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Figure1l: STA automaticallycatalogsgualitatively distinct behaioral classesrepresente@s spatio-temporapatterns for a
diffusion-reactiorsystem. The simulatorgeneratesnultiple systemevolutions, eachof which corresponddo a differentset
of systemparametewaluesandinitial condition. Eachevolution, describedasa sequencef qualitative eventssuchashbirth,
death,or separatiorof objects,in conjunctionwith objectshapetransitions,is compiledinto an event history. The classifier

identifiesbehaioral classesrom the setof eventhistories.

Gray-Scott(GS)modelof glycolysis. It carriesoutanauto-
matedseriesof obsenationsof temporalevolutions of this
model,extractinga setof behaior-basedlasse®f temporal
evolutions. Theapproacthasprovedusefulin thatthe clas-
sification schemeit generatess similar to one previously
obtainedby a scientistthroughcarefullyhand-tunedompu-
tational experimentsand qualitative assessmertty human
obsenrers(Pearsor1993). Theoperationof this application
is sketchedn Figurel.

Otherresearcherbave addressedhe problemof gener
ating high-level descriptionsof physicalsystems. For in-
stance,Williams and Millar (1996) develop a methodfor
large-scalanodelingandapplyit to thethermalmodelingof
asmartbuilding. STA is similarto theirwork in thatit mod-
els complex systemsthroughdecompositionput differsin
that STA modelsmore comple spatio-temporatlynamics,
and producessymbolic descriptions. Cranvford, Farquhar
andKuipers(1990)automaticallygenerateualitative differ-
ential equationdrom physicalmodels. Their work consid-
erstemporalchange,but not spatially distributed systems.
Hornsbyand Egenhofer(1997) study qualitative represen-
tationsof change,suchas an object’s continuation,sepa-
ration and fusion, and constructhierarchiesof change but
they do not attemptto apply theseobjectsto continuous
fields. Forbus, Nielsenand Faltings (1991) developedthe
CLOCK project,which usesqualitative spatialreasoningo
automaticallyanalyzeandqualitatively predictthe behaior
of fixed-axismechanismssuchasmechanicatlocks. Their
approachs suitablefor mechanicakystemsof rigid parts,
while oursis bestsuitedfor continuousfields that exhibit
high-level propertiessuchasquasi-unifornmregions.

The main contribution of this paperis a computational
systemthatanalyzesvery large setsof unstructuredatato
producedescriptionsf qualitatively distinctaggrejate ob-
jectsandevents.Many otherspatio-temporaleasoningys-
tems cannotaddresssuchlarge systemsbecausehe sheer
sizeof the datasetscauseshemproblemssuchascombina-
torial explosions. STA avoids suchproblemsthroughintel-
ligentdecompositiorandaggr@ation.
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Figure 2: Three snapshotof a time-varying Gray-Scott
diffusion-reactiorsystem

A CaseStudy: Diffusion-Reaction Systems

An interestinginstanceof time-varying nonlineardynami-
cal systemss the set of phenomen&nown as Diffusion-
Reaction. Thesephenomenare of greatscientificimpor-
tance becausehey areassociateavith the problemof Mor-
phogenesisfirst addressedby Turing (1952). Particularly
interestinginstancesyherenoticeablepatternsemege and
vary in seeminglyunpredictablavays,will be examined.

The Gray Scott Model of Glycolysis

The phenomenomf glycolysisis foundin virtually all liv-
ing organisms. The Gray-Scottmodel of glycolysisis a
diffusion-reactionsystem, characterizeddy the following
equations:

N DVt + F(1 - u)

ot

v 5 9

% - D,V + uv® — (F + k)v, @)

whereu andv areconcentration®f two reactants,D,, and
Dy aretheir diffusionrates,and F' and k arereactionpa-
rameters.This systemis of interestnot only asa modelof
glycolysis,but alsobecausé exhibits avarietyof behaiors
unlike arything obsened beforein theoreticalor numerical
studies. Pearsor(1993)first obsened the strikingly varied
patternsxhibited by the GS system suchasthe oneseenin
Figure2. Pearsoret al. (1994) have aguedthatsincegly-
colysisoccursinsidethecell, it is possiblethatpatternssuch



asthe above could form within it. Furthermore they ob-
sene thatthe proces®f mitosis,throughwhich cellsdivide,
requiresthe formation of a bipolar structureknown asthe
mitotic spindle,whichis likely governedby simplephysical
processesuchas chemicalreactionsand diffusion, rather
thanby complex geneticmechanisms.

As the parameteryary in the GS system,it undegoes
gualitative transformationn its behaior. We apply STA to
develop a programthat can obsere varioussystemevolu-
tionsfor differentparameteralues,andfrom this obsena-
tion generatalescription®of the qualitative eventsthattook
placefor eachcase.Thesedescriptionsarelaterusedby the
systemnto classifytheinstancesnto groupsof similarbeha-
ior.

Spatio-Temporal Aggregation

STA significantlyextendsthefunctionalityof SpatialAggre-
gation(SA) in thetemporaldimension.SA providesa uni-
form vocalulary and mechanisnfor representingandrea-
soningaboutspatialfields. It builds a multi-layer, increas-
ingly moreabstractepresentationf a spatialfield. Objects
of eachlayer are formed as aggrgatesof lower-level ob-
jects. A neighborhoodgraphis constructedon the set of
objectswithin eachlayer, and the objectsare partitioned
into equivalenceclasseswith respecto their featurese.g.,
color, temperaturepr pressureas well their spatial adja-
cengy. Eachclassis thenre-describedas a single object
at the next higherlevel. The sameprocessof aggreation,
classificationandre-descriptiorrepeatavith moreabstract
relationsat the next level. For a full descriptionof the SA
field ontology and operatorsseeYip and Zhao (1996) and
Bailey-Kellogg(1999).

Temporal Changes

Existing applicationsof SA abstractover domainssuchas
phasespacesndconfiguratiorspacesin whichtimeis only
implicitly representedOthersdealwith physicalspacesn
afixed,steadystate.In all thesecaseghefield, asanontol-
ogy, andall theconceptualayersbuilt ontop of it, arestatic.
Problemsthat usetime are not necessarilyoutsidethe do-
mainof SpatialAggregation.For example KAM (Yip 1989)
is usedto study Hamiltoniansystemswhich describefric-
tionlessmotion. Thesesystemsarestudiedin phasespace,
wheretemporalvariationis implicitly representedMore in
general SA couldbe usedto studytime-varying systemsas
simple static systemswheretime hasbeenrepresenteds
an extra spatialdimension.On the otherhand,STA offers,
beyond suchapproachesthe ability to reasonabouttime-
varyingsystemswithouthaving to computeandstoretheen-
tire space-timeszolumebeforehand STA allows for the ob-
senationandrepresentationf eventsasthey happenafea-
turethatmightbeusefulfor real-timesystemsFor instance,
our diffusion-reactiorapplication,as sketchedn Figure 1,
recordseventssuchasthe birth anddeathof spatialclusters
in adiffusion-reactiorfield.

Aggregationand Persistence

Sophisticatedechniquediare beendevelopedto addresshe
problem of temporaltracking in fields (Silver and Wang

1997).1t wouldseematuralto find whethetthereis agener
alizationof theserackingapproachesyhichwouldletthem
dealwith notjustone,but multiple abstractiordayers,in the
SA style.

The main addition madeto the SA standardvocalulary
by STA is the updateoperatoywhich takesa field or an ob-
jectspaceandappliesasetof transformationsorresponding
to the passagef a time interval. This operationallows for
changesn anobject’s features positionandexistence,and
it affectsall levelsof conceptuakntities: objects,neighbor
hood graphs.equivalenceclassesandinter-layer mappings.
Thenotion of updateimpliesthe premisethattheseconcep-
tual entitiesarepersistentThus,aneighborhoodyraphon a
particularabstractiodayerattimet + 1 shouldbeconceved
asarevision of thegraphon thatlayerattime ¢, ratherthan
asanew constructbuilt from scratch.For instancethedark
areasin the fields seenin Figure 2 are objects,which may
changen shapeor position,while preservingheiridentities.

o Updateson Neighborhoodsraphs:For a setof objectsS,
aneighborhoodyraphis arelationR € S x S thatdoes
not containary elementsof the identity relation. When
the objectsin spacecomeinto existence,ceaseto exist
or changepositions,their adjacenciesnay be modified
(thuschangingR by removing elementsrom or adding
elementdo it). The changesn the neighborhoodyraph
dueto a changein a single objectmay remainlocalized
in spacepr may propagateverywhere dependingpnthe
natureof thegraph.

e Updateson ObjectClasses:Adjaceng is a fundamental
criterion to establishobjectequivalencein STA. There-
fore, changesn adjacenciesnay causeobjectsto cease
to belongto a certainclassor to startbelongingto a new
class. Classesare connectedsetsof objects(for ary two
elementdn a class,thereis a path betweenthem made
of elementsof R); therefore,changesn R may affect
classes. On the other hand, even if the adjacenciesre
not altered,changesn the intrinsic propertiesof the ob-
jectsmayalsoaffectthewaythey areclassified.Changes
in classificationareannotatedis setsof objectsaddedor
remoedfrom eachclass aswell asclasseshatarenenly
formedor newly deceased.

o Updateson Re-describe®bjects: Changesn classe®f
objectsmay affect the way higher level objectsare re-
described,dependingon what featuresare kept in the
re-descriptionprocessand which are abstractedaway.
For example, if clustersof objectsin spaceconstitute
classesaandthey arere-describedas corvex hulls, inter-
nal changesn the clustersdo not affect the higherlevel
objectsaslong asthey do not involve the hull. There-
foreit is necessaryo have mechanismshatdetectiower-
level changeghat affect the structureof higherlevel re-
describedbijects.

Kinetic Data Structur es: Reasoningabout
ChangeDetection

STA employsideasfrom Kinetic Data Structures(KDS)
to maintainthe consisteng of neighborhoodyraphs,object



classesandre-describeabjects.KDS have beendeveloped
in roboticsto maintaina setof geometricrelationsamong
distributeddata(Basch,Guibasand Hershbeg 1997). The
problemKDS addressonsistsof determiningunderwhich
conditionsthe structureof certaingeometriaconstructss al-
teredgiventhattheelementsaresubjecto particularmotion
laws.

Structuralfailure in a KDS is detectedby maintaininga
setof validity certificatespredicateshatdeterminethecon-
ditionsunderwhich the currentconditionsof the systemare
valid. Whenacertificateis violated,aneventis saidto occur
Theeventis thenprocesse@ndthe certificatesareupdated
to reflectthenew conditions.

The existing corpusof researcton finding and maintain-
ing good certificatesfor variousdatastructuress rich and
varied. We are much less concernedwith the particulars
of eachdatastructureand its maintenancelgorithm than
with the fact that suchalgorithmsexist, andthatthey all fit
within a single modelof changeas a violation of a certifi-
cate. BecauseSTA addressesariouslevels of description,
it is necessaryo add conceptuamechanismso determine
therelevanceof eachcertificatefor the structureat the next
abstractiorievel.

Update Mechanisms

We enhancethe static SA to include certificate-violation
basedupdatemechanismsidaptedrom KDS. This is done
first at the neighborhoodgraph level, by associatingthe
graph(namely its verticesandits adjacenciesyith a setof
certificatesthat establishhow much deformationthe graph
cantakewithout undegoinga structuralchange.The clas-
sifier operatomow doesnot only mapobjectsto classewvia
theneighborhoodjraph,but it alsomapsgraphchangesiue
to certificateviolationsto classchanges.

The certificate-violationmechanismis extendedto in-
clude the detection of non-geometricalchange, namely
changein intrinsic objectpropertiesandexistentialchange.
The former kind of certificatesexist at the classifierlevel,
but not at the neighborhoodgraph level; typically it will
consistof simple inequalitiesthat test whethercertainob-
ject featuresarewithin certainranges. The latter exists at
all levels. Also, detectionat the re-descriptiorievel requires
beingableto determinewhat low-level objectsarerelevant
to the structureof higherlevel objects. Becausewve know
which objectsareinvolvedin which certificatesall certifi-
categhatcontainrelevantlowerlevel objectsareneededor
re-description. Sucha filtering schemes general,and al-
lows for a unifying methodto reasonaboutabstractionof
change.

Tracking Changein Time

We have developedaunifying reasoningechemeo dealwith
thepropagatiorof changehroughanaggreationchain.We
now focuson how to provide supportfor mechanismshat
seekto interpretthis change.

Keepingtrack of changein a systemmay be usefulin
mary applications For example , whenstudyingtransitional
phasesn self-olganizingsystemgqsuchasthe formationof
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Figure3: Theflow diagramof STA applicationto theanal-
ysis of diffusion-reactiorsystems.Thefield simulatorgen-
eratessystemevolutions,which aresampledandtrackedby
the particlesystemengine.A chainof aggrgation, classifi-
cationandre-descriptioris maintainedn top of the particle
system to identify andtrack high-level objects.Qualitative
changesre later detected generatingevent histories. The
history aggreatorandclassifiertake multiple historiesand
identify behaioral classes.

convectionrolls in boiling water), researcherseedto de-
terminewhich kinds of eventsprecedesuchtransitions.We

needthus,to have agenericmethodologyto represend his-

tory. More specifically we requirethe ability to registera
sequencef eventsthattakeplaceatvariousaggregationlev-

els,namelychangesn spatialobjects,neighborhoodjraphs
andobjectclasses.

A history shouldregisterrelevantchange.The easewith
which this can be done dependson how well the update
mechanismst variouslevels work. On oneextreme,there
is no attemptat ary updatesand all structuresare recon-
structedfrom scratchat fixed intervals. In suchconditions,
finding relevant changeis very difficult, sincethereis no
knowledgeto startwith to drawv correspondencesOn the
otherextreme,thereis a goodupdatemechanisnthat oper
ateson structureswith a high degreeof locality andthatex-



plicitly generatesll changeavents.Suchapproachrequires
virtually no extra work from a history-trackingmechanism,
which only needso log thesechangeswith their respectre
time stamps.

Application to Diffusion-Reaction Systems

We presenta structure-identificatioralgorithmfor describ-
ing and classifyinginstancesf diffusion-reactiorsystems
thatexhibit highly organizedspatio-temporastructure.The
algorithmis basedon the centralideathat qualitative struc-
tures of a spatialfield can be constructedirom an adap-
tive spatialsubdvision ratherthandirectly from a regularly
discretizedfield. This adaptve subdiision changesasthe
field changesbhut theidentity of its structuralcomponentss
persistent. The persistencef thesecomponentsimplifies

the correspondencleetweersuccessie temporalsnapshots.

Figure3 illustratesthe operationof thealgorithm.

Tracking High-Level Structures
The existenceof coherentstructuresn a field implies that

thereareregions of approximatelyuniform characteristics.

In the GSmodel,eachregion clearly belongsto oneof two
classeslow or high pH. Thefewerthenumberof classe®b-
sened, andthelarger the regions of uniform attributesare,
the higherthe organizationperceved by anobserer. These
two global attributesof a field may vary with relative inde-
pendencef eachother andeachcontributessignificantlyto
the perceptiorof coherencelor thesereasonslocal unifor-
mity is one of the main featuresto look for whenstudying
patterns. Onceregions of uniformity are identified, char
acteristicssuchas topology and temporalbehaior canbe
studied.The Field Simulationmodule(seeFigure3) gener
atesthefield andits changesbhutis unavareof theexistence
of high-level structures.

Sampling Through a Particle System

Diffusion-reactiorfields aresampledby the STA algorithm

usingparticlesystemgseecorrespondinglockin Figure3).

Particleshave the advantageof beingpersistent:they have

discreteidentitiesandhencewhatever happendo themcan

be trackedin time with ease. Furthermoreary structures
constructedy aggreatingparticlescanalsobetracked be-

causdheidentitiesof suchconstructsanbe establishede-

cursively througha simpleheuristicfrom theidentitiesof its

componentsFor example,one suchsimpleheuristicis the

following: if constructsA andB, existing at differenttime

instants,sharea majority of their componentsthey canbe

saidto beidentical. The particlesmustbehae in suchaway

that they samplethe field accurately Thereforethey must
exist in large densitieswherever the field gradientis large,

andin low densitiesvhereit is small.

We considera simple algorithm that allows the particle
systemto adaptitself to changesn the field, alwaysmain-
taininganadequatesampling. The algorithmis a modifica-
tion of amethodintroducedby Witkin andHeckbert(1994).
It allows particlesto move acrossthe field, repelling each
other therebyoccupyingspaceuniformly. For this purpose,
a Gaussiarenepy functionis used.For ary two particles:

andy, theirmutualenegy is

|r1j|2

Eij = ae_w, (2)
wherea is a global constaniandr;; is their distance. The
enepy for eachparticleis givenby

E; = EEZ']' + Eji. (3)

j=1

Particlesareassignea velocity thatis negatively propor
tional to the gradientof enegy, suchthattheir local enegy
(for particle 7, the part of its enegy that doesnot depend
on ¢;) is minimized. Moreover, they modify their distribu-
tion anddensityto compensatéor underor over-sampling,
by adaptiely changingeache; to maintainthe local enegy
of eachparticle constant,and splitting or dying when this
parametefalls outsideof a pre-definedange.

Aggregatinga Particle System

The samplingparticlesareusedto constructa spatialsubdi-
vision. The subdvision is computedby dividing the space
into simpliceswhoseverticesare the particles,and whose
edgesconstitutea neighborhoodrelation for the particles.
The simplicesneedto be smallandnon-sharpso a Delau-
nay triangulationis used.It offersthe addedadvantagethat
it canbecomputedefficiently in two dimensionsAlso, this

triangulationis a supersebf the closest-neighbagraph,and
thereforeit captureghenotionof spatiallocality: local vari-

ationsin aparticle's positioncausechangesén thetriangula-
tion thatdo not propagatdeyondits immediatevicinity.

As thefield variesin time, sodoesthe positionof the par
ticles. This,in turn,causeshespatialsubdiisionto change:
someedgesceasdo exist andsomenen onesariseat every
time step. However, giventhe assumptiorthat the under
lying field changesslowly, the vastmajority of edgesand
trianglesare presered throughsuccessie time steps,even
thoughtheir shapés slightly changed Becausef thelocal
natureof the Delaunaytriangulation,theseupdatesdo not
propagatdar.

The static constructionof a neighborhoodgraph consti-
tutes the aggregation operatorin SA. The corresponding
block in Figure 3 representghe enhancedSTA aggregate
operation,which maintainsthe neighborhoodyraphasthe
particlesystemchanges.

Description through Iso-Lines

Clusterboundariesareassociateavith field regionsof high
gradient. Thoseregions can be identified using iso-lines,
continuouszonesof uniform or nearuniform field value.
The ratio of field value changeto the distancebetween
iso-linesgivesan estimationof the gradient. Therefore,a
field thatis characterizethy nearuniform regionsthatvary
smoothlyis well describedby iso-linesthat sampleevenly
spacedfield values. Temporalvariationsin fields will be
studiedthroughthe examinationof geometricandtopologi-
cal changein iso-lines.

The particle placemenglgorithmpreviously describeds
usedto approximateiso-line contoursof uniform regions.



Figure4: Subdvision generatedrom a particlesystemthat
samplesa diffusion-reactiorsystem

Thisalgorithmrequiregheability to dotwo things:to deter
mine classequialencebetweerparticles(the classification
block in Figure 3), andto evaluatedistancesbetweenpar
ticles that takethe field into consideration.Sincethis case
studyis of two-dimensionabiffusion-reactiorsystemsthe
distancedetweenparticlescan be computedby using the
field valuesas additional dimensionswith an appropriate
scalingconstant.Classequialencefor adjacentparticlesis
computeddy thresholdinghedistanceébetweertheparticles
in featurespace thatis, by consideringonly the valuesof
their properties. The extraction of structuredrom the spa-
tial subdvisionis analogouso apixel-basedegion growing
algorithm, with the differencethat the elementof aggrea-
tionis notthepixel, butthesamplingparticle. Theblockthat
doesthisin Figure3 is labeledredescription In Figure4 the
resultof carryingout this processs exemplified.

KeepingTrack of ShapeChanges

STA recordsnotonly catastrophievents(suchasobjectcol-

lisions), but alsoeventsthatinvolve a singleobjectmodify-

ing its shape We usea shape-recognitioandclassification
methodcalled the Multiple Curvature SegmentationAlgo-

rithm, introducedby DudekandTsotsog1997).Objectsare
placedin ashapespaceandthey areclusteredy similarity.

Whenanobjectsmovesfrom oneshapeclusterto anothera
gualitative shapetransformatioris saidto have takenplace
(seethe ShapeSpaceAggrgationblockin Figure3).

Putting it All Together: Extracting Behavioral
Descriptions

The STA algorithmiccomponentsve have describedso far
takeasinput a time-evolving diffusion-reactiorsystemand
producethefollowing descriptions:

¢ A detailedhistory of qualitatively significantevents,in-
cluding births, deaths,collisions and fusionsof objects,
andtheir changesn shape specifiedastransitionsfrom
oneshapeclusterto anotherand

¢ A summaryof significanteventsthat have takenplacein
thehistory, includingrecordsof the mostcommonshapes
andthemostcommonevents.

Thelasttwo blocksof Figure3 indicatethe final summa-
rizationproces®f theSTA application:multiple historiesas
generate@bove arecomparedandthenclassifiedaccording
to behaioral similarity.
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Figure5: Successie snapshot®f the evolution of a Gray-
Scottdiffusion-reactiorsystem

At step 88 body 3 was born

At step 88 body 2 was born

At step 88 body 1 was born

At step 88 body 0 was born

At step 229 bodies 0 (born 88), 3
(born 88) fused into body 1

At step 237 body 2 (born 88) fused
into body 1

Table 1: A sgmentof a history: eachentry is a time-
stampedevent. Notice thattwo fusion eventsarerecorded.
In them, the larger object preseres its identity, and the
smalleronesaresaidto have fusedto it.

A SampleSession:Classifying Patterns According
to Behavior

We now presenta shortrun of the history-generatiompartof
theprogram.

The programrecordsthe events that take place in an
evolving diffusion-reactiorfield. For instancewhena sys-
temsuchasthatshavn in Figure5 evolves,theprogramcan
generate historyfile suchasthatof Table1.

Theprogramcanalsocompareseveralhistoriesandgroup
theminto classef similar behaior. For the systemson
Figure 6, the groupsin Table2 werediscovered. Compare
thesewith the classesliscoveredby Pearsor{1993),shavn
in Figure7: cluster4 correspondso pattern(b); cluster2 to
(c) andcluster(5) to (a).

Conclusions

This paperhas describeda novel computationalsystem,
STA, for reasoning about time-varying fields such as
diffusion-reactiorsystems. STA extendsSpatial Aggrega-
tion to make explicit the representatiorof time and tem-
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Figure 6: Snapshotdor DR systemevolutions. Histories
werelater classifiednto groupsof similarity.



Cluster 1: History (h)

Cluster 2: Histories (e) and (9Q)
Cluster 3: History (b)

Cluster 4: Histories (c), (d) and (f)
Cluster 5: History (a)

Table2: Behavioral classesliscoreredby the STA applica-

Figure 7: Patternsdiscovered by Pearson(1993) on the
Gray-Scottsystem. His classificationis similar to that pro-
ducedby the STA applicationpresentedn this paper

poral change.For this purpose variousabstracioperations
wereintroducedto representhe notionsof persistencand

change. Commonqualitative events such as birth, death,
collision, separationacquisitionor loss of componentsor

propertiesvereidentifiedfor objectsin spatio-temporadio-

mains.

STA hasbeendemonstratedn acomple« dynamicalsys-
temthatexhibits multiple, qualitatively differentbehaiors.
This demonstratioraccountdor approximately83% of the
obsenationsmeticulouslycarriedout by Pearsorasdocu-
mentedin his 1993 paper Our STA applicationclassified
multiple instance®f this systemusingnot only the appear
anceof static snapshotsbut alsothe full extensionof the
behaior of the systemdhrougharelatively long time inter-
val. Whatthis researctcontributesthat had not beendone
beforeis the automaticdifferentiationof patternclassesdy
behaior.

STA makesuseof varioustechniquesnamely operations
of abstractiorof changekinetic datastructureandgeomet-
ric shapeclassification. How well would thesetechniques
do if applied outsideof this domain? We expect that a
straightforwardapplicationof STA to problemsthatrequire
extensve contectual and non-geometricknowledgewould
not work aswell. For example,tracking objectsfor com-
putervision requiressolving problemssuchas that of ob-
jectocclusionandrepresentatiofrom incompleteinforma-
tion, not to mentionthe existenceof multiple perspecties,
differentlevels of illumination andreflectancegetc. In or-
der to addresghoseproblems,STA needsto integratead-
ditional domainspecifictechniquesrom computervision.
Similarly, the problemof examining weatherpatternsalso
requiresextensive domainknowledge. While this problem
seemsnoreamenabldo treatmenfrom a STA perspectie,
it would still requireintegratingspecifictechniquesuchas
thosedevelopedby Huangand Zhao (2000) with the STA
trackingmechanism.
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