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Abstract

Computervision-basedmonitoringwasusedfor automated
recognition of theactivitiesof participantsin a meeting. A
headtracker, originally developedfor monitoringin a home
environment,wasevaluatedfor this smartmeetingapplica-
tion usingthePETS-ICVS2003videodatasets.Theshape
of each person’sheadwasmodelledasapproximatelyellip-
tical whilst internalappearancewasmodelledusingcolour
histograms. Gradient and colour cueswere combinedto
providemeasurementsfor tracking usingparticle filters. A
particlefilter basedonIteratedLikelihoodWeighting(ILW)
wasusedwhich, in conjunctionwith thebroadlikelihoodre-
sponsesobtained,achievedaccuratetrackingevenwhenthe
motionmodelwaspoor. It wascomparedto thewidelyused
SamplingImportanceResampling(SIR)algorithm. Results
are reportedfor tracking and recognition of the actionsof
the six meetingparticipantsin the PETS-ICVSdata. ILW
outperformedstandard SIRandreliably trackedall partici-
pantsthroughoutthemeetingscenarios.

1 Introduction

A headtracker hasbeendevelopedfor usein a homemon-
itoring applicationwhich aimsto supportelderlypeopleto
live independently. This paperreportsanevaluationof the
applicationof thistrackerto asmartmeetingroomusingthe
PETS-ICVSdatasets.Theaim wasto automaticallyanno-
tatetheactivitiesof themeetingparticipantsbasedonvideo
data.Our premisewasthat reliabletrackingof theheadof
eachpersonwouldyield interestingannotationdatain terms
of motiontrajectoriesandthatthesein turncouldbeusedto
recognisecertainactionssuchasstandingup,sitting down,
entering,exiting andwalkingto thewhiteboard.Thesystem
neededto be ableto simultaneouslytrackmultiple people,
performautomaticinitialisation, handleperson-personoc-�
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clusionandcombinedatafrom two camerasto annotatethe
activity of all six participantsthroughouta meeting.

Visualtrackingis oftenformulatedfrom aBayesianper-
spectiveasaproblemof estimatingsomedegreeof belief in
thestate��� of an objectat time step � givena sequenceof
observations� 	 
 � . Bayesianfiltering recursively computesa
posteriordensitythatcanbewrittenusingBayesrule as:�
� ��� �
	 � � � ��	 ��� �
� � � ��	 � ��� �
	 � �
� ��� �
	 � (1)

Applying aMarkov assumption,theprior densityis thepos-
terior densitypropagatedfrom theprevioustime stepusing
adynamicmodel:

�
� ��� �
	 ����� �
� ��� �
	 � ��� � �
� ��� � � � � � ��� (2)

The posteriorin (1) cannotbe computedanalytically un-
lesslinear-Gaussianmodelsareadopted,in which casethe
Kalman filter provides the solution. As is well-known,
linear-Gaussianmodelsare unsuitablefor tracking in vi-
sualclutter. Instead,particlefilters areoftenusedto prop-
agatewhat are often non-Gaussian,multimodal densities
over time. A modificationto thefrequentlyusedSampling
ImportanceResamplingalgorithm, called IteratedLikeli-
hoodWeighting,wasemployed hereto improve the accu-
racy andconsistency of tracking.

Section2 briefly reviews somepreviouswork on track-
ing usingparticlefilters. Section3 describestheSampling
ImportanceResampling(SIR) filter anddiscussesits lim-
itations. In Section4 the IteratedLikelihood Weighting
(ILW) filter is introducedandmotivatedfor humantracking.
Section5 describestheheadmodelandthelikelihoodmea-
surementwhich is basedon combinedregion (colour) and
boundary(gradient)cues. Empirical resultson the PETS-
ICVS datasetsare reportedin Section6. Finally, some
conclusionsaredrawn in Section7.

2 Relevant Work

IsardandBlakesuggestedparticlefiltering for visualtrack-
ing in the form of Condensation[1]. They later suggested
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usinga secondarytracker to generatean importancefunc-
tion for sampling[2]. Particle filtering [3] is now popular
for trackingandseveralauthorshave suggestedalternative
samplingschemes.For exampleChooandFleet[4] useda
hybridMonteCarlofilter to sampletheposteriorfor human
tracking. Rui andChen[5] usedan unscentedKalmanfil-
ter to generateimportancedensitiesfor particlefilter-based
tracking.Deutscheretal. [6, 7] proposedannealedandpar-
titioned particlefiltering for humantracking. Othervaria-
tionson basicparticlefiltering have beenproposedoutside
the vision literature(seee.g. [8, 9, 10]). Arulampalamet
al. [11] provideausefultutorial.

3 Sampling Importance Resampling

Sampling ImportanceResampling(SIR) [3] (Condensa-
tion [1]) approximatestheposteriordensity�
� ��� � � � � ateach
timestep� by asetof  particles! �
"�
# $ "�
% &" '�( whereeach
particleis a weightedrandomsampleand ) &" '
( $ "�+*-, .Thefilteredposterioris then

�
� ��� . ( � � � . ( �0/1�
� � � . ( � ��� . ( � &2" '
( $ "� �
� ��� . ( � � "� � (3)

wheretheprior is now a mixturewith  components.The
SIR filter involves(i) selectingthe 3 � 4 mixturecomponent
with probability $ "� , (ii) drawing a samplefrom it, and(iii)
assigningthesampleaweightproportionalto its likelihood.
Resamplingis usedto obtainsampleswith equalweightsin
order to facilitatesamplingfrom the mixture in (3). The
algorithm is given in Table 1 for completeness.The dy-
namic(motion)modelis encapsulatedby thetransitionden-
sity �
� ��� . ( � �
"� � . Typically, a samplecanbedrawn from it
by addingrandomprocessnoiseand thenapplyingdeter-
ministicdynamics(drift).

In general,sequentialimportancesamplingfilters oper-
ateby drawing samplesfrom an importancedensity, 5 � �
� ,
andweightingthemusing(4) to give a particlerepresenta-
tion of theposteriordensity.

$ "� . ( / $ "� �
� � � . ( � �
"� . ( � �
� �
"� . ( � �
"� �5 � � "� . ( � � "� # � � . ( � (4)

TheSIRfilter is anexampleof asequentialimportancesam-
pling filter in which the prior is usedas the importance
density. This is a convenientchoicebecausean unbiased,
asymptoticallycorrectestimateof the posteriorcanbe ob-
tainedby simply weighting the sampleswith their likeli-
hood.Theresultingalgorithmis thereforeintuitiveandeas-
ily implemented. However, the prior is certainly not the
optimalchoiceof importancefunctionsinceit doesnot take
into accountthe mostrecentobservation, � � . ( . Sampling
usingSIRis particularlyinefficientwhenthelikelihoodis in

Draw samples�
"� . (76 �
� ��� . ( � �
"� �
Assignweights$ "� . ( * �
� � � . ( � �
"� . ( �
Normaliseweightssothat ) &" '�( $ "� . ( *8,Resamplewith replacementto obtain

samples�
"� . ( with equalweights,($ "� . ( *8, 9  ;: 3 )

Table1: TheSamplingImportanceResamplingAlgorithm

thetailsof theprior or if thelikelihoodisnarrow andpeaked
comparedto the prior. Although SIR givesan asymptot-
ically correctestimateof the posterior, its behaviour with
finite samplesetsis oftennotgood.Expectationscomputed
usingSIR have high varianceso that differentrunsof the
trackercanleadto verydifferentresults.In humantracking,
thedynamicmodelsusedcanoftenresultin poorpriorsdue
to unexpectedmotion. In suchcases,SIR will placemany
samplesin thewrongregionsof thestatespace.As aresult,
very largeparticlesetscanbe requiredin orderto achieve
acceptableperformance.King andForsyth [12] comment
thatSIR“will appearto befollowing tight peaksin thepos-
teriorevenin theabsenceof any meaningfulmeasurement”.

4 Iterated Likelihood Weighting

Greatcareis usuallytaken to ensurethatanunbiasedesti-
mateof theposterioris obtained.Theimportancesampling
stepof (4) isabias-correctingschemeusedto obtainsuchan
unbiasedestimate.However, approximationerrordepends
not only on the biasbut on the variance(the bias-variance
dilemma).If theimportancedensityis reasonablyaccurate,
the correctionstepmay in fact increasethe approximation
error for all but very largeparticlesets(see[13] for exam-
plesof this phenomenon).In otherwords,biasis reduced
at the cost of higher variancewhich can lead to a poorer
approximation.Furthermore,theprior densityis oftenpoor
andnoisy andit thereforemakeslittle senseto attemptto
obtainacomputationallyexpensive,highaccuracy approxi-
mationto theposterior. Thisis particularlytruein many hu-
mantrackingapplicationswhereinter-framemotionis often
poorlymodeledby thedynamicmodel(transitiondensity).

A schemeis usedherein which only asubsetof thepar-
ticles at eachtime stepare sampledfrom the ‘posterior’.
Theremainingparticlesareusedto increasesamplingin re-
gionsof high likelihoodvia a simpleiterative searchusing
the mostrecentobservation. This is usefulwhenthe prior
is poor andcanprevent trackingfailure in the caseof un-
expectedmotion, for example. Ratherthanattempta (po-
tentially expensive) bias-correctionstepfor thoseparticles
usedto searchhigh-likelihoodregions, they are weighted
at eachiteration basedon their likelihood. The resulting
algorithmis not unbiased.It canbethoughtof asSIR com-
binedwith an iterative applicationof SIR several timeson
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Table 2: The Iterated Likelihood Weighting Filter. Here_�` a�b cHd e a�fb�g is a transitiondensitywith expectedvalue aHfb .

thesameobservation. Thealgorithm,calledIteratedLike-
lihoodWeighting(ILW), is givenin Table2. After anintial
iteration of SIR, the sampleset is split uniformly at ran-
dominto two setsof equalsize. Oneof thesesetsis prop-
agatedto thenext time stepunalteredwhile thesamplesin
theothersetaresubjectedto further iterationsof diffusion,
likelihoodweightingandresampling.Giventhebroadlike-
lihoodresponses,thishastheeffectof migratinghalf of the
particlesto regionsof high likelihoodwhile the otherhalf
aresampledusingtheprior asthe importancefunction. In
asituationwheretheprior is good,its useasanimportance
functionby half the particleswill result in usefulsamples.
However, if the prior is poor, the iteratedparticlesetwill
still exploreregionsof high likelihood.

5 Head Model

In order to apply the above filtering schemeto the track-
ing problem,the statevector, = , andthe likelihoodmodel,D
E K F = G , mustbedefined.A well designedlikelihoodmodel
cansignificantlyimprovetrackingperformance[14].

Headshapeis reasonablywell approximatedas an el-
lipse in the imageirrespective of pose. Rui andChen[5]
useda fixed ellipse and tracked its 2D translationusing
Canny edges. Nummiaroet al. [15] usedan ellipse with
fixed orientation and a likelihood basedonly on color.
Birchfield [16] usedanellipseconstrainedto bevertically-
orientedandof a fixed eccentricityleaving only threepa-
rametersto beestimated.However, orientationandeccen-
tricity will vary with poseandposition. Therefore,all five
ellipseparametersareestimatedhere.

The likelihood model combinesintensity gradient in-

formationalongthe headboundarywith a color modelof
theellipse’s interior region. Thecolor-basedmeasurementh E i >? G is obtainedby computingthe intersectionof a j -D
color histogramof theellipse’s interior anda storedmodel
color histogram. The gradient-basedmeasurementk E i >? G
involvessearchingfor maximumgradientmagnitudepoints
alongshortradial searchline segmentscenteredon the el-
lipseboundary. Thereare j l suchlines,eachm pixelslong.
Theoverall likelihoodis computedasfollows:

D
E K ? F = >? G J E h E i >? G k E i >? G G nL+M> N A E h E i >? G k E i >? G G n (5)

Thishascharacteristicspreferableto theuseof boundary
cuesor region cuesalone. Theboundarycuealoneresults
in a noisy reponsewith many local maxima. The region
cuealoneresultsin a responsethatvariesmoreslowly with
translationbut which doesnot decreaseappropriatelywith
reducedscale.Thecombinedcue,ontheotherhand,givesa
clearmaximumin thecorrectlocationandvariesin a well-
behavedmannerasbothtranslationandscalechange.

6 Evaluation using PETS-ICVS Data

6.1 Data Sets

The experimentsreportedhereusedPETS-ICVSScenario
C: “Going to the white board” andScenarioB: “Perform-
ing FaceandHandGestures”.ScenarioC in particularis
usedto illustrateperformance(Figures2– 7). This wasa
sequencewhich beganwith eachof the six participantsin
turn enteringthensitting down. Subsequently, eachin turn
stoodup, walked to the whiteboard,wrote somethingand
thenreturnedto his seattwice. Finally, eachpersonin turn
exited theroom. Both ScenarioB andC wereusedto eval-
uatetheperformanceof thesystemin termsof its ability to
trackeachof thepeoplethroughoutentiresequences.Fur-
thermore,its ability to recognisetheactionsof 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 thesystemwasnever intendedto accurately
estimateeye positions,thesedataneverthelessprovidedan
indicationof theaccuracy andconsistency of headtracking
underanupright,frontal faceview assumption.

Threecameraviews were provided in the PETS-ICVS
data:two standardwall-mountedcamerasonoppositesides
of themeetingroomandoneomnidirectionalcameraplaced
in the centreof the room on a tabletop. The experiments
reportedhereusedonly thetwo wall-mountedcameras.
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Figure2: Frames17125,17130,17135and17140of ScenarioC viewed from Camera1. Whena headentersthe occlusionbox for
Camera2 (seeFigure1), this indicatesthat occlusionis expectedin Camera1 andany tracksin thecorrespondingregion of its field of
view aresuspendeduntil aftertheocclusion.Suspendedtracksareshown asgreenellipses.(Thehaloeffect aroundtheoccludingheadis
dueto interlacing.)

Figure1: Sceneconstraintsusedto performtracking(the large
boundingbox delimits thesearchregion), initialisation(thesmall
filled rectangleson eithersideindicateexpectedentryandexit re-
gions)andocclusion(the boxes in the centreindicateheadposi-
tions at which occlusionwould be expectedin the othercamera
view).

6.2 Initialisation and Occlusion Handling

Tracker initialisation andocclusionhandlingmadeuseof
scene-specificcontextual informationasillustratedin Fig-
ure1. The roomlayoutandthemaximumheightof a per-
sonmeantthat the headsof peopleon the far side of the
tablealways appearedbetweenthe upperand lower hori-
zontal lines in Figure1. Therefore,no particleswereever
propagatedoutsidethis boundingbox.

When a peoplepassin front of the cameraon the op-
positewall (visible in the uppercentreof Figure 1) they
occludethe view of the peopleon the nearsideof the ta-
ble from thatopposingcamera.The boxesnearthe centre
of Figure 1 indicateregions in which this occurs. When
suchanocclusioneventis detected,any tracksin thecorre-
spondingregionsof theopposingcamera’sfield of view are
suspendeduntil theocclusionis over. Providedthattheoc-
cludedpeopledo not move too muchwhile occluded,their
trackerswill recoverandcontinueto trackthem.Thismech-

anismwassuccessfulin all thePETS-ICVSdatatestedhere.
Figure2 showsanexamplein whicheachof thetrackersfor
thethreepeopleon thefarsideof theroomweresuspended
andrecoveredin turn dueto apersonnearthecameramov-
ing left to right acrossits field of view.

Initialisation wasperformedin expectedentry andexit
regionsindicatedin Figure1 by filled rectangles.A back-
ground subtractionalgorithm was applied in eachframe
within theseregions.Whenever significantchangewasde-
tected,an initial particlesetof headellipseswas instanti-
atedcentredwithin theregion anda tracker wasinitialised.
Colourhistogramswerelearnedfrom a singlefrontal head
view takenfrom thedataset.No histogramadaptationwas
needed. When a tracker’s estimatedheadellipse left the
field of view in thedirectionof thewhiteboard,thattracker
waitedfor thebackgroundsubtractionroutineto signalre-
entry. Whena tracker’sestimatedheadellipseleft theview
in thedirectionof theexit, thetrackerwasterminated.This
methodof initialisation,reinitialisationandterminationwaso p p q

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

6.3 Head Tracking Results

All the meeting participantswere successfullytracked
throughoutboththeScenarioB andC sequences.Figures3
and4 show aselectionof framesfrom eachof thetwo cam-
eraviews for ScenarioC trackedusingILW. For eachper-
son,aredellipseis usedto indicatethemeanestimatedfrom
the particlesetanda white ellipseto indicatethe meanof
the
o p

mostheavily weightedparticlesfor that frame. In
theseexamples,thesetwo estimateswerevery similar. The
meanof the

o p
strongestparticlesgaveatemporallysmooth

estimateof thelocationof thestrongestmodeof thedistri-
bution. Figure5 showsthetrajectoriesof thecentresof each
person’sheadfor theentiresequence.

StandardSIR filtering performedrelatively poorly. Fig-
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Figure3: Frames10950,11270,13630,13720,14280,14840,17200and19100of ScenarioC from Camera1 in which persons(4), (5)
and(6) aretrackedusingILW enteringtheroom,sittingdown, goingto thewhite-board(to theright of thefield of view) returningto their
seatsandfinally exiting theroom(to theleft of thefield of view).

Figure4: Frames10500,11065,11940,12810,13615,15790,16500and19200of ScenarioC from Camera2 in which persons(1), (2)
and(3) aretrackedusingILW enteringtheroom,sitting down, goingto thewhite-board(to theleft of thefield of view), returningto their
seatsandfinally exiting (to theright of thefield of view).

ure6 showsexampleframesfrom atypicalrunwith Camera
2. Trackerslost lock, becameattachedto backgroundclut-
terandsubsequentlytrackedthewrongperson.Theperfor-
manceof SIR wasbetterwith Camera1 becausetherewas
lessbackgroundclutter. However, trackingfailuresin the
Camera2 view confusedthe occlusionmanagementalgo-
rithm which in turn led to thetrackersin Camera1 failing.

Although the above runs were typical for these se-
quences,isolatedrunsof particlefilters arenot sufficient to
evaluateperformancedueto thevarianceof thefilters. Like-

lihoodcomputationis themaincomputationalexpensedur-
ing trackingandthedifferentfilters requiredifferentnum-
bersof likelihoodevaluationsper frame. In orderto obtain
a fair empirical comparison,the numberof particlesused
with eachfilter waschosensothatthenumberof likelihood
evaluationsper framewasequal,i.e. r s s particlesfor the
SIR, and50 for ILW, respectively. ILW used t iterations.
Likelihood evaluationsper frame were thus the samefor
eachmethod. Both filters were run with the sametransi-
tion density(a Gaussiancenteredon the previous sample)
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Figure5: Theestimatedtrajectoriesfor the headcentresfor the
entiredurationof ScenarioC. The positionsareshown for each
frameusingadifferentcolourfor eachperson,overlaidon images
of the empty meetingroom. The upper imageshows the view
from Camera1 andthelower imagetheview from Camera2. The
horizontalwhite lineswereusedfor actionrecognition.

andthesamenoiseparameters.Figure7 comparesmultiple
runsof thetwo filters on thesamesequence.TheSIR filter
failedin themajorityof runs.TheSIRtrackersfor person1
andperson2 maintainedlock in only u v w and u x w of runs
respectively. At leastoneof the SIR trackers lost lock inx y w of the runs. In contrast,ILW lost lock in only z w of
cases.Oneof theILW trackersalwaysmaintainedlock.

Ground-truthdatawere provided for the eye positions
for partof theScenarioB sequence.Thesystemdescribed
herewasnever intendedto estimateeye positions. Never-
theless,its performancewasquantitatively evaluatedusing
theseground-truthdataunderthesimplisticassumptionthat
thefacewasalwaysin afrontal,uprightview. Theeyeposi-
tionscanbeestimatedunderthis assumptionrelative to the
headellipse. This methodwill clearlybecomeinnaccurate
whentheassumptionis violatedby headrotation.Thedis-
tribution of displacementerrorsis shown in Figure8. The
meandisplacementin the y-direction was v { | pixels with
a standarddeviation of }�~�� { u . This variancewas due
to both slight headtilt violating the frontal view assump-

Figure6: Frames10400,10500,10550,11070,11090and11300
of ScenarioC seenby Camera2. HeretheSIRtracker losesperson
1 andlatertracksperson3 with two ellipsessimultaneously.

tion andsmall headtrackingerrors. Given thata headap-
pearsapproximatelyx v pixels in height, the error is rela-
tively smallandindicatesaccurateheadtracking.Errorsin
the � -directionwereof courselarger dueto the severevi-
olationof the frontal view assumptionwhenpeopleturned
their headsfrom sideto side. Themeandisplacementsfor
the left eye andright eye were � { � pixels and �7| { � pixels
with standarddeviationsof � � { | and � v { � respectively. This
can be regardedas a baselineperformanceagainstwhich
to compareeye positionestimators.Theestimateswereal-
wayswithin thetrueheadregion.

6.4 Action Recognition

Given the reliable headtracking just described,recogni-
tion of several actionsin the meetingScenarioC became
straightforward. Theseactionswereentering,exiting, go-
ing to the whiteboard,getting up and sitting down. The
first threecan be recognisedby detectingwhere trackers
initialise and terminate. Sitting down and getting up can
berecognisedby detectingwhenthe headcrossesthe hor-
izontal lines shown in Figure5. Table3 shows an action
annotationobtained. This temporalsegmentationinto ac-
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Figure7: Headestimatesat frame10520of ScenarioC after50
differentrunsof thetrackingalgorithmstartingfrom thefirst frame
of thesequence.Theupperimageshows theresultsusingSIRand
thelower imagetheresultsusingILW. Eachellipseis themeanof
thetenstrongestparticles.

tionswasqualitatively correctthroughoutbothScenariosB
andC. No actionswerefalselydetectedor missed.

This actionrecognitionmethodobviously reliesheavily
onscene-specificconstraints.Sinceonly a few examplesof
theseactionsoccurredin thedataprovided it wasnot pos-
sibleto properlyevaluatethemethod’sability to generalise.
Methodsbasedon learningmodelsof actioncould not be
properlyevaluatedwithout larger datasetsof exampleac-
tionssotheapproachadoptedwasto fit a simplemethodto
the availabledata. Recognitionof theseactionswasmade
relativelysimplebyvirtueof thesuccessof theheadtracker.

7 Conclusions

All meetingparticipantsweresuccessfullytrackedthrough-
out the long imagesequenceswith automaticinitialisation
and terminationof tracking. They were tracked through
occlusionusingviews from two differentcameras.Given
somesimplescene-specificconstraints,thetrackingresults
enabledtheactionsof entering,exiting, goingto thewhite-
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Figure8: Top: Distributionsof the displacementerrorsfor the
left andright eyes. Ground-truthis at the origin in the centreof
theplots. Bottom: Exampleimagesat thesamescaleastheplots
illustratingtheextentof headrotation.

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

Two trackers basedon SIR and ILW were compared.
Theexperimentsshow thatthevarianceof SIR canbehigh
while the approximationaccuracy is often poor. The ILW
tracker yieldedbetteraccuracy andlower variance.There
areseveralotherparticlefiltering schemesthatshouldalso
give betterperformancethan standardSIR. For example,
theauxiliaryparticlefilter usesthemostrecentobservation
whencomputinganunbiasedestimateof theposterior[10].
In a previous overheadtrackingexperimentperformedby
theauthorsit was,however, outperformedby ILW.

In conclusion,thefollowing pointscanbemaderegard-
ing performanceevaluation of tracking and surveillance
systemssuchasthoseusedhere.� It is not sufficient to compareperformancebasedon

singleruns,evenon long sequences.Instead,multiple
runs shouldbe usedso that the variation due to the
stochasticnatureof thealgorithmscanbeanalysed.� Whencomparingdifferentalgorithms,freeparameters
shouldbe adjustedso that computationalexpenseper
frame is comparable. In the caseof comparingSIR
andILW, this wasachievedby varying thesizeof the
particlesetsothatthenumberof likelihoodevaluations
wasthesame.� Whenevaluatinga tracker, its role in the overall sys-
tem needsto be considered. In many cases,frame-
by-frameaccuracy is not asimportantasensuringthat
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Activity Person1 Person2 Person3 Person4 Person5 Person6
Entersroom 10306 10487 11061 11219 10676 10852

Walking 10306- 10408 10488- 10559 11061- 11061 11219- 11303 10677- 10757 10852
Sittingdown 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: Thetemporalsegmentationobtainedof ScenarioC into activities.

a tracker doesnot lose lock altogether. The system
presentedheredid not loselock at all throughoutthe
sequencestested.The role in the overall systemalso
determinesto someextentwhat ground-truthdataare
appropriate.� Goodtrackingperformancesimplifiesactionrecogni-
tion. Simplerulesbasedon headlocationweresuffi-
cientto classifyactionsfor datausedhere.Trainingof
moresophisticatedactionrecognisersandthe evalua-
tion of their ability to generalisewould requiremany
examplesof eachactionto beavailablein thedataset.
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