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Abstract

We are interestedin methodsfor building more intelli-
gent cognitive vision systemsn our ActlPret project. The
aim of this projectis undesstandingthe activitiesof expert
opefators for teaching and education. Our appmad is to
learnmodelgfor thecomponentandlater thetaskandcon-
text of thevisualprocessingn the ActlPretsystemThepa-
perfirstintroduceggeneml issuesand someapproacesfor
the exampleof gestue learning and recaynition. Second,
aspectsof our cognitive visionframevork are describedas
they are relevant to the evaluation of the two approaches
testedhere. Third, the computationalmodelsfor the time
delay RBF (TDRBF) networkand Hidden Markov Model
(HMM) are describedandresultsgiven.Finally, extensions
of this work and conclusiongfor systemintegration of the
resultsare discussedn the light of task-basedontrol and
contetual processing

1. Introduction

Whatdo cognitive vision (CV) systemsentail? The ba-
sic approachesombinetechniquedrom symbolicor sub-
symbolicAl with computevisiontechniquesn someway.
Naturally, we thenencountemary of the majorissuesin
Al suchasknowledgerepresentatioandreasoninggontrol
andthe handlingof uncertainty aswell asmachinelearn-
ing. Much of thework assumeshatknowledgedrivesrea-
soningin visualinterpretation(seeingas), thusvisual con-
text is seenasessentiafor understandingvhatis depicted
in imagesor imagesequenceslf we areto build efficient
systemghatcantacklemary differenttasks,high-level at-
tentionandcontrol (seeingfor) is alsoseenasessentialln
addition,if we areto incorporatesceneandtaskknowledge,
we haveto addresshequestiornof how suchknowledgecan
be acquired(learning). Theseissuesareillustratedin this
paperusing prototypecomponentdor gestureanalysisin
the ActlPretProject.

The ActlPret framework is designedo supportthe es-

sentialelementsof CV: memoryorganisationof represen-
tationsfor objects,actions,behaiour stratgiesetc.; rea-
soningabouttheserepresentation® supportflexible deci-
sionsandactionsin the system;learning of both the task-
relevantrepresentationendhow to usethem;andcontrol of
both viewing geometryand selectve visual processing.A
schematialiagramis givenin Fig. 1 andbriefly describedn
the next sectionto give a context to thework reportedhere.
We aretaking a system-basedpproacho developmentof
thesecapabilitiesthat includesembodimentwith movable
camerasThereareseveralapproachegpossiblefor eachof
thesubproblemstask-basedontrol,cognitivelearningand
interpretatiorof actionsandactivity sequenceandlearning
to detectandreactto earlyvisualcues.Ourobjectivesareto
realiseaCV systenthatcanscaleupin compleity through
learning, with distributed control and robust performance
throughinformationintegration.

The generalproblemof taskbasedcontrol involvesse-
lecting processeandsettingtuneableparameterso getthe
requiredinformationfrom imagesfor a particularapplica-
tion. Such‘intelligent imageprocessing’hasreceved at-
tentionoverthepastdecadein Japarresearchasfocussed
on this problem[22], in the US [9] andin Europegeneral
toolshave beendeveloped[7, 8]. For example,areal-time,
knowledge-basegrogramsupervisionapproachhasbeen
applied[33]. Theadvantageof this approachs anexplicit,
declaratve descriptionof the relationshipsbetweenpro-
gram modules,their parametersand operatingconditions
etc. atthe conceptualevel. However, it is not clearhow
to distribute processin@ndintegratethe informationprop-
agationin this scheme. The proposedtask-basedontrol
for ActlPret adaptsprior researchon a Dynamic Decision
Network (DDN) approach15, 16], which usesprobabilis-
tic reasoningnodelswith reactive planningfor the Activity
Reasoningngine. The advantagesrean evolving proba-
bilistic interpretationthat canbe demandedt ary time in
the processingand control basedon utility/priority of the
resultswith respecto thetask.

Generatie graphicalmodelssuchasthe BayesianBe-
lief Network (BBN) or HiddenMarkov Model (HMM) are



widely usedat a more cognitive level in visual processing
sincethey supportnotonly learningbut alsosomekinds of
contetual processingndtaskcontrol,eg. [6]. Foranintro-
ductionto probabilisticreasoningn thesemodelssee[26]
andfor more variationallearningmethodssee[21]. Here
we focuson the HMM for gestureanalysis,which canbe
madesensitve to the detailedtask context. Oneadvantage
of HMMs is thatthe *hidden’ purpose®f regularbehaiour
patternscanbe easilylearnedrom examplesj.e. thestruc-
tureof themodelaswell astheparameterareeasilylearned
[31]. For example,in early work [14] the movementpat-
ternsof vehicleson an airport ground-planewere learned
to supportpredictive tracking. The Gaussians usuallyas-
sumedasunderlyingmeasuremennodelsoHMM models
canbe regardedas extendingGaussiamrmixture modelsby
having learntdynamicdependencieBetweerstates.These
have a chain of simple dependenciesn the immediately
previous statebut can be extendedto coupleddependen-
cieswith statesn anothetHMM to form a CoupledHidden
Markov Model (CHMM) [5] or to longertermtemporalde-
pendenciesvith previous statesn the sameHMM to form
aVariableLengthMarkov Model (VLMM) [12].

Artificial NeuralNetwork (ANN) techniquesarea pow-
erful, generabhpproacto patternrecognitiontasksandwill
work robustly for adaptiverecanition and reactionto be-
haviourcues Therearea wide variety of differentstatisti-
cally motivatedlearningmethodsfor suchmodels,asseen
in [3]. Classicalnetworks do not include a time dimen-
sionsothey have to be adaptedo dealwith dynamicscene
analysis.Someextendedmodelshave implicit timelike the
partially recurreninetworksof Elman[11] andJordan20],
which representemporalcontext by copying backthe hid-
denor outputnodestates However, thesenetworksarehard
to train dueto poor corvergenceg30]. Time canalsobe ex-
plicitly representedh the architectureat the network level
usingthe connectionsor canbe representect the neuron
level asin ‘spiking networks’ (for review see[13]). How-
ever, they have yet to be widely appliedin visual process-
ing asthereis ongoingdebateabouthow bestto propagate
informationto supportdifferenttasks. Here we focus on
time-delayRBF networks, which do not suffer from such
problemsfor applicationto our gestureanalysis.

In what follows we first set the sceneby describing
the ActlPret framework to supportcognitive vision (CV)
tasks.Thisis followedby descriptionof thecomputational
modelsfor the prototypegesturerecognitioncomponents
andthe 3D handtrajectorydatasetsusedin generatinge-
sults. The performancedor both the learningand recogni-
tion phaseusingthesemodelsis then contrastedn terms
of generalisatiorability. Extensionsof the methodsto al-
low taskcontroland more contect sensitve processingare
thendiscussedvith conclusionsandsuggestionsor further
work.
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Figure 1. A block diagram outlining the inte-
grated system.

2. Actl Pret Framewor k

The goal-orientednatureof CV canbeimplementedoy
dynamicselectionof the componentghat are bestsuited
to solve theimmediatetask. The major task-basedontrol
is at the synthesisandreasonindevel, thatis, the ‘control
policy’ makesthe overall probabilisticdecisionsto decide
whatprocessings next for the system.However, all levels
provide sometask-basedaontrol for lower level processes,
from componentsesponsibldor recognitionandtracking
down to theselectionof themostrelevantviews or features.
Thistask-basedontrolis mostflexible if thesecomponents
have somereasoningcapability In our framawork, belief
valueswill form the formal basisof probabilisticreason-
ing processes.In the longerterm, the task-basecdtontrol
stratgieswill belearnedn the context of the completesys-
tem. However, atfirst they will consistof hand-codeditil-
ity/priority estimatedogetherwith appropriatematricesof
conditionalprobabilitiesfor requestso thelowerlevel com-
ponents.

Thedistributednatureof our framework is supportecy
a‘serviceprinciple’ to allow the systento performquickly
whenthe compleity of thetasksis high. This enableshan-
dling of the resultsof external processingrom a service
that hasbeenrequestedogetherwith internal processing.
Theinformationintegrationofferedby probablisticreason-
ing methodswill ensurethat knowledgeavailablein each
componentanbeexploitedin thecurrentcontet. Thisalso
meansthat short-termmemoryis distributedto eachcom-
ponentasit is relatedto the reasoningand control. How-
ever, therecanalsobelearnednodelsin long-termmemory
which persistandarehandledby a modelsener.

Theextendablenatureof ourframework will alsobesup-



portedby learning, both ‘off-line’ and‘on-line’. Initially
learningtakesplaceoff-line (‘learningphase’onacompo-
nentby componenbasis,eg. learningto detectandrecog-
nise gesturesor learning of BBNs for actiity interpreta-
tion. For gestures3D handtrajectoriedrom thehandtrack-
ing componentare the input for learningto discriminate
betweentask-relatedyestureclassedor a variety of users.
Later, in the contet of thefull systempon-linelearningcan
improve this processingn a top-davn mannerby exploit-
ing informationat theinterpretatiorlevel. Somekind of re-
finementin the context of a particulartaskscenariademon-
stratedby an ideal user (‘expert phase’)is ervisaged. It
is alsopossiblethat we could adaptthe systemto specific
userswhenit is usedfor instructingtraineeq'tutor phase’).
Here,we first comparetwo approacheso the off-line ges-
tureanalysis.

3. Computational Modelsfor Gesture
3.1. Time Delay RBF Network

The RBF net is a two-layer, hybrid learning network
[23, 24], which combinesa supervisedayer from the hid-
dento the output units with an unsupervisedayer from
the input to the hiddenunits. The network modelis char
acterisedby individual radial Gaussiarfunctionsfor each
hiddenunit, which simulatethe effect of overlappingand
locally tunedreceptve fields. It is characterisedby com-
putationalsimplicity, supportedby well-developedmathe-
maticaltheory androbustgeneralisationpowerful enough
for real-time,real-life tasks[29, 32]. The nonlineardeci-
sion boundariesof RBF netsmalke bettergeneralfunction
approximationghanthe hyperplanereatedby the multi-
layer perceptron(MLP) with sigmoidunits[27], andthey
provide a guaranteedglobally optimal solutionvia simple,
linear optimisation. One advantageof the RBF net, com-
paredto the MLP, is thatit giveslow false-positie ratesin
classificatiorproblemsasit will not extrapolatebeyondits
learntexampleset. Thisis becauséts basisfunctionscover
only small localisedregions, unlike sigmoidalbasisfunc-
tions which are nonzeroover an arbitrarily large region of
the input space. RBF netsarealsofairly robustto partial
occlusiond1].

Oncetraining exampleshave beencollectedas input-
outputpairs, with the target classattachedo eachimage,
taskscan be learneddirectly by the system. This type of
supervisedearningcan be seenin mathematicatermsas
approximatinga multivariatefunction, so that estimations
of function valuescanbe madefor previously unseenest
datawhereactualvaluesare not known. This processcan
be undertalen by the RBF netusinga linear combination
of basisfunctions,onefor every training example,because
of the smoothnessf the manifold formedby the example

views of objectsin a spaceof all possibleviews of that
object[28]. This underliessuccessfuprevious work with
RBF netsfor facerecognitionfrom video sequence§l§],
whichusesanRBF unitfor eachtrainingexample andrapid
pseudo-inersecalculationof weights. An importantfactor
in thisapproachs theflexibility of theRBF netlearningap-
proachwhich allows formulationof thetrainingin termsof
the specificclassef datato be distinguished.For exam-
ple, extractionof identity, headposeand expressioninfor-
mationcanbe performedseparatelyon the samefacetrain-
ing datato learnacomputationallycheapRBF classifierfor
eachseparateecognitiontask[10, 19].

To extend this researchto supportvisual interaction,
genericgesturemodelsaredevelopedherefor the control of
attentionin gesturerecognition. In previouswork a time-
delay variant of the Radial Basis Function (TDRBF) net
recognisegointingandwaving handgesturesn imagese-
guencedq17]. Characteristiovisual evidenceis automati-
cally selectedduring the adaptve learningphase depend-
ing onthetaskdemandsA setof interaction-relgantges-
turesweremodeledandexploitedfor reactve on-linevisual
control. Theseweretheninterpretedasuserintentionsfor
live control of an active camerawith adaptve view direc-
tion andattentionalfocus. For ActlPret, someof theideas
for zoomingin on activities canstill be exploited. Also the
gesturerecognitionis an excellentpredictive cuefor mary
of theactionsandactiitiesin our ActIPretscenariosAt the
earlierlevels of processingput particularlyin the gesture
recognition,reactive behaiour is importantfor both cam-
eramovemeniandinvokingfurther*attentional’ processing.
The schemds adaptechereto accept3D handtrajectories
for predictive gesturerecognition. The gesturerecognition
usedtri-phasicgesturedetectorsasin our previouswork on
predictive control[19].

3.2. Hidden Markov M odel

A HiddenMarkov Model (HMM) is a doubly stochas-
tic process,i.e. thereis an underlyingstochasticprocess
that is not obsenable (hidden)but can only be obsened
throughanothersetof stochastigprocessethatproducethe
sequenceof obsened symbols[31]. The HMM is char
acterisedby a triple A = (m, A, B) whereA is a square
(IV x N) matrix of probabilitiesfor transitionshetweenNv
discretehiddenstatesr is a vectorof probabilitiesdescrib-
ing theinitial stateof themodel(attime¢ = 0) andB is a
N x M matrix accountingfor the mappingbetweerthe N
hiddenstatesandthe M output(obsenable)symbols.

Whilst the internal N hiddenstatesarealwaysdiscrete,
the M output statesmay be discrete(in which caseB is
a probabilistic confusion matrix) or continuous. Where
the output statesare continuoussymbols,or more gener
ally, continuousvectors,the B probability density gener



ally takestheform of ameasuref probabilitythatthe vec-
tor will be betweenz anddz. The mostcommonlyused
form if this densityis the Gaussiany-componenimixture
density Then, obsenation symbolsare modelledas mix-
turesof Y GaussiarcomponentgY is the dimensionality
of the obsenationfeaturespace). B thenaccountsfor the
relationshipbetweerthehiddenstatesandtheparametersf
the Gaussiartomponentskor agoodaccounbf parameter
estimatiorfor continuousdensitiesseeBilmes[2].

Thereare three generalproblemswe may solve using
HMMs. Givenasetof obsenationsymbolsO anda model
A we cancalculatethe probability of thatsequence(O|\)
(forward evaluation). Given O and A we candeducethe
mostlikely sequenceof hiddenstates(Viterbi decoding).
Finally, andmostrelevantfor whatfollows, givenO we can
estimatemodelparameters. thatmaximisethe probability
of O. The mostcommonform of HMM model parame-
ter estimationis the Baum-Welch algorithm (describedn
[31]) which is aniterative non-globallyoptimal procedure
for maximumlik elihoodestimation.

To traina HMM usingBaum-Welch, a setz of training
obsenation sequence®),, O-, ..., O, are presentedo the
iterative procedure.This is an unsupervisedearningpro-
cessasthereis no annotatioror notion of correct/incorrect
obsenations;the proceduresimply finds the bestpossible
model A thatit can. The userspecifieshe numberof hid-
denstatesto be used. The resulting A canthenbe usedto
estimatethe probability of previously unseerobsenations
(i.e. usedasa classifier),or usedto probabilisticallygen-
erateexemplarsbasedon the model. This presentsa chal-
lengein determiningthe size of the generalisedepresen-
tation (hiddeninternal structure)necessaryo capturethe
full N-dimensionaldynamicsof the training set. Too min-
imal a structurewill resultin over generalisatiorandpoor
generatie propertiesfoo extensive astructurewill resultin
over-fitting andlossof generalisation.

To capturegesturemodels, we use a continuousout-
put HMM with training obsenation sequencesepresented
as 6-valuedvectors(2 setsof 3-D hand velocities— see
next section)with the obsenation symbolsmodelledas 6-
componentmixture of Gaussiarfunctions. We thenvary
the numberof internaldiscretehiddenstateso explorethe
underlying dimensionalityof the training set (which cor-
respondsapproximatelyto the numberof distinct gesture
phasespndto demonstrate¢he ability of the HMM to dis-
tinguishthelearnedgesturegrom othergestures.

3.3. Gesture Data

The gesturedatausedfor the experimentsin this paper
wasthe TerminalHand Orientationand Effort Read Study
Databasereatecby HumanMotion Simulationatthe Cen-
terfor ErgonomicsUniversityof Michigan,USA. 3-D hand

Figure 2. The target system for the HUMOSIM
hand trajector y data.

trajectorydatawas collectedfrom 22 subjectsof varying
genderage,andheight.Nineteerof thesubjectsvereright-
handedandtwo wereleft-handed.210targetlocationsand
handorientationswvereused giving atotal numberof 4,410
trials andthe 8,820reachmovements.

Fig. 2 shows the target systemfor the HUMOSIM hand
trajectorydata.Four towerswereused from 45° left of the
subjectto 90° right, eachof which hadthree‘pods’ astar-
gets.Thereis furthervariationin thetargets,aseachof the
podshasfive cubesgachof which canusefour handorien-
tations.For the experimentsn this paperwe consideronly
tower/podcombinationg12 in all). Eachtrial produceda
file of 3-D locationsfor two pointson the subjects hand.
For eachtrial, datawas collectedat 25Hz for a sequence
consistingof five distinctphases.

e Startwith a statichandplacedat a ‘homelocation’ on
thesubjectsleg, followedby:

¢ A movementowardthetarget,which we termget
e A staticphasewhile the handis atthetamget;

e A secondmovement,away from the target, which we
termreturny

e A final staticphaseatthe homelocation.

Eachresultingdatafilecontained0-135timesteps.
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Figure 3. Generalisation for TFRBF network trained with targets in Tower O (45° left), when tested
with complete hand trajectories from (a) Tower 0, (b) Tower 1 and (c) Tower 2. Values for output units
for each gesture phase class (y axis) are shown for each timestep (x axis).

4. Reaults

To analyseandcompareéhe TDRBFandHMM methods,
we consideronespecificlearningtask: learninga subsebf
trajectoriedor Tower 0, andtestinggeneralisatioy vary-
ing thetesttrajectoriedor all four tower positions.

For both methods, the 3-D location data was pre-
processedby differencingit from onetime stepto the next
(relative motionor velocity data).

4.1. TDRBF Performance

To trainthe TDRBF network, we usedafixedtime delay
lengthof six time stepsandsegmentedhetrainingdataau-
tomaticallyaccordingto the level of relatve motionwithin
successie time delaysegments.Basedon the definition of
thetrial dataabove, we assumeawo distinctmovementsare
containedin eachtrial datafile, with static periodsinbe-
tween.We imposethreephaseswithin eachof thesemove-
ments:a pre-phaseat the startof movementa mid-phase
at the midpoint betweenstartand end of movementanda
post-phaseat the end of movement. If we add an extra
classfor stasis,or no movementthis givessevenclassesn
all:

e pre-get, mid-get, post-get
e pre-return,mid-return, post-ieturn

e stasis

The three-phasestructurefor gestureclassificationis
basedon previous work [19], wherewe found it allowed
morereliablerecognitionaswell assupportingprediction.
Thestratgyy wasto only accepspecificsequencesf phases

asreal gesturesgg. the pre-phasseededo be obsened
beforethe mid-phase and confirmedby the post-phasdo
supportappropriatattentionframeshiftsfor visualinterac-
tion. Time delaysegmentswith very low levels of relative
motion are ignored by the TDRBF network and immedi-
atelyclassifiedasstatic.

To testthetrained TDRBF network, we presentedtom-
plete trajectory files from targets not used for training.
Fig. 3 shows theresultsfor a TDRBF network trainedwith
19trajectoriedrom target3, whichis on Tower 0 (45° left),
whentestedwith anothertrajectoryon Tower O, for tarmget
212onTower1 (0° ) andtarget321on Tower 2 (45° right).
Statictime stepsaredenotedby all outputssetto zero.

Smoothtransitionscan be seenbetweenphaseclasses,
andall time stepsarecorrectlyclassified,evenfor specific
peopleand timestepsnot includedin the training set. A
gradualdegradationin generalisatioris seenasthe angle
betweertrain andtestdataincreasesA furthertestto clas-
sify datafrom Tower 3 (90° right) was attempted put the
network wasnot ableto classifyarny part exceptthe static
phases.

4.2. HMM Performance

The HMM wastrainedusing a fixed number(typically
1000)iterationsof the Baum-Welch algorithmwith a vari-
ablenumberof hiddenstates BaumWelchproducesnon-
globally optimal solution to maximisep(A|O). We then
usedtheresultingmodel X to ‘classify’ examples.Classifi-
cationis normallytakento meanestimatingp(Opover |A) DY
forward evaluation,but herewe meanit to referto Viterbi
decodingwherewe wish to find the mostprobableinternal
sequence®f hiddenstatesfor O,,e;. This is becauseve

wantedto comparehetransitionsbetweerthe hiddenstates
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Figure 4. Test generalisation for an HMM trained with targets in Tower 0 (45° left), when tested with
complete hand trajectories from (a) Tower 0, (b) Tower 1 and (c) Tower 2. Details as for Fig. 3, except

for extra staticclass.

with the functionalgesturephasesiefinedfor the TDRBF
model.

Viterbi decodingfirst requiresthe forward evaluation
procedure. The probability valuesin the forward evalua-
tiontrellis tendgeometricallytowardzero(aswe arealways
multiplying togethewvaluesthatarelessthan0). In orderto
avoid mathematicalinderflav, we normalisedeachtrellis
column. This doesnot affect the statedransitions but does
re-scaleheterminalp(Onover|A). This normaliseddataef-
fectively representshe relative contribution madeby each
Gaussiarfunctionateachtime step.This makesthedatadi-
rectly comparablevith TDRBF model. All we thenneeded
to do wasto decodethe relationshipbetweenthe abstract
numberechiddenstatesandthe functionalgesturephases.
Thiswasachievedby comparingthe hiddenstatetransition
sequencéor anobsenationsequencéhathadalreadybeen
trained (on benchmarksequencevith the functional ges-
turephases.

A ‘good classification’of a novel obsenation sequence
is the definedasonewherethe hiddenstatetransitionsare
gualitatively the sameas for the benchmarksequence.A
formal classifiermetric canthen be definedas the fit be-
tweenthe two setsof transitions. The numberof hidden
statesin the HMM was varied betweenthree and thirty,
with low numbersbeing unableto adequatelyreconstruct
thedata,andhighernumbergendingto overfit the data.

Analysisof thefit betweerthe probability of the model
parametergjiven the training dataand the numberof hid-
denstatesshavs thatthefit reachesnoptimalpointwhere
low numbersf hiddenstatesarematchedagainstability to
generalise.In our particulartask, this point was typically
wherethe HMM had seven hiddenstates(similar to [25].
This supportsthe seven-classsystemimposedduring the
TDRBF network training sincethe HMM will clusterthe

to maximisethe probabilitiesof correctly classifyingthe
training data. Also, the solutionfoundin this casecanbe
interpretedn the samecontext asthe RBF model.

To testthe trainedHMM, aswith the TDRBF networks
testsabove, we presentedompletetrajectoryfiles from tar-
getsnot usedfor training. Fig. 4 shaws the resultsfor an
HMM trainedwith 19 trajectoriesfrom target 3, which is
on Tower O (45° left), whentestedwith anothertrajectory
on Tower 0, for target212 on Tower 1 (0° ) andtarget321
on Tower 2 (45° right). The seventhhiddenstateexplicitly
representsimestepsof minimal motion, interpretedasthe
‘static’ gestureclass.As with the TDRBF tests generalisa-
tion graduallydecreaseasthe anglebetweertrain andtest
dataincreases.

5. Discussion

It can be seenthat both the TDRBF and HMM ap-
proachesnodelthe handtrajectorydataefficiently, captur
ing the seven-statestructureFig. 5. In both, the temporal
context wassuccessfullycapturedduring trainingandused
in recognition.They canalsobothgeneralis@mvermoderate
variationsn motionandposition,atleastonetowerposition
(45° variation)and,in somecircumstancestwo tower po-
sitions(90° variation). The solutionto handlinga complete
rangeof tower positionswould beto provide training data
coveringalargerrangeof targetsover severaltowers,asin
previousRBF studieq18].

5.1. Task Control

Within the ActlPret system,the gesturerecognitionis
doneon demandrom the reasonindevel. It is partof pre-
reasoningj.e. gatheringrelevant evidenceto supportthe



interpretationof activity. The serviceprinciple within our
framework is indifferentto the methodactuallyembedded
within the systemcomponents.Thus, we canconsiderei-
theror both of thesetwo approache$o gesturerecognition
but needfurther information about'QoS’, quality of ser
vice,andcomputatiortime. Thesemeasuresffecthow ap-
propriatethe serviceis for the immediatetask as well as
placingit someavherealonga continuumof attention(pre-
attentveto attentvephaseasshovnin Fig. 1). This,in turn
canaffect processindgurther down the systemasthe hand
trackingservicesare alsoervisagedto operatewith differ-
entQoS.In the moreattentve phasethereis more contex-
tual information available and higher computationalkcosts
areacceptablsincethe numberof possibleinterpretations
shouldbelow. This makestheHMM approaclamorenatu-
ral candidatefor attentive processing@and TDRBF for more
reactve processing.

5.2. Using Context

In previouswork [14], HMM trajectorypredictionfrom
entry regionsthroughintermediatestatesto the re-fuelling
or baggage-handlingegions was augmentedby updates
on the position of vehiclesfrom lower level vision for a
known vehicletype. In general,scenecontet andaspects
of the top-down interpretationor bottom-upvisual infor-
mationfrom momentto momentcan be usedto augment
processingn an HMM without going to a full hierarchi-
cal BBN or DBN. In our case additionalcontext variables
could be introducedinto the training data(for example,to
indicate the target tower) [4]. Theseadditionalvariables
would causeseparaté&aussiartomponents$o begenerated
in featurespacesuchthateachcontext would have aninde-
pendentepresentationThus,during classificationwe can
estimateprobabilisticmembershigor thesetower-gesture
contexts.

6. Conclusion

We have contrastedwo prototypeGestureRecognition
componentsabove and shovn that both approacheyield
promisingresults,the HMM in a moreunsuperviseanan-
ner than the TDRBE Although the first layer of weights
learnedduringtrainingareunsuperviseih the TDRBF, the
mappingof classprototypesonto the task-rel@ant classes
needgo be supervisedinda sevenphasestructurewasim-
posed. The HMM could discover this structurefrom data
clustering. Performancen the learningandgeneralisation
taskswasbroadlysimilar, althoughtrainingthe HMM with
the Baum-Welch algorithmtakeslongerthanweight train-
ing in the RBF network. The TDRBF wascodedin C and
adaptedrom previouswork in the ISCANIT project[19],
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while theHMM wasjustdevelopecdherein Matlabfor com-
parison.Thus,it is prematureo givefull QoSandcomputa-
tional costsbut thesewill beestablishedn futurework. As

in thediscussiorabove,thereis greatepotentialfor contex-

tual processingisingtheHMM for attentve processingnd
it is likely thatthe TDRBF couldsupplyinitial fast,reactve
results.

We alsointroducedheproposedpproacho taskcontrol
within the ActlPretsystemusinga DynamicDecisionNet-
work (DDN) of somekind, eg. [16], in the Activity Reason-
ing Engine,seeFig. 1. However, we alsowantdistributed
controlin thelower levelsandoneway of imposingthis is
by conditionalprobability matricesto activatethe services
within eachlower componentA servicecall in the system
requiresat leastQoS,computationatostandpriority met-
rics. Initially, it is proposedo handcodeutility/task rele-
vancenodes(eg. watch/ignore)hat determinethe priority
metric. In thelongerterm,in the context of acompletesys-
tem, we hopeto learnthesedynamicdependenciedt may
be thatin orderto determinetask-rele@anceautomatically
in this way, a uniform Bayesianapproachusing probabil-
ity estimatess preferred. However, it may be that other
probabilisticevidencemeasure$or currenttaskhypotheses
suchasthe confidencemeasuresvailable from RBF nets
areequallylearnable.This, togetherwith optimal methods
of exploiting taskand scenecontext, areissuesfor further
research.
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