the posteriordensity

P(Zt41 |X?+1 )P(x?-u |x})
q(x7y 1 [XF, Ze41)

(4)

wfyy o w]
TheSIRfilter is anexampleof asequentiaimportancesam-
pling filter in which the prior is usedas the importance
density This is a corvenientchoicebecausen unbiased,
asymptoticallycorrectestimateof the posteriorcanbe ob-
tained by simply weighting the sampleswith their likeli-
hood. Theresultingalgorithmis thereforentuitive andeas-
ily implemented. However, the prior is certainly not the
optimalchoiceof importanceunctionsinceit doesnottake

into accountthe mostrecentobsenation, z;,1. Sampling
usingSIRis particularlyinefficientwhenthelik elihoodis in

Draw samplescy, ; ~ p(x¢q1|x})
Assignweightswy, ; = p(z¢41|x%, 1)
NormalisevweightssothatZf:]:1 wi, =1
Resampleavith replacemento obtain

samplescy, ; with equalweights,(wy , = 1/N Vn)

Tablel: The SamplingimportanceResamplingAlgorithm

thetails of theprior orif thelikelihoodis narrav andpealed
comparedo the prior. Although SIR gives an asymptot-
ically correctestimateof the posterior its behaiour with
finite samplesetsis oftennotgood. Expectation€omputed
using SIR have high varianceso that differentruns of the
trackercanleadto verydifferentresults.In humantracking,
thedynamicmodelsusedcanoftenresultin poorpriorsdue
to unexpectedmotion. In suchcasesSIR will placemary
samplesn thewrongregionsof the statespace As aresult,
very large particle setscanbe requiredin orderto achieve
acceptableperformance.King and Forsyth[12] comment
thatSIR “will appeato befollowing tight peaksn thepos-
teriorevenin theabsencef ary meaningfuimeasurement”.

4 Ilterated Likelihood Weighting

Greatcareis usuallytakento ensurethatan unbiasedesti-
mateof the posterioris obtained. Theimportancesampling
stepof (4) is abias-correctingchemaisedo obtainsuchan
unbiasedestimate.However, approximationerror depends
not only on the biasbut on the variance(the bias-\ariance
dilemma).If theimportancedensityis reasonablyaccurate,
the correctionstepmay in factincreasethe approximation
errorfor all but very large particlesets(see[13] for exam-
plesof this phenomenon)ln otherwords,biasis reduced
at the costof highervariancewhich canleadto a poorer
approximation Furthermorethe prior densityis oftenpoor
andnoisy andit thereforemaleslittle senseto attemptto
obtaina computationallyexpensie, high accuray approxi-
mationto the posterior Thisis particularlytruein mary hu-
mantrackingapplicationsvhereinter-framemotionis often
poorly modeledby thedynamicmodel(transitiondensity).
A schemas usedherein which only asubsebf the par
ticles at eachtime stepare sampledfrom the ‘posterior’.
Theremainingparticlesareusedto increasesamplingin re-
gionsof high likelihoodvia a simpleiterative searchusing
the mostrecentobsenation. This is usefulwhenthe prior
is poor and can preventtrackingfailure in the caseof un-
expectedmotion, for example. Ratherthanattempta (po-
tentially expensve) bias-correctiorstepfor thoseparticles
usedto searchhigh-likelihoodregions, they are weighted
at eachiteration basedon their likelihood. The resulting
algorithmis not unbiasedlt canbethoughtof asSIR com-
binedwith aniterative applicationof SIR severaltimeson



.Draw N samplesc?, ; ~ p(xs41(|x})
. Assignweightswf, | = p(Z¢11|x} 1)
. Normalise'weightssothath:]:1 wiy, =1
. Resamplavith replacemento obtain
samplesc}, ; with equalweights
5. Split the samplesetat randominto two setsof
sizeM = N/2: {xP}M_, and{x7"}M_,
6.Fork=1...K
Draw M samplexf’, ; ~ p(Xg41|x7")
Assignweightswi?, | = p(z41 X7 ;)
NormaliseweightssothatZ%zl wih, =1
Resampleavith replacemento obtain
M samplesci?, ; with equalweights
7.Form=1...M
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Table 2: The Iterated Likelihood Weighting Filter.
p(xp41]|x7) is atransitiondensitywith expectedvaluexy'.

Here

the sameobsenation. The algorithm, calledIteratedLik e-
lihood Weighting(ILW), is givenin Table2. After anintial
iteration of SIR, the samplesetis split uniformly at ran-
dominto two setsof equalsize. Oneof thesesetsis prop-
agatedo the next time stepunalteredwhile the samplesn
theothersetaresubjectedo furtheriterationsof diffusion,
likelihoodweightingandresampling Giventhe broadlik e-
lihood responseghis hasthe effect of migratinghalf of the
particlesto regionsof high likelihood while the otherhalf
aresampledusingthe prior asthe importancefunction. In
asituationwherethe prior is good,its useasanimportance
function by half the particleswill resultin usefulsamples.
However, if the prior is poor, the iteratedparticle setwill
still exploreregionsof high likelihood.

5 Head Mode

In orderto apply the above filtering schemeto the track-
ing problem,the statevector, x, andthe likelihoodmodel,
p(z|x), mustbedefined.A well designedikelihoodmodel
cansignificantlyimprove trackingperformancg14].

Head shapeis reasonablywell approximatedas an el-
lipsein the imageirrespectve of pose. Rui and Chen[5]
useda fixed ellipse and tracked its 2D translationusing
Canry edges. Nummiaroet al. [15] usedan ellipse with
fixed orientation and a likelihood basedonly on color.
Birchfield [16] usedan ellipseconstrainedo be vertically-
orientedand of a fixed eccentricityleaving only threepa-
rameterdo be estimated.However, orientationandeccen-
tricity will vary with poseandposition. Therefore all five
ellipseparametersareestimatecere.

The likelihood model combinesintensity gradientin-

formationalongthe headboundarywith a color model of
the ellipses interior region. The color-basedmeasurement
¥ (z}) is obtainedby computingthe intersectionof a 3-D
color histogramof the ellipses interior anda storedmodel
color histogram. The gradient-basedgneasuremeni(z})
involvessearchingor maximumgradientmagnitudepoints
alongshortradial searchline segmentscenteredon the el-
lipseboundary Thereare30 suchlines,eachb pixelslong.
Theoveralllikelihoodis computedasfollows:

(5)

p(z:]x}) = =x

Thishascharacteristicpreferableo theuseof boundary
cuesor region cuesalone. The boundarycuealoneresults
in a noisy reponsewith mary local maxima. The region
cuealoneresultsin aresponséhatvariesmoreslowly with
translationbut which doesnot decreas@ppropriatelywith
reducedscale.Thecombineccue,ontheotherhand,givesa
clearmaximumin the correctlocationandvariesin awell-
beharedmannerashothtranslationandscalechange.

6 Evaluation using PETSICVS Data

6.1 Data Sets

The experimentsreportedhereusedPETS-ICVSScenario
C: “Going to the white board” and ScenarioB: “Perform-
ing Faceand Hand Gestures”. ScenarioC in particularis
usedto illustrate performanceg(Figures2— 7). This wasa
sequenceavhich beganwith eachof the six participantsin
turn enteringthensitting down. Subsequentlyeachin turn
stoodup, walked to the whiteboard,wrote somethingand
thenreturnedto his seattwice. Finally, eachpersonin turn
exited theroom. Both ScenaridB andC wereusedto eval-
uatethe performancef the systemin termsof its ability to
track eachof the peoplethroughoutentire sequenceskur-
thermorejts ability to recognisé¢heactionsof entering ex-
iting, sitting down, gettingup, andgoingto thewhiteboard
wasevaluated.

Ground-truthdatafor the eye positionswere provided
for a sectionof ScenarioB in which the participantswere
seated.While the systemwasnever intendedto accurately
estimateeye positions,thesedataneverthelesgprovidedan
indicationof the accurag andconsisteng of headtracking
underanupright,frontal faceview assumption.

Threecameraviews were provided in the PETS-ICVS
data:two standardvall-mountedcamera®n oppositesides
of themeetingroomandoneomnidirectionatamerglaced
in the centreof the room on a tabletop. The experiments
reportedhereusedonly thetwo wall-mountedcameras.



Figure2: Framesl7125,17130,17135and 171400f ScenarioC viewed from Cameral. Whena headentersthe occlusionbox for
Camera2 (seeFigure 1), this indicatesthat occlusionis expectedin Cameral andary tracksin the correspondingegion of its field of
view aresuspendedntil afterthe occlusion.Suspendetracksareshavn asgreenellipses.(The halo effect aroundthe occludingheadis

dueto interlacing.)

Figure 1: Sceneconstraintsusedto performtracking (the large

boundingbox delimits the searchregion), initialisation (the small

filled rectangle®n eithersideindicateexpectedentryandexit re-

gions)andocclusion(the boxesin the centreindicate headposi-

tions at which occlusionwould be expectedin the othercamera
view).

6.2 Initialisation and Occlusion Handling

Traclker initialisation and occlusionhandlingmadeuse of
scene-specificontetual informationasillustratedin Fig-
urel. Theroomlayoutandthe maximumheightof a per
sonmeantthat the headsof peopleon the far side of the
table always appearedetweenthe upperand lower hori-
zontallinesin Figurel. Therefore,no particleswere ever
propagateautsidethis boundingbox.

When a peoplepassin front of the cameraon the op-
positewall (visible in the uppercentreof Figure 1) they
occludethe view of the peopleon the nearside of the ta-
ble from that opposingcamera.The boxesnearthe centre
of Figure 1 indicateregionsin which this occurs. When
suchanocclusioneventis detectedary tracksin thecorre-
spondingregionsof theopposingcamerasfield of view are
suspendedntil the occlusionis over. Providedthatthe oc-
cludedpeopledo not move too muchwhile occluded their
trackerswill recoverandcontinueto trackthem. Thismech-

anismwassuccessfuh all thePETS-ICVSdatatestechere.
Figure2 shaovsanexamplein which eachof thetrackersfor
thethreepeopleonthefarsideof theroomweresuspended
andrecoveredin turn dueto apersomearthecameranov-
ing left to right acrosdts field of view.

Initialisation was performedin expectedentry and exit
regionsindicatedin Figurel by filled rectangles. A back-
ground subtractionalgorithm was appliedin eachframe
within theseregions. Whenever significantchangewvasde-
tected,an initial particle setof headellipseswas instanti-
atedcentredwithin theregion anda tracker wasinitialised.
Colourhistogramswerelearnedfrom a singlefrontal head
view takenfrom the dataset. No histogramadaptatiorwas
needed. When a tracker’s estimatedheadellipse left the
field of view in the directionof thewhiteboardthattracker
waitedfor the backgroundsubtractiorroutineto signalre-
entry. Whenatracker's estimatecheadellipseleft the view
in thedirectionof the exit, thetracker wasterminated.This
methodof initialisation, reinitialisationandterminationwas

successfubn bothScenario8 andC. Therewereno
falseinitialisations,peoplewerealwaystrackedafterreturn-
ing from thewhiteboardandtrackerswereterminatedonly
whenpeopleleft theroom.

6.3 Head Tracking Results

All the meeting participantswere successfullytracked
throughoutoththe ScenaridB andC sequenced-igures3
and4 show a selectionof framesfrom eachof thetwo cam-
eraviews for ScenarioC tracked usingILW. For eachper
son,aredellipseis usedto indicatethemeanestimatedrom
the particle setanda white ellipseto indicatethe meanof
the  mostheaily weightedparticlesfor that frame. In
theseexamplesthesetwo estimatesverevery similar. The
meanofthe  strongesparticlesgave atemporallysmooth
estimateof the locationof the strongesmodeof the distri-
bution. Figure5 shovsthetrajectorieof thecentreof each
persons headfor theentiresequence.

StandardSIR filtering performedrelatively poorly. Fig-



Figure3: Framesl0950,11270,13630,13720,14280,14840,17200and191000f ScenarioC from Cameral in which persong4), (5)
and(6) aretracked usingILW enteringthe room, sitting down, goingto the white-board(to theright of thefield of view) returningto their

seatsandfinally exiting theroom(to theleft of thefield of view).

Figure4: Frames10500,11065,11940,12810,13615,15790,16500and192000f ScenarioC from Camera2 in which persong1), (2)
and(3) aretracked usingILW enteringthe room, sitting down, goingto the white-board(to theleft of thefield of view), returningto their

seatsandfinally exiting (to theright of thefield of view).

ure6 shavsexampleframesfrom atypical runwith Camera
2. Trackerslost lock, becameattachedo backgrounctlut-
terandsubsequentlyrackedthewrongperson.The perfor
manceof SIR wasbhetterwith Cameral becauseherewas
lessbackgroundclutter However, trackingfailuresin the
Camera2 view confusedthe occlusionmanagemenalgo-
rithm whichin turnledto thetrackersin Cameral failing.

Although the above runs were typical for these se-
guencesisolatedrunsof particlefilters arenot sufficient to
evaluateperformancelueto thevarianceof thefilters. Lik e-

lihood computatioris the maincomputationakxpensedur-
ing trackingandthe differentfilters requiredifferentnum-
bersof likelihoodevaluationsperframe. In orderto obtain
a fair empirical comparisonthe numberof particlesused
with eachfilter waschosersothatthe numberof lik elihood
evaluationsper framewasequal,i.e. particlesfor the
SIR, and 50 for ILW, respectiely. ILW used iterations.
Likelihood evaluationsper frame were thus the samefor
eachmethod. Both filters were run with the sametransi-
tion density(a Gaussiarcenteredon the previous sample)



Figure5: The estimatedrajectoriesfor the headcentresfor the
entire durationof ScenarioC. The positionsare shovn for each
frameusingadifferentcolourfor eachpersonpverlaidonimages
of the empty meetingroom. The upperimage shavs the view

from Cameral andthelowerimagetheview from Camera2. The
horizontalwhite lineswereusedfor actionrecognition.

andthe samenoiseparameterskigure7 comparesnultiple
runsof thetwo filters on the samesequenceThe SIR filter
failedin themajority of runs. The SIR trackersfor personl
andperson?2 maintainedock in only and of runs
respectiely. At leastone of the SIR trackerslost lock in
of theruns. In contrast,|LW lostlock in only of
casesOneof thelLW trackersalwaysmaintainedock.
Ground-truthdatawere provided for the eye positions
for partof the ScenariodB sequenceThe systemdescribed
herewas never intendedto estimateeye positions. Never-
thelessijts performancevas quantitatiely evaluatedusing
thesegground-truthdataunderthesimplisticassumptiorthat
thefacewasalwaysin afrontal, uprightview. Theeye posi-
tionscanbe estimatedunderthis assumptiomelative to the
headellipse. This methodwill clearlybecomennaccurate
whenthe assumptions violatedby headrotation. The dis-
tribution of displacemenerrorsis shovn in Figure8. The
meandisplacementn the y-directionwas  pixels with
a standarddeviation of . This variancewas due
to both slight headtilt violating the frontal view assump-

Figure6: Frames10400,10500,10550,11070,11090and11300
of ScenaricC seerby Camera2. HeretheSIRtrackerlosesperson
1 andlatertracksperson3 with two ellipsessimultaneously

tion andsmall headtrackingerrors. Giventhata headap-
pearsapproximately  pixelsin height,the error s rela-
tively smallandindicatesaccurateheadtracking. Errorsin

the -directionwere of courselargerdueto the severevi-

olation of the frontal view assumptiorwhenpeopleturned
their headsfrom sideto side. The meandisplacements$or
the left eye andright eye were  pixelsand pixels
with standardleviationsof and respectiely. This
can be regardedas a baselineperformanceagainstwhich
to compareeye positionestimators.The estimatesvereal-
wayswithin thetrue headregion.

6.4 Action Recognition

Given the reliable headtracking just described,recogni-
tion of several actionsin the meetingScenarioC became
straightforvard. Theseactionswere entering,exiting, go-
ing to the whiteboard,getting up and sitting down. The
first three can be recognisedby detectingwhere trackers
initialise and terminate. Sitting down and gettingup can
be recognisedy detectingwhenthe headcrosseghe hor-
izontal lines shovn in Figure5. Table 3 showvs an action
annotationobtained. This temporalsegmentationinto ac-



Figure7: Headestimatesat frame 105200f ScenarioC after50
differentrunsof thetrackingalgorithmstartingfrom thefirst frame
of the sequenceTheupperimageshaws theresultsusingSIR and
thelowerimagetheresultsusinglLW. Eachellipseis the meanof
thetenstrongesparticles.

tionswasqualitatively correctthroughoutboth Scenario
andC. No actionswerefalselydetectedr missed.

This actionrecognitionmethodobviously reliesheavily
on scene-specificonstraints Sinceonly afew examplesof
theseactionsoccurredin the dataprovidedit wasnot pos-

sibleto properlyevaluatethe methods ability to generalise.

Methodsbasedon learningmodelsof actioncould not be
properly evaluatedwithout larger datasetsof exampleac-
tionssotheapproachadoptedwvasto fit a simplemethodto
the availabledata. Recognitionof theseactionswasmade
relatively simpleby virtue of thesuccessf theheadraclker.

7 Conclusions

All meetingparticipantsveresuccessfullyrackedthrough-
out the long imagesequencewith automaticinitialisation
and terminationof tracking. They were tracked through
occlusionusingviews from two differentcameras.Given
somesimplescene-specificonstraintsthe trackingresults
enabledheactionsof enteringexiting, goingto the white-

Figure 8: Top: Distributions of the displacemenerrorsfor the
left andright eyes. Ground-truthis at the origin in the centreof
the plots. Bottom: Exampleimagesat the samescaleasthe plots
illustratingthe extentof headrotation.

board, sitting down and getting up to be recognised.All
suchactionsweredetectedvithout falsedetections.

Two trackers basedon SIR and ILW were compared.
The experimentsshawv thatthe varianceof SIR canbehigh
while the approximationaccurag is often poor. The ILW
tracker yielded betteraccuray andlower variance. There
areseveral otherparticlefiltering schemeshat shouldalso
give better performancethan standardSIR. For example,
theauxiliary particlefilter usesthe mostrecentobsenation
whencomputinganunbiasecdestimateof the posteriorf10].
In a previous overheadtracking experimentperformedby
theauthorst was,however, outperformeddy ILW.

In conclusionthe following pointscanbe maderegard-
ing performanceevaluation of tracking and surweillance
systemsuchasthoseusedhere.

It is not sufficient to compareperformancebasedon
singleruns,evenon long sequencednstead multiple
runs should be usedso that the variation due to the
stochastiqatureof thealgorithmscanbeanalysed.

Whencomparingdifferentalgorithms free parameters
shouldbe adjustedso that computationakxpenseper
frameis comparable.In the caseof comparingSIR
andILW, this wasachievzed by varyingthe size of the
particlesetsothatthenumberof lik elihoodevaluations
wasthesame.

Whenevaluatinga tracker, its role in the overall sys-
tem needsto be considered. In mary cases,frame-
by-frameaccuray is notasimportantasensuringthat



Activity Personl Persor? Persor3 Persord Persorb Persorb
Entersroom 10306 10487 11061 11219 10676 10852
Walking 10306- 10408 | 10488- 10559 | 11061-11061 | 11219- 11303 | 10677- 10757 10852
Sitting down 10409- 10412 | 10560- 10564 | 11062- 11066 | 11304- 11313 | 10758- 10765 | 10929- 10934
Sitting 10413- 11905 | 10565- 12424 | 11067- 12937 | 11314- 14821 | 10766- 14264 | 10935- 13676
Gettingup 11906- 11910 | 12425-2431 | 12938- 12946 | 14822- 14827 | 14265- 14269 | 13677- 13680
Walking to whiteboard 11911- 11979 | 12432- 12496 | 12946- 13040 | 14828- 14850 | 14270- 14325 | 13681- 13771
At whiteboard 11980- 12278 | 12497- 12790 | 13041- 13572 | 14851- 15160 | 14326- 14684 | 13772- 14070
Walking from whiteboard | 12279- 12356 | 12791- 12852 | 13573- 13651 | 15161- 15168 | 14685- 14764 | 14071- 14183
Sittingdown 12357- 12360 | 12853- 12857 | 13652- 13658 | 15189- 15193 | 14765- 15768 | 14184- 14190
Sitting 12361- 15435 | 12858- 15890 | 13659- 16465 | 15194- 18459 | 15769- 17733 | 14191- 17115
Gettingup 15435- 15438 | 15891- 15896 | 16466- 16470 | 18460- 18469 | 17734-17737 | 17116- 17122
Walking to whiteboard 15438- 15450 | 15897- 15986 | 16471- 16560 | 18470- 18486 | 17738-17824 | 17123- 17279
At white board 15450- 15800 | 15987- 16326 | 16561- 17100 | 18487- 18856 | 17825- 18262 | 17280- 17514
Walking from whiteboard | 15801- 15827 | 16327- 16399 | 17101- 17189 | 18857- 18866 | 18263- 18350 | 17515- 17518
Sittingdown 15828- 15833 | 16400- 16405 | 17190- 17196 | 18896- 18904 | 18351- 18357 | 17643- 17648
Sitting 15834- 20001 | 16406- 19170 | 17197- 19827 | 18905- 19597 | 18358- 19347 | 17522- 17642
Gettingup 20002- 20006 | 19171- 19177 | 19828- 19834 | 19598- 19608 | 19348- 19360 | 19005- 19009
Walking from room 20007- 20101 | 19178- 19269 | 19835- 19851 | 19608- 19704 | 19361- 19455 | 19010- 19107
Leavesroom 20102 19270 19852 19705 19456 19108

Table3: Thetemporalseggmentatiorobtainedof ScenariaC into actiities.

a tracker doesnot lose lock altogether The system
presentedheredid not loselock at all throughoutthe
sequencetested. Therole in the overall systemalso
determinedo someextentwhat ground-truthdataare
appropriate.

Goodtracking performancesimplifiesactionrecogni-
tion. Simplerulesbasedon headlocationwere suffi-
cientto classifyactionsfor datausedhere.Trainingof
more sophisticatedctionrecogniserandthe evalua-
tion of their ability to generalisavould requiremary
examplesof eachactionto be availablein the dataset.
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