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Abstract

Duringthelastdecademodelbasedrackingof objectsandits

necessityin visual serwing andmanipulationhasbeenadvo-

catedin a numberof systemg4], [7], [9], [12], [13], [14].

Most of thesesystemsdemonstrateobust performancefor

casesvhereeitherthe backgroundr the objectarerelatively
uniformin color. In termsof manipulation,our basicinterest
is handlingof everydayobjectsin domestieenvironmentssuch
asahomeor anoffice.

In this paper we considera numberof differentparameters
thateffectthe performancef amodel-basettackingsystem.
Parametersuchas color channelsfeaturedetection,valida-
tion gates,outliersrejectionandfeatureselectionare consid-
eredhereandtheir affectto the overall systemperformances
discussedExperimentakvaluationshowvs how someof these
parametersansuccessfullpeevaluatedlearnedpn-lineand
consequentlymprove the performancef the system.

1 Intr oduction

For humans,everyday actwities such as pointing, grasping,
reachingcatching,varioustool manipulationarestronglyde-
pendenton rich coordinationbetweenthe eye andthe hand.
Eachof theseactionsrequireattentionto differentattributes
in the ervironment- while pointing requiresonly an approx-
imatelocation of the objectin the visual field, a reachingor
graspingmovementrequiremoreexactinformationaboutthe
object’s pose. An extensve study of humanvisually guided
graspsin [8] hasshown that the humanvisuomotorsystem
takesinto accountthe three dimensionalgeometricfeatures
ratherthanthe two dimensionaprojectedimageof the target
objectsto plan and control the requiredmovements. Com-
paredto mostof the currentrobotic visual senoing systems,
which areimage basedandbasedon 2D featuretracking,the
informationusedby humanss muchmore complex andper
mits humansto operatein large rangeof environments. In
termsof robotic manipulation,it is usuallyrequiredto accu-
rately estimatethe poseof the objectto, for example,allow
the alignmentof the robotarm with the objector to generate
afeasiblegraspandgraspthe object. Using prior knowledge
aboutthe object propertiessuch as size, texture or shape,a
specialrepresentatiortan further increasethe robustnessof
the tracking system. Realisticervironments(tables, shelfs)
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and naturalobjects(suchasfood packagesgups,etc.) offer
usvery little placefor assumptionsuchas,for example,uni-
form color or simpletexture attributes. In termsof poseesti-
mation,a numberof model-basetrackingsystemshave been
proposed4], [12], [14], [13], [9], [7]. Onecommonthing for
all of themis the useof wire—framemodelsand object fea-
turesto estimatecurrentpose/elocity of the object. Most of
themdealwith trackingof particulartargets(e.g. cars),usu-
ally uniformin color with a moderatelyaryingbackgrounds.
Ourpaperprovidesanexperimentabppraisabf theparameter
issuein amodelbasedrackingsystem.The mainobjectiveis
to presenthedifferentparametershataffectthe performance
of a model-basedracking systemandintegratesomeof the
ideasproposedn the above mentionedsystemsdo achieve ro-
bustnessn termsof tracking of textured objectsin everyday
ervironments. The systemhassuccessfullypeenusedto: i)
estimatethe poseof anobjectto be graspedandii) track the
poseof an objectfor casesof moving camera/muwing robot
tasks.The presentedystemusesa numberof ideasproposed
in othersimilar systemsand integratesthoseto successfully
copewith partialocclusionof theobjectandto mantaintrack-
ing of the objectevenin the caseof significantrotationalmo-
tion and backgrounctlutter The ability to copewith occlu-
sionsandchangesn the appearancef the objectare two of
thecapabilitiesrequiredfor thedesignof arobusttrackingand
visualsernwing system.

The paperis organizedasfollows. Section2 outlinesthe dif-
ferentstepsof our system.This is followed by a detailedde-
scription of different parameterghat affect the performance
in Section3. An experimentalevaluationis performedandit
is further demonstratethow the parametersffect the overall
systemperformancen Section4. Finally, Section5 summa-
rizesthe obtainedresultsand presentsavenuesfor our future
research.
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2 SystemOverview

Thetrackingsystenpresentedh thiswork employstheclassi-
caldetect-math-update-pedictloop, [2]. Thekey problemto
robustandpreciseobjecttrackingareoutlierscausedy occlu-
sions,clutteredbackgroundspeculareflectionsshadevsand
texture. Approachedik e condensation5], copewith outliers
by takinga largenumberof samplehypothesesf the position
of the tracked structureanda comparatrely small numberof
edgemeasurementgersample.Ourtrackingsystemachieres
robustnessisinga large numberof measurement®r a every
posehypothesisTheidea,similarto the onesproposedn [9]
and[6], is to useanimagemotionmodelto accounfor motion
betweerconsecutie framesusingnormaldisplacementsOur
approachrelies on the estimationof normal flow for points
(nodes)longlinesandpresenrestherigid structureof the ob-
ject. As outlinedin the introduction,the systemis usedfor i)
poseestimationandii) tracking.In our casethebasicdiffer-
encedetweerthesetwo are:

i) Initial poseestimationretrieves the poseof the object at
the beaginning of the tracking (manipulation)sequenceHere,
we assumethat the initial guessis provided by an appear
ancebasedmethodor that a set of manualcorrespondences
betweenthe model andthe objectis available. The appear
ancebasedapproachs briefly presentedn Section2.1. If, on
theotherhand,a setof correspondences available,theitera-
tive methodproposedn [15] is used.This stepis followedby
anextensionof [7] thenonlinearapproactproposedn [16].

i) Interframeposechangeor posetrackingconsideraipdating
theposeof the objectrelative to the camergor someotherco-
ordinatesystem)if thereis arelative changen posebetween
thesetwo. Thisis thenusedto track the poseof anobjectfor
caseswvhereeither(or both) cameraandobjectaremaoving.
We have integratedboth appearancéasedand geometrical
modelsin our trackingsystem.After the objecthasbeenrec-
ognizedandits positionin theimageis known, anappearance
basednethodis employedto estimatéts initial pose,[17].

2.1 Initialization

Oneof the problemgo copewith duringtheinitialization step
is thatthe objectsconsideredor manipulationarehighly tex-

turedandthereforenot suitedfor matchingapproachebased
on, for example, line features[12], [14], [13]. The initial-

ization stepusesthereforethe ideasproposedn [11]. Dur-

ing training, eachimageis projectedasa point to the eigen-
spaceandthe correspondingposeof the objectis storedwith

eachpoint. Sincethe workspaceof the robotis quite limited,

a limited numberof training imageswill suffice for most of

the applications[17]. At run time, the poseparameterare
found as the closestpoint on the posemanifold. Now, the
wire-framemodelof the objectcanbe easilyoverlaidontothe
image. Sincea low numberof imagesis usedin the training
processposeparametersvill notaccuratelycorrespondo the
inputimage. Therefore a local refinementmethodemployed
for tracking(Section2.2)is usedfor thefinal fitting, Fig.2.

Figure 2: Fitting stageandchangen pose:Theimageonthefarleft
shaws the nearestrainingimage. Its poseis usedasthe
startingvaluefor thefitting processTheabsolutechange
in poseparameterss: AX=4mm,AY=8mm,AZ=138mm,
Aa=23 ,AB=3 ,Ay=5 .

2.2 PoseEstimation S
Thesystemstatevectorisx XY ZaByXY ZapBy

wherea, B andy representoll, pitch andyaw angles.Using
theideasproposedn [9], normalflow alongvisible objectfea-
turesis usedto find a geometrictransformatiorof the object
(relative changein pose)betweentwo frames. Representing
the poseof the objectby a4 4 homogeneoumatrix X(R, t)
andwith anassumptiorof a smalldifferencein posebetween
two adjacentframes,the relative changein poseis found as
AX  Yexp giG; whereg; representhequantitiesof relative
objectmotion obsened in imageand G; are generatorf a
six—dimensionaLie group,eachrepresentingne of the six
degreesof freedomof arigid body.

2.3 Prediction and Update

Theposeof theobjectis trackedovertimeusingana B filter.

Here theposeof thetargetis usedasmeasurementtherthan
imagefeaturesascommonlyusedin the literature,[13]. This
approactsimplifiesthe structureof thefilter which facilitates
acomputationallymoreefficientimplementation.

2.4 Object Modeling

For most of the objectswe want the robot to manipulateat
this early stage,a simple polyhedralmodelwill sufiice. We
have alsointegratedconesandcylindersin the systemwhich
allows usto dealwith objectssuchascupsor plates.A model
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Figure 3: An objectis representeavith points,linesandpolygons.
A similar schematioverview is presentedn [12].

is constructedrom a setof primitives,seeFig.3. In the sim-
plestcasethe primitivesarethe apparentbjectedgesusedto
modelthe objectsby points,lines and polygonsdefinedboth
in thecamera3D) andimage(2D) spaceln addition,surface
creasesnarkingsor regulartexturepatterngcircles,ellipses)
caneasilybeintegratedin the model. Giventhe currentpose



of the object, a hiddenprimitive removal is performedusing
bad face culling, [18]. Assumingthat the poseof the ob-
jectchanges smallfractionbetweerframes for optimization
purposesthevisibility is notestimatedn eachframe.

3 Confluenceof Parameters

We assumethat the objectsto be manipulatedare placed
on atable, shelf etc. In thesesituations,the backgrounds
fairly textured which, in the combinationwith textured ob-
jects, makesthe processof featuredetectionrelatively com-
plicated. In termsof objects,surfacepatternsare commonly
irregularin termsof shape(letters,flowers,etc.) which does
not allows us to generatesimple features(lines, ellipses)on
the surfaces. Since an objectis definedas a set of related
primitives,whicharerelatedbothin 2D and3D, therobustim-
provementdor the algorithmcanbe obtainedat two levels: i)
Obtainingmeasurementirectlyin theimageandelimination
of outlying measurements theimage,andii) Poseupdatein
3D andeliminationof the outliersbasedn poseparameters.

3.1 Outliers rejectionin 2D

A numberof systemsuse tracking widowsfor eachfeature
of the model which are warpedalong the main feature ex-
tension,[13], [14], [12]. After this, edgelsare extractedin-
side the window and usedto fit the featuregeometryto the
data. Consequentlyall pixels inside the window have to be
processedo obtainfeaturecandidatesnakingthis approach
time consuming. In our system,usingthe predictedposeof
the object, the visible edgesof the objectare projectedonto
the image. A numberof control points (nodes)is generated
alongthe edges. Assuminga small changein posebetween
two frames for eachcontrolpoint correspondencesmesought
for to find the strongesimagegradientin the vicinity of the
control point. Becauseof the apertureproblem,only the per
pendiculadistancealongtheedgeis measurableThereforejt
is sufficientto chooseoneof theeightcardinaldirectionsclos-
estto thedirectionof theline normal,allowing imagesearch
in one—dimensiomatherthantwo-dimensiongi.e. linearvs.
guadraticomplexity in thesearchrange).Contraryto Kalman
filter basedmethods,our methoddoesnot requirein partic-
ular the introductionof a statemodel, noisevarianceof the
stateand measurementnodels,which are often crucial fac-
tors. However, both backgroundandobjecttexture properties
will introducea significantnumberof falsepositives. To im-
prove the robustnesswith respectto the outliers, approaches
suchas RANSAC [4], factoredsampling[5] andregularisa-
tion [7] have beenproposed We have decidedto usethe esti-
matednormaldisplacementandfit aline throughthoseusing
the leastsquaredine fitting proposedn [1]. After that, the
new normaldisplacementsre estimatedasthe perpendicular
distancebetweeranodeandthenew line, seeFig.4.

3.2 Outliers rejection basedon poseestimation

In combinationwith the outliersrejectionconsideringnormal
displacementsye have also usedthe idea shavn in Fig.5.
Giventhe predictedposeof the objectandthe model,we can
easilypredicttheparametersf all thefeaturesn theimage.In
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Figure 4: 2D outliersrejection: Using the old (predicted)position
of theedge normaldisplacementareestimatecandnen
edgepositionfound usingleastsquares.The new line is
usedto reestimatehe normaldisplacements.

this casejf thereis aconsiderabl@lifferencan anglebetween
the predictedandestimatecedge the edgeis disregardeddur-
ing in the poseestimationstep. This allows us to success-
fully copewith shadevs commonlyoccuringin the vicinity
of edges.In addition,thereare casesvheretwo of the model
edgesnay getmatchedo the sameline in theimage. In this
casetheedgefor whichthepredictedoositionis closesto the
detectededgeis usedfor poseestimation.

Figure5: 2D fitting processvherevisible edgesareshavn in black
andnew, detectedn white. Edgenumberl is disregarded
in the poseestimationstep,dueto the large differencein
anglecomparedo the previousframe.

3.3 Gradient threshold

Assumingthatthereis a considerablaifferencebetweenthe
object and the background,one—dimensionasearchusually
givesussatishctoryresults.To copewith smalldifferencesn

grey—level valuesbetweeradjacenpixels,athresholds com-
monly used. Inadequatehresholdmay resultsin falseposi-
tivesandanunsuccessfuhatchingstep.An empiricalevalua-
tion hasshovn thatanadequatenitial valuefor thethreshold
regardingall the featureds 20. During tracking,this valueis

changedbasedon the averagegradientestimatedfor all the
generatechodeson a featureby featurebasis.

3.4 Feature stability

In certaincasessomeof the edgeswill be difficult to detect.
This may happerif the backgroundandthe objectaresimilar
in color or if thereis no enoughdifferencebetweendifferent
facetsof the objectbasedon the lighting conditions,poseof
the object,occlusion,etc. Consequentlythe “goodness’of a
featurewill vary duringtracking. We have introduceda con-
fidencemeasurattachedo eachof thefeaturesdependingn
thefrequeng with whichthefeatureis foundduringatracking



sequenceTheconfidencevalueis usedto weightthefeatures
responseduringposeestimation.

3.5 Number of nodesalong features

Determiningthe numberof nodesgenerateclongthe visible
objectcontourds alsooneof theimportantpartsof thesystem.
In amodelbasedrackingsystentherewill alwaysbeatrade—
off betweenthe time requiredto estimateone cycle andthe
providedaccurag in termsof pose.Therearetwo parameters
thatdeterminethe numberof nodes:i) currentvelocity of the
object(or thechangein pose)- if thechangen posebetween
theframesis significant,the numberof nodess keptlow, and
i) theconfidencameasuref afeature- for featureswith high
confidenceasmallernumberof nodesaregenerated.

3.6 Color space

Commonly grey—level imagesare usedduring this type of

tracking.It is widely known thatin somecasesthebluechan-
nel containdots of noiseandis oftendisregared.We have de-

cidedto investigateaheideaof how muchtheinformationfrom

differentchannelsanhelpusduringtracking. The basicidea
is to basethe evaluationon the sumof the gradientsalongthe

visible objectfeaturesC  agmax Yy, Ol p ne where
Ol is the intensity (color value) gradientalong the projected
modeledgesne is theedgenormal,p is apointalongtheedge
e andVy arethe visible edgesof the modelgiventhe current
poseX R t . Consideringheobjectsshovnin Fig.1,wehave

estimatedhisvalueduringanumberof successfulrackingse-
quencesDuring all the sequencethe objectswereplacedon

atable,seeFig. 8. Theplotsfor eachof the objectsareshavn

in Fig.6. It canbeseerthatdependingntheobjectproperties,
differentchannelgyave differentvaluesfor C. Consequently
thechannebproviding the highestvalueis choserfor tracking.
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Figure 6: Averagegradientplots for objectsshavn in Fig.1 using
differentcolor channels.

4 Experimental evaluation

The following sectionsshowv the performanceof the system
with theimprovementgroposedn the previoussection.The
systemrunsat framerateon a standard?entiumPC.
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Figure 7: Errorin posewhenthe objectwastracked usingdifferent
color channels. Here, the poseestimatedfrom the red
channelis usedasthereferencesinceit almostperfectly
correspondso the groundtruth value.

4.1 Color space

The idea of usingthe channelgiving the maximumaverage
gradientwasexploitedin thefollowing experimentwherethe
systemtracksa packageof rice. Fig. 7 shows the difference
in estimatecdposeparametergor eachof the R,G,B channels.
Here, the poseestimatedirom the R channelis usedasthe
referencesinceit almostperfectly correspondso the ground
truthvalue.We will furtherinvestigatehis basicideafor each
of thefeaturesseparately

4.2 Tracking

Fig. 8 shavsanexampletrackingsequenceThefirst two rows
shav a few imagesfrom thetrackingsequencevherethefirst
row shavs a unsuccessfuandthe secondrow an successful
run. The estimatedposeis overlaid in white. Here,the rel-
ative changein posebetweenthe initial andthe las frameis:
AX=30mm,AY=10mm,AZ=30mm,Aa=8 , AB=45,Ay=35.
Thegoalherewasto shav how the systenwith theimprove-
mentsproposedn the previous sectioncopeswith the signif-
icantchangesn rotation. In the caseof thefirst row, we have
usedthe approachasproposedn [9] wherenormaldisplace-
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Figure 8: An examplesequencavhereFirst row) the initial systemwithout the improvementsis used,and Secondrow) the systemwith the
improvementproposedn Section3s used.Thelasttwo rows shav the estimategoseandtheir differencefor bothcasesHere,grad
standdor the basicsystemwhile WL denotegheimproved system(seeSection4.Xor detailedexplanation).

mentsareusedfor poseestimation.It canbe seenthatduring
the rotation, when one of the backfacescomesto front, the
trackerloosegheobject. Thereasorfor thisis thattwo nearby
edgeshpelongingto thatsurface getincorrectlymatched.This
does however, not happerin the caseof theimprovedsystem
sincebecaus@nly the nearestdgeis matchedandthe other
oneis disrggardedduring poseestimation. The lasttwo rows
shaw the plots of eachof the poseparameteraswell asthe
errorbetweerthem.

4.3 Local Fitting

Fig. 9 shavs an exampleof the fitting stage. The two main
differencedetweerthe examplesare:i) thevalueof the min-
imum gradientrequiredto estimatethe normal flow as pre-
sentedn Section3.3,andii) theouliersrejectionaspresented
in Section3.1 and Section3.2. Theimagesin the upperrow
shav an exampleof an unsuccessfulitting whereonly nor-

mal displacementareusedin the poseestimationprocessin
addition,thetheresholdsaluefor which a pointis detectedas
edgewassetto 10. This valuewasto low for this type of ob-
jectandthe background.In the secondcase(lower row), we
have changedhegradienthresholdo 20 andusedoutliersre-
jectionasproposedn Section3.1andSection3.2. Thefigure
demonstratea successfufitting step.

5 Summary and Conclusions

We have presentech model basedtracking systemand dis-
cussedts performancdor casesof moderatelytextured ob-
jectsin aneverydayervironment.The systenrelieson a sim-
ple geometricamodelof theobjectto estimatdts positionand
orientationin camera/robotoordinatesystem.Our approach
integratesa numberof ideasproposedn similar systemsto
achieve the robustnessrequiredfor real-world applications.
The main objective of the paperwasthe consideratiorof the



Figure 9: Two examplesof fitting wherethe differencesarei) the value of minimum gradientrequiredto estimatenormal displacementss
presentedn Section3.3,andii) therejectionof outliersusingtheideasproposedn Section3.1andSection3.2.

differentparameterandtheir effectthesystems performance.

Oneof the key problemsthathasto be addresseéh a track-
ing systemare outliers. Textured backgroundshadaevs, oc-
clusions.etc. will produceedgesn the closeproximity of the
modeledgesTheseareaparticularproblemfor thetraditional
least-squarétting methodusedat this stage.Our futurework
will thereforeconsiderthe useof RANSAC that differsfrom
the corventionalleastsquaregechniquesasa small subsebf
datais usedto estimatefeatureparameters.A problemthat
canoccurfor objectsof simplegeometry(boxes,cups)is that
in someframesthe numberof detectedeatureswill giverise
justto someof the pose(velocity) parameterswe will further
investigatehow, in this case,just the adequateposeparam-
eterscan be updated. Finally, our ultimate goal is to regain
trackingafterit hasbeenlost. Ourideahereis to integratethe
appearanc®asedmethodsimilar to the one usedduring the
initialization stepto allow continuoustrackingandachieve a
faulttolerantsystem.
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