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Abstract

SSD-basedeatur trackershave enjoyedgrowing popuhrity in recentyeas, particularly
in the field of visual servocontrd of robotic manipulators. Thesetrackers use sum-of-
squaed-diferen@scorrdation measuesto locate target featuesin sequencesof images.
Theresuts canthenbe usedto estimatethe motion of objectsin the sceneto infer the 3D
strudure of the scere, or to corntrol robotmotiors.

Thereliahility of theinformationprovidedby theserackerscanbedegradedby avariety
of factors, including changesin illumination, poor imagecontrast, occlusion of features,
or unmockled changs in objects. This hasled other reseachersto develop confidence
measuesthatareusedto either accep or rejectindividual featuesthatarelocated by the
tracker. In this paper, we derive quaritative measues for the spdial uncetainty of the
resuts providedby SSD-basedeaturetrackers. Unlike previous confidencemeasuesthat
have beenusedonly to acceptor rejed hypahesesour new measurallows theuncetainty
assaiatedwith afeature to be usedto weightits influence on the overall tracking process.
Specificaly, we scalethe SSDcorrdation surface fit a Gausgndistribution to this surface,
andusethisdistribution to estimatevaluesfor acovariancematrix. We illustratethe efficacy
of theee measuesby showingthe performanceof anexampleobject tracking sysemwith
andwithout the measues.
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1 Intr oduction

A growing numberof applicationsn roboticsandcomputewision rely onreal-time
trackingof featuresn imagesequencesl heseapplicationsncludeestimatingthe
motion of autonomousnobile vehicles,inferring the 3D structureof an environ-
mentfrom 2D imagedata,andcontrollingrobotic manipulates. Thereliability of
featuretrackerscanbe degradedby mary factors,e.g.,changesn illuminationor
poorimagecontrastNevertheles, mary featuretrackerstreatall featuresn a uni-
form manneywithout consideringn ary way the uncertaintyassociatedvith the
featuretrackingprocessin this paperwe presentformalismby whichtheuncer
tainty associateavith individualfeaturescanbe assessedndsubsegantly usedin
thetrackingprocessThis allowsfeatureso beaccordedlevel of confidenceeom-
mensuratavith the uncertaintyin their measurementyhich enablesapplications
to weightfeaturesappropriatelydependingon the associate@onfidencdevel and
ontheapplications needs.

In this paper we consideronly the caseof featuretrackersthat usethe sum-of-
squared-diierences(SSD) correlationmethod[1] [2] [3]. In SSD-basedeature
tracking,afeatue templatels comparedo portiors of animageto locatethatfea-
ture.A similarity metricis usedto ratethe similarity of thetemplateandtheimage
patch.The imageregion foundto be the mostsimilar to the templateis typically
takento be the locationof the feature.ln our work, we considerfeaturesthat are
definedasgivengreyscalepatternsn animage.

We are specificallyconcernecherewith the uncertairty in the computation of the
(2D) locationof featuresn animage.Thesefeatureuncertaintiecanthenbeused
by higherlevel applicationsoftware.For example,in relatedwork, we have used
the methodspresentedn this paperto drive an uncertaintyestimaton procesdor

an objecttrackingsystemthat alsotakesinto accountkinemaic andimagingun-

certaintiesn trackingcomple articulatedobjects[4].

Therehave beensereral otherattemptgo incorporatefeatureuncertaintyinto the
trackingprocessin thework describedy Gennery[5] andLowe [6] objecttrack-
ing is performedby tracking salientfeatureson the imageof an object,andthis
informationis usedto computehe objectmotionthatgaveriseto theobsenedfea-
ture motion. Gennerytracksestimatederrorin the position orientation,velocity,
andangularvelocity of the rigid objectto aid in predictionof objectmotion. He
usesnaturally occurringedgeson the polyhedralobjectasfeatures Lowe distin-
guishesbetweentwo differenttypesof errors,matchingerrorsand measurement
errors,andattemptgo utilize separatenechanismso dealwith each.Matchinger-
rors, mismatchebetweerfeaturepointson the objectmodelandfeaturepointsin
theimage,aredealtwith by removing outliers.Measuremengerrorsaredealtwith
by usingthe variancein the objectlocation,orientation,andconfigurationto com-
putethe expectedvariancein measurementsn [3], estimatedrom regionsof high
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confidenceareusedto improve estimates$n regionsof low confidenceTo facilitate
this,ametricfor the confidencan a motionestimates developed.Finally, feature
trackingconfidenceneasurefave beenusedn visualseno controlto increasehe
robustnesof the control [2]. In eachof thesecasesthe uncertaintycharacteriza
tionsareusedonly to rejector acceptfeaturesin contrastthe approachpresented
hererefersto the certaintyof the locationof the featureratherthanthe certainty
in themeasuremertf thatfeature.lt gives a quantitatve evaluaton of uncertainty
thatcanbeusedto weightfeaturemeasuremenis proportionto their reliability in
variousdirectionsin theimage.

In our researchwe assumethat the shapeand appearancef the object being
tracked areknown. This is a particularversionof the model-basedrackingprob-
lem,which s of currentinterestin boththe roboticsandcomputervision commu-
nities (seee.qg.[7], [8], [9]). By exploiting theinformationcontainedn shapeand
appearancenodels we areableto generateéemplatedor the predictedappearance
of featuresof interestin a given configuration An alternatve to this model-based
approachsto usefeaturegyatherewn-line[2], whichmayhelpto ensurehequal-
ity of the featurestracked, sincefeaturetemplatesexactly matchprevious feature
appearance-owever, this methodneglectsary a priori information aboutthe ge-
ometricrelationshipof theindividualfeaturego the object.

The remainderof the paperis organizedas follows. We begin with a review of
the SSD-basedeaturetrackingmethod Following this, we describeour goalswith
respectto characterizinghe spatialdiscriminaton of features We illustrate how
thesegoalsallow a systemto accountfor both occlusionof featuresand subopti-
mal featureperformanceduring objecttracking. Thenwe presenta Gaussiarap-
proximaton anddescribehow sufficient statisics canbe usedto characterizehis
approximatio. Finally, we presentsomefeaturetracking resultstaken from our
implementedtrackingsystem,illu stratingthe informationgainedfrom theseerror
estimatesand shov a casestudyillustrating the degradationin our systemwhen
uncertaintyestimatiao informationis ignored.

2 Correlation and feature templates

The following sectionsdiscussthe threeareasthat are mostcrucial to the perfor
manceof correlationbasedracking:the contentof the featuretemplatesthe def-
inition and use of a specificsimilarity metric for tracking, and the definition of
confidencaneasuresnthetrackingresults.
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2.1 Featuetemplategeneation

The contentof the templateis animportantchoicein featuretracking.If the tem-
platefaithfully reproduceshe actualappearancef thefeaturein theimage track-
ing will work well. However, if atemplateis oversinplified or doesnot matchthe
appearancef afeaturein theimagedueto unmodeleckffects,featuretrackingwill

almostcertainlyperformpoorly.

A templatecould be generatedrom a canonicalview of the feature,andtemplae
matchingdonein a searchwindow centeredaboutthe predictedposiion of the
image.Brunelli and Poggiogive a goodreview of this techniquein the context of
facialfeaturetracking[10]. The main problemwith this straighforward approach
is thatthe simple templateis a 2D entity, andthe imagepatchmayundego trans-
formationsthatthe templatecannotmodel,suchasrotation,sheayandchangesn
illumination[11].

A morecomplec algorithmthatalsoworksin certainsituationsis to useanimage
patchfrom the previousimage,taken from the areaaroundthe last computedpo-
sition of the featurein thatimage,for thetemplate Hager[12] usesthis approach
for visual serwing. Hagerand Belhnumeur[11] have also usedprevious tracking
informationto warp this imagepatchbeforeuseasa featuretemplateto account
for illumination andgeometricchangeswhich increaseshe flexibili ty of this ap-
proach.The maindifficulty with this approachs featuse drift. Featuredrift occurs
whenthecomputedositionof thefeatureis slightly incorrect.This causeshenext
templateto be slightly offsetfrom the truefeaturelocation,andthe next computed
positian of the featureto be slightly more incorrect. Slowly, the computedposi-
tion migratesoff the featureof interest,andthe templaé containsimagestructure
divergentfrom thefeatureof interest.

If objectandscenemodelirg are part of the trackingframework, it is possibé to
createtemphtessoley from thisinformation, neglecting imagecontentfrom previ-
ousimages.Lopezetal. [9] have a 3D registeredtexture of a faceaspartof their
objectmodel.Computergraphicg CG) techniquesreusedto texture-maphetex-
ture onto a wire-framemodel of the faceto estimatethe appearancef a feature
in theimage.This imagepatchis thenusedasa temphtein the featuretracking
portionof the system.

Our work uses3D modelsfor comple articulatedobjects,alsoin a CG based
framework (specifically OpenGL[13]), to generatdeaturetemplatesimagingand
objectmodelsareusedto producea CG imageof thescenen theestimateaonfig-
uration.Sincethe CG scends completly known the 2D imagelocationsof salient
featureonthe CG objectareknown. Portionsof thisimagearethenusedasfeature
templatego compareagainstheinputimage.More informationon our methodfor
featuretemphtegenerations givenin [14].
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2.2 TheSSDsimilarity metric

In correlation-basedracking, a similarity metric is usedto comparethe feature
templatedescribedabore to areasof theimageto locatethefeaturein theimage.

Thestandardsum-of-squared-dérencegfSSD)metricfor grayscaléamagess de-
finedas:

SDuv)= > [T(m,n)— 1 (u+m,v+n)?, (1)

m,neN

whereT is the templateimageand| is the inputimage.The location (u,v) rep-
resentssomelocationin the input imagewhosecontentis beingcomparedo the
contentof the template.Papanilolopaulos [2] usesthe SSD measurego generate
trackingresultsthat arethenusedfor robotic visual senoing experimens. Anan-
dan[3] andSinghandAllen [15] usethis SSDmetricfor the computatiorof image
flow. Alternative dissinilarity measuresanbefoundin [16], [17], [18] and[19].

2.3 Windowing

Often, the SSD measurds not computedfor the entire inputimage,but only for

somesearch windowin the inputimage.Primarily for computatbnal reasonsthis

restrictionalso senes as a focus of attentionfor the featuretracking algorithm.
SinghandAllen [20] [15] definea fixed size squaresearchwindow surrounding
the previous location of the feature.Kosakaand Kak [21] considerat lengththe
shapeand location of the searchwindow. They modelthe sceneand computea

spatialprobability densityfunctionfor thelocationof eachfeature thensearctthe
imageareacorrespondingo 85% of the probabilty mass.

Our work usesa constant-@ocity modelfor an articulatedobjectto predict3D
positionsfor relevantpointson the object.Imagingmodelsarethenusedto project
thesdocationgo pointsontheimageplane A fixedsizerectangulasearctwindow
centeredat theselocationsis establishedn the input image.See[22] for more
detailson themodelsusedin this work.

3 Confidencemeasuresand spatial uncertainty

It hasbeennoted[3] thatpopukr similarity measuresftenleadto someunreliable
matchesparticularlyin imageregionswith little texturalinformation For thisrea-
son, it is often helpful to computea confidenceon the matchfound, aswell asa
location. This confidencemeasurdypically gives information regardingthe relia-
bility of thematchscore.Thisscalarscoreoftenis usedto estimatehereliability of
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thefeature,e.g.,for usein latertrackingoperationr to propagatemageflow in-

formationfrom oneportionof animageto anothef15]. Below, we will describea

matrix-valued measurehatcontainanformation bothaboutthe overall confidence
in a featuremeasuremerdndinformation abouthow accuratehe measuremerns

in all imagedirections.

Anandarn3] usedthe SSDmatchingscoresof atemplatewith a5 x 5imageregion
to develop a matchconfidencemeasureébasedon the variationof the SSDvalues
overthe setof candidatenatchesAnandanarguedthatif thevariationof the SSD
measurealong a particularline in the searchareasurroundiig the bestmatchis
small,thenthe componentf thedisplacemenalongthe directionof thatline can-
not be uniquey determined Corversely if thereis significantvariationalonga
givenline in thesearchareathedisplacemenglongthisline is morelik ely correct.

SinghandAllen definearesponsdlistribution basedonthe SSDmetric(1) as
ZDc(u,V) = exp(—kSSD(u,v)), ()

wherek is usedasa normalizaton factor Thenormalizatiorfactork waschosenn
[15] sothatthe maximum responsevas0.95. SinghandAllen thenarguethateach
pointin thesearchareais a candidatdor the“true match” However, apointwith a
smallresponses lesslik ely to be thetrue matchthana pointwith a highresponse.
Thus, the responsalistribution could be interpretedas a probability distribution
on the true matchlocation— the responseat a point depictingthe likelihood of
the correspondingnatchbeingthe true match.This interpretatiorof the response
distribution allows the useof estimationtheoretictechniques.

Underthe assumptin of additve zeromeanindependenérrors,a covariancema-
trix P, is associateavith eachlocationestimate.This matrix is constructedrom
information aboutthe shapeof (2) asu andv (the horizontaland vertical pixel
locations)change.

S #D(u,V)(u—Um)® S ZD(U,V)(U—Um)(V—Vm) |
u,veN u,veN
Z ZD(u,V) Z ZD(u,V)
P = u,VeN uveN (3)
S ZD(U,V) (U~ Um) (V— Vin) S ZD(U,V)(V—Vim)®
u,veN u,veN
ZD(u, ZD(u,

B u,éN (U V) u,éN (u V) i

whereu, andvy, aretheestimatedocationsjn theu andv directions of thefeature
andN is the neighborhod of the pixel. Expressiongor the normalizedvariance
in the horizontaland vertical directionsappearalongthe diagonalof (3), andan
expressiorfor the normalizedcovarianceappearsn both off-diagonalelementof
Pm. See[15] for morein-depthdiscussia of this formulation. The reciprocalsof
theeigervaluesof thecovariancematrixareusedasconfidenceneasureassociated

52



with theestimatealongthedirectionsgivenby the correspondingigervectors.To
our knowledge , SinghandAllen arethefirst researcherto treatthe locationof the
bestmatchasa randomvectorandto usethe (normalized)SSD surface(SSDS
to computethe spatialcertainty of the estimateof this vector Theseconfidence
measureare thenusedin the propagatio of high confidencemeasurementtor
local imageflow to regionswith lower confidencemeasurementsuchasthose
causedy largehomogeneaosiregions.

As the SSDmeasures usedto comparehetemplateto areasof theimagenearthe
areageneratinghe minimum SSDscore,somemeasuref the spatialdiscrimina-
tion power of thetemplatecanbegenerated3]. Spatialdiscriminaton is definedas
the ability to detectfeaturemotionalonga givendirectionin theimage.This con-
ceptis quite similar to the confidencemeasuresliscussedbove that estimatethe
reliability of the locationestimate However, we interpretthe confidencesasspa-
tial uncertaintiesn thereturnedocation.Papanilolopouos explainstheconcepof
spatialdiscrimnationin detail, giving examplesof cornerfeaturesgdgefeatures,
andhomogeneouteaturesalongwith their respectre autocorrelatior5SDSH2].
We illustratethe effect on severalfeaturesn Sectionb.

While conclusims aboutthe efficacy of a given templatefor featurelocalization
canbedravn from the fully computedSSDS,it is bothcomputationail expensve
andmemoryintensie to maintainthecompletesurfacefor this purposeln thenext
sectionwe derive anapproximatiorfor #D thatis morepracticalto maintainand
propagate.

4 A practical approximation for ZD

In orderto maintainanduserelevantinformatian aboutthe shapeof the response
distribution, we introducea mathematicabpproxination to the distribution given
in (2). By suppressinghe off peakresponseof the featuretracking result, this
responsalistribution function corvertsthe SSDSinto an approximatelyGaussian
distribution thatcontainghefeaturetrackinginformationwe wish to maintain.

4.1 Uncertainfeatue measuements

Themeasuremenectorz, isinterpretecasanuncertairlocationin the(u,v) plane,
andmodeledasa 2D Gaussiamrandomvector It is illustrative to analyzethe be-
havior of thedensityfunctionfor this vectorwith respecto the spatialcertaintyof
thefeaturetrackingresultasR,, the covariancematrix for the vector changeskFor
examplejf R, = o, Wherea5 is thevarianceof thevector thelocationis equally
certainin eachdirection. The ellipsesof equalprobability on the densitysurface

53



arecircles.If g, # oy, whereau2 anda\? arethevariancesn theu andv directions,
thelocationis morecertainin onedirection(givenby theminor axisof theellipses
of equalprobabilty) thanin the otherdirection (given by the major axis). As the
lengthof the major axis approachesfinity, completeuncertaintyon the location
alongthis dimenson is assertedlt is well known that the meanand covariance
aresufficient statisticsfor a Gaussiamandomvariable.Thereforejf this Gaussian
densitysurfaceis suflicientto modelthetrackingbehavior, it is no surprisethatthe
meanand covariancesuffice to maintainthis information In the next sectionwe
explain how we estimatehesequantitiesfrom ZD.

4.2 Parameterestimaton fromtheSSDS

This sectiondescribesa procesdor analyzingthe SSDSto arrive at estimategor
the meanandvarianceof a Gaussiamandomvector The densityfunction of this
vectoractsasan approximatio to the responsalistribution #ZD (see(2)) for the
purposeof trackingfeatures.

Our work developsa differentnormalizationprocedurefor #D thatis usefulfor

theevaluaton of isolatedfeaturemeasurementsom templae images.This proce-
durediffersfrom thatdescribedabove in severalways.First, SinghandAllen were
comparingquitesimilarimagepatchesleadingto a very pealedresponselistribu-

tion. Ourwork compare<G generatedemplatamagedso actualcapturedmages,
leadingto a muchlesspealed distribution. Secondwe emphasizéhe impartance
of suppressig the off peakresponsesothatonly theimageareaswith significant
agreemento thetemplateimageaffect the uncertainty

Our computaibn of thenormalzationfactork in (2) differsfrom thatof Singhand
Allen [15]. We chosek suchthat

Z ZD(u,v) =~ 1. 4)

u,veN

As canbeseenin Figurel, this hasthe effect of suppressinghe off peakresponse
of thefeaturedetectorwhencomparedvith SinghandAllen’s normalization We
believe thisto beamoreappropriatenormalizatiorfor our situation.

As describedn Sectiord.2,we compue onecovariancematrixandonelocationfor
eachfeature andusethisinformation in amodel-basedbjecttrackingframework.
We do notrejectanytrackinginformationbut insteadveighteachmeasuremenrdn
thebasisof this covariancematrix, usingasmuchinformationaspossitbe from the
featuretracking.

Themode,or mostprobablevalue,of arandomvectoris locatedat the peakof the
densityfunction. We take the locationof the minimum of the SSDSasour value
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(b) ZD from [15] (c) GaussiarbensityFunctionapproximatig (b)

(d)ZD (e) GaussiabensityFunctionapproximatiig (d)

Fig. 1. Approximationof anexamplerespmnsedistribution by adersity function. Pixelsare
along thex andy axes,andSSDScoreor probability massis alongthez axis.

for the modeof thevector

z, = argminy,ySSD(u, V). (5)

Thevarianceof u (g?), thevarianceof v (g2), andthe covariancebetweeru andv
(puvouoy) canbeestimatedlirectly from theresponselistribution usingEquations
(2) and(3), yieldingthe desiredcovariancematrix,
R_ | & PwOuoy| ©)
PuvOuOy U\?
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which,asdescribedbove, containccompletanformation abouttheorientation and
shapeof theerrorellipsoids

By compuing the covarianceaswell asthe varianceswe retaininformation about
theorientationof the ellipsoidsof constanprobability, aswell astheir intersection
with theu andv axes.Thereforewe gainthe ability to maintaininformation about
directionsof goodspatialdiscrimiration.

Of courseaswe areonly maintaning the meanandvarianceof the randomvec-
tor, and not the completeSSDS, this is only an approximatbn to the complete
informationaboutlocal imagestructuregiven by the SSD. However, it doesgive
an indication of both the absolutequality of the matchand,in casesvhereedge
features exist, thedirectionof theedge.

5 Results

In this section,we review the resultsof featuretrackingwith measuremenincer
tainty estimation We examinesomelllustrative exampleggraphicallyandquantia-
tively, anddescribethe useof thisinformation.Finally, we present brief exampke
from our relatedwork in objecttrackingthat usesthis uncertaintyinformationto
aidin trackinganobject.

5.1 Gripperfeatue

The featureconsideredn this sectionis a portion of the end-efector of a robot.
Figures2 and 3 showv the inputs usedfor thesesearchesTwo situations will be
consideredareasonablytandardnputimagewith thegrippervisible asexpected
and an input imagein which the gripperis completelyoccludedby an external
object.Thetrackingresultsandcomputedincertaintiesvill beshovnin bothcases.

Figures4 and5 shaw thetrackingresultsfor thesecasesin eachfigure,thefeature
locationis shavn by a crossin (a), the negatve SSDSis showvn in (b), andthe
computedorobability densityfunction of this location(seeSection4 for detailson
this computatdbn) is shovn in (c). In Figure 4, both the SSDSand GRV density
surfacesndicateequalaccurag of thetrackingresultin all directions.

1 Ourreferencesto edee featurescanreferto ary featureswith low discimination power
in onediredion in the current configuiation of the object evenif the 3D structure which
gave rise to the featue hasgoodtexture in multiple diredions. SeeSection5.3 for more
explaination of this case
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(@) (©)

Fig. 2. Inputsto tracking for gripper featue (unoccluded) (a) Full Input Imagewith search
region marked (b) Template(c) Actual areaseached

(@) (©)

Fig. 3. Inputs to tracking for gripper feature (ocduded (a) Full Input Imagewith search
region marked (b) Template(c) Actual areaseached

(@ (b) (c)

Fig. 4. Tracking resuts for unaccluded gripper feature. (a) Resultsimagewith a dotted
box shawving the areasearcled anda cross illustrating the featuie location determined(b)

Negative SSDS(c) GRV dersity

In Figure5, we presengnillustration of the usefulnes®f the on-line estimaion of
templateefficacy. By callingthisestimatiam “on-line”, we donotmeanto imply that
this methodis real-time.With no hardwareaccelleratiorfor the SSDcomputatdns
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(@) (b) (c)

Fig. 5. Tracking resuls for occludedgrippe feature. (a) Resultsimagewith a dotted box
shaving theareaseartiedanda cross illustrating the feature location determired (b) Neg-
ative SSDS(c) GRV densty

or theresponsadlistribution normalizationthis algorithmis actuallyquite slow. On
a Sparcl0, eachfeaturetakesapproximagly 15 secondgo compute.Insteadwe
meanto point out that sincethe templatesusedand input imagesacquiredboth
changeasafunctionof time andconfigurationthe efficacy measuresisedmustbe
computedwithin thetrackingloop.

Thefeatureshavn in Figure5 hasthe sametemplateasin the previouscase How-
ever, a personhassteppedetweenthe cameraandthe feature,occludingthe fea-
ture.

A 2D measurementgpresentedy the crossin Figure4(a) andFigure5(a),anda
2 x 2 covariancemeasuremerdrethe outputof the featuretracking,andareused
directly in the EKF framework describedn [14].

5.2 Edgefeatue

This caseillu stratesthe usefulnes®f the measuremenincertaintyestimationfor
trackingfeatureswith poorspatialdiscriminatonin onedirection.An edgefeature
canbetrackedwell only in thedirectionorthogonato the edge.This featurearises
from a point on the edgeof the robotic arm. Thus,the orientation of the edgein
the featuredependson the configurationof the robot. As the configurationof the
robotchangesthedirectionof theedgeprojectedontotheimageplanewill change.
Figures6 and7 shaw theinputsusedfor this search.

In Figure8, theedgeisin adiagonalbrientation.Thenegative of theSSDSshavnin
(b) hasaridge alongthis direction,indicatinggoodmatchscoresalongtheridge.
The location of the absolué maximimum of the SSDS(i.e. the returnedfeature
location),is shawvn by the crossin (a). After normalization the densityfunction
shavn in (c) exhibits the sameridge, while suppressinghe off peakmatchscores
onbothsidesof theridge.Similarly, theedgein Figure9isin averticalorientation,
sotheridgesin (b) and(c) arein the vertical direction,andthe returnedfeature
locationshown by the crossin (a) is known to be accurateonly in the horizontal
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(@) (©)

Fig. 6. Inputsto tracking for edgefeature (diagonalconfigumation)(a) Full Input Imagewith
seart region marked (b) Template(c) Actual areaseached

(@) (©)

Fig. 7. Inputs to tracking for edgefeature (vertical configumtion) (a) Full Input Imagewith
seart region marked (b) Template(c) Actual areaseached

(@ (b) (c)

Fig. 8. Trackingresduts for diagonaledgefeature.(a) Resultdmagewith adotted box shav-
ing the areaseachedanda cross illustrating the featuie location detemined (b) Negative
SSDS(c) GRV densty

directiononly.

By maintainingthis informatian, the systemcan exploit the featuretrackingin-
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@ (b) (c)

Fig. 9. Tracking resutsfor vertical edgefeatue. (a) Resuls Imagewith adotted box show-
ing the areaseachedanda cross illustrating the featuie location detemined(b) Negative

SSDS(c) GRV densty

(@) ()

Fig. 10. Inputs to tracking for point feature (nondegeneate) (a) Full Input Image with
seart region marked (b) Template(c) Actual areaseached

formationto its fullest extent. The resultis neitherendaved with inappropriag¢
confidencedueto the goodaccurag in the direction orthogoral to the edgenor
undulydevalueddueto the pooraccurag in thedirectionalongtheedge.

5.3 Degenemntepointfeatue

In this section,we illustrate anotheraspecif the usefulnes®f on-line estimation

of templae efficagy. Sinceour object-trackingsystemis intendedto work under
widely varyingconfiguration®f the object,theappearancef featuresmaychange
significantly during tracking. A single featureacceptancer rejectancedecision
will notsufiice in thiscase.

Figures10 and 11 show the inputsusedfor this searchFigures12 and 13 shav
trackingresultsfor afeaturethatundegoessucha changen appearanceg point of
intersectiorof ablackline onthe edgeof theroboticarmwith therearedgeof the
arm.
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(@) )

Fig. 11. Inputsto tracking for point featule (degenerate— acting asaline feature) (a) Full
Input Imagewith seard region marked (b) Template(c) Actual areaseached

@ (b) (c)

Fig. 12. Trackingresuts for nondegeneate point featue. (a) Resultsimagewith a dotted
box shaving the areasearcled anda cross illustrating the feature location determined(b)
Negative SSDS(c) GRV dersity

This featureis a point of high texture in bothdirectionswhenthe armis approxi-
matelyparallelto theimageplane,asshovn in Figure 10(a),andactslike a point
feature Thisfeaturelocation,shovnin Figurel2(a)by thecrosscanbefoundwith
highaccuray in all directionsasshowvn in theNegatve SSDSshowvn in (b) andthe
final densityshavnin (c).

However, this featureactslik e anedgefeaturein otherconfigurationssuchasthe
configurationshavn in Figure 11, wherethe armis pointing roughly toward the
cameraln this configuration the featureappearssa verticaledgefeature,ascan
be seenin the searchimageshown in Figure 11(c). The locationof the featurein

this case(shavn by the crossin Figure13(a)) canbe foundwith high accurag in

only the horizontaldirection. This fact canbe seenin the Negatve SSDS(b) and
thefinal density(c).

Again, the maintenanceof the covariancematrix insteadof a single confidence
measuremakesthis suboptinal trackingresultnot only tolerable but useful.
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(@) (b) (c)

Fig. 13. Tracking resuts for degeneatepoint feature. (a) Resultsimagewith a dotted box
shawving theareaseartiedanda cross illustrating the feature location determired (b) Neg-
ative SSDS(c) GRV densty

5.4 Objecttracking usinguncertainty

In eachof the previous results we have shavn how theresultsfrom trackinga sin-
gle featurecanbe analyzedo arrive at an efficacy measurdor thelocationof that
feature.In this section,we briefly describehow this type of informationfrom sev-
eral distinct featurescanbe usedto track the movementsof an articulatedobject.
We will alsodemonstrate casein which the ignoranceof this uncertaintyinfor-
mationleadsto losingtrack of the object.As we areusingthe absoluteminimum
of the SSDSfor thefeaturemeasuremenh bothexperimentsthe accumacy of the
featuretrackinginformatian is not changedThe independanvariablein the two
experimentss insteadheassociatedncertaintyinformaion. KalmanFilter diver-
gencedueto incorrectuncertaintyinformation is a well-known phenomenoim the
radartrackingliterature[23] [24], andhasreceved someattentionin thecomputer
vision androboticscommuniy aswell [25].

In thisexample we aretrackingatwo degreeof freedomplanararmwith unknavn

link lengths.Thus, the systemhasfour total degreesof freedom.We utilize an

extendedKalman filter to track this system.For an in-depthlook at this object
tracking system see[4]. We presenta brief look at the system,from the point

of view of utilizing featuretrackinginformatian, belon. The systemusedin this

exampleis identical exceptfor the useof measurementincertaintyas described
below.

The measuremerfunctionis the compositon of the arm Jacobiarandthe image
Jacobian(i.e. the mappingfrom joint anglesto imagelocationof features)Using
thisframework, themeasuremergquationsareimplicitly inverted[26] andfeature
measurementsom theimagesareusedto updatethe configurationof thearm.

We definethe statevectorfor this extendedKalmanfilter to be
. . T
Xk = |0p 01 Yo 91 @9 3-1] ) (7)
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wheregq; is theangleof theith joint, anda; is thelengthof theith link. We assume
constantvelocity motion in the joints andfixed unknown link lengths.Measure-
mentsfor thissystemarethe(u, v) locationsn theimageplaneof salientpredefined

featureonthearm,
T

Zo=|u; vy -+ Up Ve (8)
wherethereare F featuresbeingtracked. Eachfeaturemeasurementasan un-
certaintymatrix R; associatedvith it. Thesemeasurementare combinedinto a
systemmeasuremenincertaintymatrix, asshovn below.

RI o Puy, Uzuf oy,
Pupv, Ou, Oy, O,
RI(1,1) RLL,2) -~ O 0
RL(2,1) RE(2,2) 0 0
R, = : , :
0 0 RE(1,1) RE(1,2
0 0 Rk(2,1) R (2,2),

Figure 14 shaws the resultsfrom two objecttrackingruns.Both runsutilized the
samesequencef inputimagesin thefirst casetheuncertaintyestimateslescribed
in this paperareused.In the secondanexperimentallydeterminedconstanexper
imental variancewas used.The objecttradking portion of the algorithm wasin-
denticalin bothcasesThe computatiorof the featuretrackinguncertaintywasthe
only changeThesolid linesmarked x, (with MU) andx; (with MU) in Figure14
representheangleestimatedor joints 0 and1 respectiely, with measuremenin-
certaintyinformatian. The dashedines marked x, (without MU) andx; (without
MU) representhe angleestimategor joints 0 and1 respectrely, replacingtheac-
tualmeasurementncertaintyinformationwith theidentity matrix multiplied by an
experimentaly determinedscalarvariance.This variancewaschosento optimize
performancan the system andworked well in mary situations. However, in the
caseshown theinitial link lengthswereincorrectby a factorof approximately2,
andthe latter systembreaksdown. Sincethesetrackingresultsarefrom an unin-
strumentechumanarm, groundtruth is not available. Qualatitvely, the estimates
givenby the former systemtrack the objectwhile the estimategyivenby the latter
systemdiverge from theactualangles.

By ignoring the augmentedeaturetrackingmeasurementshe systemis not able
to identify correctlywhenthe systemis doingwell andwhenit haslosttrack. This
factis moreevidentin Figurel5,wheretheestimategor thelink lengthsareshawn.
Again, the solid lines indicatethe systemusingmeasuremenincertaintyandthe
dashedinesindicatethe useof anexperimentallydeterminedscalarvariance.
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Fig. 14. ObjectTracking ResultsandMeasuementUncertanty - JointEstimates

6 Conclusions

Themethodpresentediseshe SSDS acommonintermediateesultin correlation-
basedfeaturetracking,to computequantiative estimatesfor the spatialaccurayg
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of the featuretrackingresult. This estimateconsistsof a covariancematrix for a
Gaussiarrandomvector Analysisof this matrix yields informationaboutthe di-

rections(if any) in whichthetemplates discriminatingthe featurefrom theimage
backgroundandprovidesa quantititive measuref confidencen eachdirection.
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Severalexampksweregivenillu stratingtheintuitive natureof this quantiaitive un-
certaintyestimate.This estimateis particularlyusefulin long sequencesyhena
givenfeaturecanperformwell at sometimes andpoorly at othertimes.An exam-
ple of oneuseof this informationwasalsopresentedin the context of articulated
objecttracking.More examplesof the useof this matrix in model-basedracking
of comple articulatedobjectscan be found in [4], alongwith a more thorough
explanationof the Kalmanfilter basedsystem.

The featuretrackingresults,combinedwith the measuremenincertaintymatrix,
yield acompositeneasurehatis usefulwhenanalyzingthetrackingresults Anal-
ysis of the featuretracking resultscan detecttemplatesthat do not discriminae
effectively in ary direction.By associatingpatialconfidencemeasuresvith fea-
ture trackingresults,thoseresultscanbe morefully exploited: the factthat some
directionsmay have high confidencedoesnotleadusto acceptheentiremeasure-
ment,andthe factthat somedirectionsmay have low confidencedoesnot leadus
to disregardusefuldata.
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