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Abstract

We are interestedin methodsfor building more intelli-
gentcognitive vision systemsn our ActlPret project. The
aim of this projectis undeistandingthe activitiesof expert
opefators for teaching and education. Our appmad is to
learnmodeldor thecomponentandlater thetaskandcon-
text of thevisualprocessingn the ActlPretsystemThepa-
perfirstintroducesyeneanl issuesand someapproadcesfor
the exampleof gestue learning and recanition. 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-basedontmol and
contectual processing

1. Introduction

Whatdo cognitive vision (CV) systemsentail? The ba-
sic approachesombinetechniquedrom symbolicor sub-
symbolicAl with computewision techniquesn 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 strat@ies etc.; rea-
soningabouttheserepresentationt® supportflexible deci-
sionsandactionsin the system;learning of both the task-

relevantrepresentationendhow to usethem;andcontrol of
both viewing geometryand selectve visual processing.A
schematiaiagramis givenin Fig. 1 andbriefly describedn
the next sectionto give a context to thework reportedhere.
We aretaking a system-basedpproacho developmentof
thesecapabilitiesthat includesembodimentwith movable
camerasThereareseveralapproachepossiblefor 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 taskbasedcontml involvesse-
lecting processeandsettingtuneableparameterso getthe
requiredinformationfrom imagesfor a particularapplica-
tion. Such‘intelligent image processinghasreceved at-
tentionoverthe pastdecadein Japarresearchasfocussed
on this problem[21], in the US [8] andin Europegeneral
toolshave beendeveloped[6, 7]. For example,areal-time,
knowledge-basegrogramsupervisionapproachhasbeen
applied[32]. Theadwantageof this approaclhs anexplicit,
declaratve descriptionof the relationshipsbetweenpro-
gram modules,their parametersand operatingconditions
etc. atthe conceptualevel. However, it is not clearhow
to distribute processingandintegratethe informationprop-
agationin this scheme. The proposedtask-basedontrol
for ActlPret adaptsprior researcton a Dynamic Decision
Network (DDN) approach14, 15|, which usesprobabilis-
tic reasoningnodelswith reactve planningfor the Activity
Reasoningengine. 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 supportnot only learningbut alsosomekinds of
contetual processingndtaskcontrol,eg. [5]. Foranintro-
ductionto probabilisticreasoningn thesemodelsseg[25]
andfor morevariationallearningmethodssee[20]. Here



we focuson the HMM for gestureanalysis,which canbe
madesensitve to the detailedtask context. Oneadvantage
of HMMs is thatthe *hidden’ purpose®f regularbehaiour
patternsanbe easilylearnedrom examplesj.e. thestruc-
tureof themodelaswell astheparameterareeasilylearned
[30]. For example,in early work [13] the movementpat-
ternsof vehicleson an airport ground-planewere learned
to supportpredictive tracking. The Gaussiaris 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) [4] or to longertermtemporalde-
pendenciesvith previous statesn the sameHMM to form
aVariableLengthMarkov Model (VLMM) [11].

Artificial NeuralNetwork (ANN) techniquesrea pow-
erful, generabhpproactto patternrecognitiontasksandwill
work robustly for adaptiverecagnition and reactionto be-
haviourcues Therearea wide variety of differentstatisti-
cally motivatedlearningmethodsfor suchmodels,asseen
in [2]. Classicalnetworks do not include a time dimen-
sionsothey have to be adaptedo dealwith dynamicscene
analysis.Someextendedmodelshave implicit timelike the
partially recurreninetworksof Elman[10] andJordan19],
which representemporalcontext by copying backthe hid-
denor outputnodestates However, thesenetworksarehard
to train dueto poor corvergenceg29]. Time canalsobe ex-
plicitly representedh the architectureat the network level
usingthe connectionsor canbe representect the neuron
level asin ‘spiking networks’ (for review see[12]). 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 phaseusing thesemodelsis then contrastedn terms
of generalisatiorability. Extensionsof the methodsto al-
low taskcontrolandmore contect sensitve processingare
thendiscussedvith conclusionsandsuggestionsor further
work.

2. Actl Pret Framework

The goal-orientednatureof CV canbeimplementedyy
dynamicselectionof the componentghat are bestsuited
to solve theimmediatetask. The major task-basedaontrol
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Figure 1. A block diagram outlining the inte-
grated system.

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 componentsesponsibleor 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-basedontrol
stratgieswill belearnedn the context of thecompletesys-
tem. However, atfirst they will consistof hand-codeditil-
ity/priority estimatedogetherwith appropriatematricesof
conditionalprobabilitiesfor requestso thelowerlevel com-
ponents.

Thedistributednatureof our framework is supportedy
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 actity interpreta-
tion. For gestures3D handtrajectoriefrom thehandtrack-
ing componentare the input for learningto discriminate



betweentask-relatedyestureclassedgor a variety of users.
Later, in the context of thefull systempn-linelearningcan
improve this processingn a top-davn mannerby exploit-

ing informationattheinterpretatiorlevel. Somekind of re-

finementin thecontext of a particulartaskscenariademon-
stratedby an ideal user (‘expert phase’)is ervisaged. It

is alsopossiblethat we could adaptthe systemto specific
userswhenit is usedfor instructingtraineeqtutor phase’).
Here,we first comparetwo approacheso the off-line ges-
tureanalysis.

3. Computational Modelsfor Gesture
3.1. Time Delay RBF Network

The RBF network is a two-layer, hybrid learning net-
work [22, 23], which combinesa supervisedayerfrom the
hiddento the outputunitswith anunsupervisedayerfrom
the input to the hiddenunits. The network modelis char
acterisedby individual radial Gaussiarfunctionsfor each
hiddenunit, which simulatethe effect of overlappingand
locally tunedreceptvefields. It is characterisetty compu-
tationalsimplicity, supportedy well-developedmathemat-
ical theory androbustgeneralisationpowerful enoughfor
real-time,real-life tasks[28, 31]. The nonlineardecision
boundarieof RBF networks make bettergeneralfunction
approximationghanthe hyperplanesreatedby the multi-
layer perceptron(MLP) with sigmoidunits[26], andthey
provide a guaranteedglobally optimal solutionvia simple,
linear optimisation. One adwantageof the RBF network,
comparedo theMLP, is thatit giveslow false-positierates
in classificationproblemsasit will not extrapolatebeyond
its learntexampleset. This is becausats basisfunctions
cover only small localisedregions, unlike sigmoidalbasis
functionswhich arenonzerooveranarbitrarily largeregion
of theinputspace.

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 unseerntest
datawhereactualvaluesare not known. This processcan
be undertalen by the RBF network using a linear combi-
nation of basisfunctions,one for every training example,
becausef the smoothnes®f the manifold formedby the
exampleviews of objectsin a spaceof all possibleviews
of thatobject[27]. Thisunderliessuccessfupreviouswork
with RBF netsfor facerecognitionfrom video sequences
[17], which usesan RBF unit for eachtraining example,
and rapid pseudo-inersecalculationof weights. An im-
portantfactorin this approactis theflexibility of the RBF
network learningapproachwhich allows formulationof the
trainingin termsof the specificclasseof datato be distin-

guished.For example,extractionof identity, headposeand
expressionnformationcanbe performedseparatelyon the
samefacetraining datato learn a computationallycheap
RBF classifierfor eachseparateecognitiontask[9, 18].

To extend this researchto supportvisual interaction,
genericgesturemodelsaredevelopedherefor the control of
attentionin gesturerecognition. In previous work a time-
delay variant of the Radial Basis Function (TDRBF) net-
work recognisegointingandwaving handgesturesn im-
agesequencefl6]. Characteristiovisual evidenceis auto-
matically selectedduring the adaptive learningphase,de-
pendingon thetaskdemandsA setof interaction-relgant
gestureswvere modelledand exploited for reactie on-line
visual control. Theseweretheninterpretedas userinten-
tionsfor live controlof anactive camerawith adaptve view
directionand attentionalfocus. For ActlPret, someof the
ideasfor zoomingin on actiities can still be exploited.
Also the gesturerecognitionis an excellentpredictve cue
for mary of the actionsandactuities in our ActlPret sce-
narios.At theearlierlevelsof processingbut particularlyin
the gesturerecognition reactve behaiour is importantfor
both cameramovementand invoking further ‘attentional’
processingThe schemds adaptechereto accept3D hand
trajectoriesfor predictive gesturerecognition. The gesture
recognitionusedri-phasicgesturedetectorsasin our previ-
ouswork on predictive control[18].

3.2. Hidden Markov Mode€

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
sequencef obsened symbols[30]. The HMM is char
acterisedby a triple A = (w, A, B) whereA is a square
(IV x N) matrix of probabilitiesfor transitionshetweenN
discretehiddenstatesr is a vectorof probabilitiesdescrib-
ing theinitial stateof themodel(attimet¢ = 0) andB is a
N x M matrix accountingfor the mappingbetweerthe N
hiddenstatesandthe M output(obsenable)symbols.

Whilst the internal N hiddenstatesarealwaysdiscrete,
the M outputstatesmay 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 densitygener
ally takesthe form of ameasuref probabilitythatthevec-
tor will be betweenz anddx. The mostcommonlyused
form if this densityis the GaussianY-componentmixture
density Then, obsenation symbolsare modelledas mix-
turesof Y GaussiarcomponentgY is the dimensionality
of the obsenation featurespace). B thenaccountdor the
relationshipbetweerthehiddenstatesandtheparametersf
the Gaussiartomponentskor agoodaccounbof parameter
estimationfor continuousdensitiesseeBilmes|[1].



Thereare three generalproblemswe may solve using
HMMs. Givena setof obsenationsymbolsO andamodel
A we cancalculatethe probability of thatsequence(O|\)
(forward evaluation). Given O and A we candeducethe
mostlikely sequenceof hidden states(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
[30]) 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 ) thatit can. The userspecifiesthe numberof hid-
denstatesto be used. TheresultingA 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 generalisatiorand poor
generatie propertiesfoo extensive astructurewill resultin
overfitting 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-
tinguishthelearnedgesturerom 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
trajectorydatawas collectedfrom 22 subjectsof varying
genderage,andheight.Nineteerof thesubjectsvereright-
handedandtwo wereleft-handed.210targetlocationsand
handorientationsvereused giving atotal numberof 4,410
trialsandthe 8,820reachmovements.

Fig. 2 shaovs thetargetsystemfor 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-

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

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 movementtowardthetarget,which we termget;

A staticphasewhile the handis atthetarget;

A secondmovement,awvay from the target, which we
termreturn

A final staticphaseatthe homelocation.

Eachresultingdatafilecontained30-135timesteps.

4. Reaults

To analyseandcompareéhe TDRBFandHMM methods,
we consideronespecificlearningtask: learninga subsebf
trajectoriedor Tower 0, andtestinggeneralisatiofy 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 steps andsegmentedhetrainingdataau-
tomaticallyaccordingto the level of relatve motionwithin
successie time delaysegments.Basedon the definition of
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Figure 3. Generalisation for TDRBF network trained with targets in Tower 0 (45° left), when tested
with complete hand trajectories from (a) Tower O, (b) Tower 1 and (c) Tower 2. Values for output units
for each gesture phase class (y axis) are shown for each time step (x axis).

thetrial dataabove, we assumewo distinctmovementsare
containedin eachtrial datafile, with static periodsin be-
tween.We imposethreephaseswithin eachof thesemove-
ments:a pre-phaseat the startof movementa mid-phase
at the midpoint betweenstartand end of movementanda
post-phasgat the end of movement. If we add an extra
classfor stasisor no movementthis givessevenclasses:

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

The three-phasestructurefor gestureclassificationis
basedon previous work [18], wherewe found it allowed
morereliablerecognitionaswell assupportingprediction.
Thestratgyy wasto only accepspecificsequencesf phases
asreal gesturesgg. the pre-phaseneededo be obsened
beforethe mid-phaseand confirmedby the post-phasédo
supportappropriatattentionframeshiftsfor visualinterac-
tion. Time delay segmentswith very low levels of relative
motion are ignored by the TDRBF network and immedi-
ately classifiedasstatic.

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

Smoothtransitionscan be seenbetweenphaseclasses,
andall time stepsare correctly classified,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 classifyany part exceptthe static
phases.

4.2. HMM Performance

The HMM wastrainedusing a fixed number(typically
1000)iterationsof the Baum-Welch algorithmwith a vari-
ablenumberof hiddenstatesBaumWelchproducesanon-
globally optimal solution to maximisep(A|O). We then
usedtheresultingmodel to ‘classify’ examples.Classifi-
cationis normallytakento meanestimatingp(Opover |A) DY
forward evaluation,but herewe meanit to referto Viterbi
decodingwherewe wish to find the mostprobableinternal
sequencef hiddenstatesfor O,,,v¢;- This is becauseve
wantedto compardhetransitionsbetweerthehiddenstates
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 stategransitions put does
re-scaleheterminalp(Opnover|A). This normaliseddataef-
fectively representshe relative contritution madeby each
Gaussiarfunctionateachtime step.This makesthedatadi-
rectly comparablavith TDRBF model.All we thenneeded
to do wasto decodethe relationshipbetweenthe abstract
numberecdhiddenstatesandthe functional gesturephases.
This wasachiezedby comparingthe hiddenstatetransition
sequencéor anobsenationsequenc¢hathadalreadybeen
trained (on benchmarksequencevith the functional ges-
turephases.

A ‘good classification’of a novel obsenationsequence
is the definedasonewherethe hiddenstatetransitionsare
qualitatively the sameasfor the benchmarksequence.A
formal classifiermetric can then be definedasthe fit be-
tweenthe two setsof transitions. The numberof hidden
statesin the HMM was varied betweenthree and thirty,
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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 low numbersbeing unableto adequatelyreconstruct
thedata,andhighernumbergendingto overfit the data.

Analysisof thefit betweerthe probability of the model
parametergjiven the training dataand the numberof hid-
denstatesshavsthatthefit reachesnoptimal pointwhere
low numbersf hiddenstatesarematchedagainstability to
generalise.In our particulartask, this point was typically
wherethe HMM had seven hiddenstates(similar to [24].
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 testthetrainedHMM, aswith the TDRBF networks
testsabove, we presente@ompleterajectoryfiles from tar-
getsnot usedfor training. Fig. 4 shows the resultsfor an
HMM trainedwith 19 trajectoriesfrom target 3, which is
on Tower O (45° left), whentestedwith anothertrajectory
on Tower O, 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. 6. In both, the temporal
context wassuccessfullycapturedduring trainingandused
in recognition.They canalsobothgeneralise@vermoderate
variationsn motionandposition,atleastonetower position
(45° variation)and,in somecircumstancestwo tower po-
sitions(90° variation). The solutionto handlinga complete
rangeof tower positionswould be to provide training data

coveringalargerrangeof targetsover seseraltowers,asin
previousRBF studieq17].

5.1. Task Control

Within the ActlPret system,the gesturerecognitionis
doneon demandrom the reasonindevel. It is partof pre-
reasoningj.e. gatheringrelevant evidenceto supportthe
interpretationof actiity. 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 aswell as
placingit somevherealonga continuumof attention(pre-
attentveto attentve phaseasshovnin Fig. 1). This,in turn
canaffect processindgurther down the systemasthe hand
trackingservicesarealsoervisagedto operatewith differ-
entQoS.In the moreattentve phasethereis morecontex-
tual information available and higher computationalcosts
areacceptableincethe numberof possibleinterpretations
shouldbelow. This makestheHMM approaclamorenatu-
ral candidatdor attentive processingand TDRBF for more
reactve processing.

5.2. Using Context

In previouswork [13], 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
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(b)
Figure 5. Classification of tower 0 and 1 tra-
jectories as afunction of conte xt where train-
ing conte xt (a) context; = contexty = 0.5, (b)
context; = 0.7 and contexty = 0.3.

could be introducedinto the training data(for example,to
indicate the target tower) [3]. Theseadditionalvariables
would causeseparaté&aussiartomponents$o begenerated
in featurespacesuchthateachcontext would have aninde-
pendentepresentation.

In orderto demonstratecontext control using HMMs,
we selectedour trajectorydatasets,one eachfor the four
towers with constantvaluesfor pod and cube. We then
augmentedhe six valuevectorsgeneratedor relative po-
sition with a single context value (a pseudoprobability
value). This single contet value representsa gesture-
contet relationshipwith two context classes.context; is
the value specifiedin eachvectorandcontext, is implied
asl — context;. We assumehatthis context is providedby
an externalagent(perhapsan objectclassifier)but for this
experimentthe training contet valueis generatedlirectly
from anormaldistribution abouta meanwith a singlecon-
text valuegeneratedor eachtime step.

We thengroupedtowers0 and 1, and 2 and 3 together
andtrained2 compositeHMMs usingthe sameseren hid-
den statestructureas before. We pre-processethe data
further slightly by remaving timestepswherethe sum of
theabsolutevaluesacrosghesix differencevalueswasless
than1 cm. We thenclassifiedthe towers0 and 1 dataus-
ing the two modelsandplotteda measureof modelfit asa
functionof thecontext value. Themeasuref modelfit used
wasthelog, of themean(non-log)likelihoodperobsena-
tion symbol, or Imlpos This measurevariesin the range
[0, —oc0) where0 represents perfectfit betweerthemodel
andthetestingdataat eachtime stepand —oco represents.
zerofit.

For thefirst test,we setthe meancontext; = contexts =
0.5. Theresultsareshowvn in Fig. 5(a), the y-axis shaving
the Imlposvalueandthe z-axis context;. We seethat for
all testvaluesof contet thatthe modelfor towers0 and1
is preferredover the modelfor towers2 and3 but thatthe
confidencef thatfit is maximisedwvherethetestingcontext
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Figure 6. Example hand trajector y from the
database: the line represents relative motion
for getand returnmovements, the centre point
represents statis.

matcheshe training context and falls away either side of

thatvalue.To seetherealvalueof contet control,we then
setthemearcontezt; =0.7andcontexts = 0.3. Theresults
for this areshavn in Fig. 5(b). This time we seethatwhen
classifyingthe tower 0 and 1 examplesthetowers0 and1

modelis preferredwhenthe context is around0.7, but that
asthecontet approache®8.3,themodelfor towers2 and3

is preferred,albeitat a lower level of confidence.In other
words, an extendedgeneralisatior(in trajectoryterms)of

thetowers2 and3 modelis beingpreferredoverthe towers
0 and1 modelaroundthatvalueof context.

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-releant classes
needgo be supervisec&nda 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[18],
while theHMM wasjustdevelopedherein 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. [15], 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)hatdeterminethe priority
metric. In thelongerterm,in the contet 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
probabilisticevidencemeasurefor currenttaskhypotheses
suchasthe confidencemeasuresvailable from RBF nets
areequallylearnable.This, togetherwith optimal methods
of exploiting taskand scenecontext, areissuesfor further
research.

Acknowledgements

The authorsgratefully acknavledgethe invaluablehelp
provided by the Laboratoryfor HumanMotion Simulation
(HUMOSIM) atthe Universityof Michigan,USA in allow-
ing usaccesso their ‘TerminalHandOrientationandEffort
ReachStudy 2000’ handtrajectorydatabasealso frame-
work conceptsandfundingfrom the EU ActlPretproject.

References

[1] J.Bilmes. A gentletutorial onthe EM algorithmandits ap-
plication to parameteestimationfor Gaussiarmixture and
hiddenMarkov models. Technicalreport,ICSI-TR-97-021,
University of Berkeley, CA, 1998.

[2] C. Bishop. Neural Networksfor Pattern Recanition. Ox-
ford University Press;1995.

[3] D. M. Blei andP. J. Moreno. Topic segmentationwith an
aspecthiddenMarkov model. In Int. Conf Reseath and
Dev. Inf. Retrieval, pp.343-348New York, 2001.

[4] M. Brand, N. Oliver, and A. Pentland. Coupledhidden
Markov modelsfor complex action recognition. In IEEE
Conf CVPR PuertoRico,1997.

[5] H. BuxtonandS. Gong. Visual suneillancein a dynamic
anduncertainworld. Art. Intelligence 78:431-4591995.

[6] S.ChienandH. Mortensen.Automatingimageprocessing
for scientificdataanalysisof alargeimagedatabaselEEE
Trans.PAMI, 18:854-8591996.

[7] V.ClementandM. Thonnat.Integrationof imageprocessing
proceduresOcapi, a knowledgebasedapproach.CVGIP:
Image Undesstanding 57:166-1841993.

[8] B.DraperA. HansonandE. RisemanKnowledge-directed
vision: Control,learning,andintegration. IEEE Trans.Sig-
nalsand Symbols84(11):1625-16371996.

[9] S.Duvdevani-Bar S. Edelman,A. J. Howell, andH. Bux-
ton. A similarity-basednethodfor thegeneralizatiorf face
recognitionoverposeandexpressionin IEEE Conf FG, pp.
118-123Nara,Japan;1998.

[10] J. EIman. Finding structurein time. Caognitive Science
14:179-2111990.

[11] A. Galata,N. Johnson,and D. Hogg. Learningvariable
length Markov modelsof behaiour. ComputerVision and
Image Undeistanding 81:398-4132001.

[12] W. Gerstner Time structureof the actiity in neuralnet-
works. PhysicalReview, E 51:738-7581995.

[13] S.GongandH. Buxton. Onthevisualexpectationof mov-
ing objects: A probabilisticapproachwith augmentedid-
denMarkov model.In ECAI, pp.781-785Vienna,1992.

[14] R. Howarth. Interpretinga dynamicand uncertainworld:
Task-basedontrol. Artificial Intelligence 100:5-85,1998.

[15] R. Howarth andH. Buxton. Conceptualdescriptiondrom
monitoringand watchingimagesequencesimage and Vi-
sionComputing 18:105-1352000.

[16] A. Howell andH. Buxton. Learninggesturedfor visually
mediatednteraction.In BMVC, pp.507-517,1998.

[17] A. Howell andH. Buxton. Learningidentity with radial ba-
sisfunctionnetworks. Neuilocomputing20:15-34,1998.

[18] A. Howell andH. Buxton. Time-delayRBF networks for
attentionalframesin visually mediatednteraction. Neual
Processind.etters, 15:197-2112002.

[19] M. Jordan. Serialorder: A parallel,distributed processing
approach. In Advancesn ConnectionistTheory: Speeh.
LawrenceErlbaum,1989.

[20] M. Jordan.Learningin Graphical Models NATO Science
Series;1998.

[21] T. Matsuyama. Expert systemsfor image processing:
Knowledgebasedomposition CVGIP:Image Undestand-
ing, 48:22-49,1989.

[22] J.Moody andC. Darken. Learningwith localizedreceptve
fields.In Conn.ModelsSummeSdool, pp.133-143,1988.

[23] J.MoodyandC. Darken.Fastlearningin networksof locally
tunedprocessinginits. Neual Comp, 1:281-2941989.

[24] D.J.Moore,l. A. EssaandM. H. Hayes.Exploitinghuman
actionsand object context for recognitiontasks. In Proc.
ICCV, pp.80-86,Vancouer, 1999.

[25] J.Pearl.ProbabilisticReasoningn IntelligentSystemsd\et-
worksof Plausiblelnference MorganKaufmann,1988.

[26] T. PoggioandS. Edelman.A network thatlearnsto recog-
nisethree-dimensionalbjects.Nature, 343:263-2661990.

[27] T.PoggioandF. Girosi. Regularisatioralgorithmsfor learn-
ing that are equialent to multilayer networks. Science
247:978-9821990.

[28] D.A. PomerleauALVINN: An autonomous$andvehiclein
aneuralnetwork. In NIPS vol. 1, pp.305-313,1989.

[29] A. PsarrouandH. Buxton. Motion analysiswith recurrent
neuralnets.In ICANN, pp.54-57,Sorrento,1994.

[30] L. Rabiner A tutorial on hiddenMarkov models. Proc.
IEEE, 77:257—-2861989.

[31] M. Rosenblumyy. Yacoob,andL. Davis. Humanemotion
recognitionfrom motion using a radial basisfunction net-
work architecturelEEE Trans.NN, 7:1121-11381996.

[32] M. ThonnatS.Moisan,andM. Crubezy Experiencen inte-
gratingimageprocessingrograms.in ICVS pp. 200-215,
1999.



