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Abstract

Duringthelastdecade,modelbasedtrackingof objectsandits
necessityin visualservoing andmanipulationhasbeenadvo-
catedin a numberof systems[4], [7], [9], [12], [13], [14].
Most of thesesystemsdemonstraterobust performancefor
caseswhereeitherthebackgroundor theobjectarerelatively
uniform in color. In termsof manipulation,our basicinterest
is handlingof everydayobjectsin domesticenvironmentssuch
asa homeor anoffice.

In this paper, we considera numberof differentparameters
thateffect theperformanceof amodel–basedtrackingsystem.
Parameterssuchascolor channels,featuredetection,valida-
tion gates,outliersrejectionandfeatureselectionareconsid-
eredhereandtheir affect to theoverall systemperformanceis
discussed.Experimentalevaluationshowshow someof these
parameterscansuccessfullybeevaluated(learned)on-lineand
consequentlyimprovetheperformanceof thesystem.

1 Intr oduction

For humans,everydayactivities suchas pointing, grasping,
reaching,catching,varioustool manipulationarestronglyde-
pendenton rich coordinationbetweenthe eye and the hand.
Eachof theseactionsrequireattentionto differentattributes
in the environment- while pointing requiresonly an approx-
imate locationof the object in the visual field, a reachingor
graspingmovementrequiremoreexact informationaboutthe
object’s pose. An extensive studyof humanvisually guided
graspsin [8] hasshown that the humanvisuomotorsystem
takes into accountthe threedimensionalgeometricfeatures
ratherthanthe two dimensionalprojectedimageof the target
objectsto plan and control the requiredmovements. Com-
paredto mostof the currentrobotic visual servoing systems,
which areimage basedandbasedon 2D featuretracking,the
informationusedby humansis muchmorecomplex andper-
mits humansto operatein large rangeof environments. In
termsof robotic manipulation,it is usuallyrequiredto accu-
rately estimatethe poseof the object to, for example,allow
the alignmentof the robotarm with the objector to generate
a feasiblegraspandgrasptheobject. Usingprior knowledge
aboutthe object propertiessuchas size, texture or shape,a
specialrepresentationcan further increasethe robustnessof
the tracking system. Realisticenvironments(tables,shelfs)

1This researchhasbeensponsoredby theSwedishFoundationfor Strate-
gic ResearchthroughtheCentrefor AutonomousSystems.

andnaturalobjects(suchasfood packages,cups,etc.) offer
usvery little placefor assumptionssuchas,for example,uni-
form color or simpletextureattributes. In termsof poseesti-
mation,anumberof model–basedtrackingsystemshavebeen
proposed[4], [12], [14], [13], [9], [7]. Onecommonthing for
all of them is the useof wire–framemodelsandobject fea-
turesto estimatecurrentpose/velocity of the object. Most of
themdealwith trackingof particulartargets(e.g. cars),usu-
ally uniform in color with a moderatelyvaryingbackgrounds.
Ourpaperprovidesanexperimentalappraisalof theparameter
issuein a modelbasedtrackingsystem.Themainobjective is
to presentthedifferentparametersthataffect theperformance
of a model–basedtrackingsystemandintegratesomeof the
ideasproposedin theabovementionedsystemsto achieve ro-
bustnessin termsof trackingof texturedobjectsin everyday
environments. The systemhassuccessfullybeenusedto: i)
estimatetheposeof anobjectto begrasped,andii) track the
poseof an object for casesof moving camera/moving robot
tasks.Thepresentedsystemusesa numberof ideasproposed
in othersimilar systemsand integratesthoseto successfully
copewith partialocclusionsof theobjectandto mantaintrack-
ing of theobjectevenin thecaseof significantrotationalmo-
tion andbackgroundclutter. The ability to copewith occlu-
sionsandchangesin the appearanceof the objectaretwo of
thecapabilitiesrequiredfor thedesignof arobusttrackingand
visualservoingsystem.

Thepaperis organizedasfollows. Section2 outlinesthedif-
ferentstepsof our system.This is followedby a detailedde-
scription of differentparametersthat affect the performance
in Section3. An experimentalevaluationis performedandit
is further demonstratedhow the parametersaffect the overall
systemperformancein Section4. Finally, Section5 summa-
rizesthe obtainedresultsandpresentsavenuesfor our future
research.
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Figure1: Exampleobjects



2 SystemOverview

Thetrackingsystempresentedin thiswork employstheclassi-
caldetect-match-update-predictloop,[2]. Thekey problemto
robustandpreciseobjecttrackingareoutlierscausedby occlu-
sions,clutteredbackground,specularreflections,shadowsand
texture.Approacheslike condensation,[5], copewith outliers
by takinga largenumberof samplehypothesesof theposition
of the trackedstructureanda comparatively smallnumberof
edgemeasurementspersample.Our trackingsystemachieves
robustnessusinga largenumberof measurementsfor a every
posehypothesis.Theidea,similar to theonesproposedin [9]
and[6], is to useanimagemotionmodelto accountfor motion
betweenconsecutiveframesusingnormaldisplacements.Our
approachrelies on the estimationof normal flow for points
(nodes)alonglinesandpreservestherigid structureof theob-
ject. As outlinedin the introduction,thesystemis usedfor i)
poseestimation,andii) tracking.In our case,thebasicdiffer-
encesbetweenthesetwo are:
i) Initial poseestimationretrieves the poseof the object at
thebeginningof the tracking(manipulation)sequence.Here,
we assumethat the initial guessis provided by an appear-
ancebasedmethodor that a set of manualcorrespondences
betweenthe model and the object is available. The appear-
ancebasedapproachis briefly presentedin Section2.1. If, on
theotherhand,asetof correspondencesis available,theitera-
tive methodproposedin [15] is used.Thisstepis followedby
anextensionof [7] thenonlinearapproachproposedin [16].
ii) Interframeposechangeor posetrackingconsidersupdating
theposeof theobjectrelativeto thecamera(or someotherco-
ordinatesystem)if thereis a relative changein posebetween
thesetwo. This is thenusedto track theposeof anobjectfor
caseswhereeither(or both)cameraandobjectaremoving.
We have integratedboth appearancebasedand geometrical
modelsin our trackingsystem.After theobjecthasbeenrec-
ognizedandits positionin theimageis known, anappearance
basedmethodis employedto estimateits initial pose,[17].

2.1 Initialization
Oneof theproblemsto copewith duringtheinitializationstep
is that theobjectsconsideredfor manipulationarehighly tex-
turedandthereforenot suitedfor matchingapproachesbased
on, for example, line features[12], [14], [13]. The initial-
ization stepusesthereforethe ideasproposedin [11]. Dur-
ing training, eachimageis projectedasa point to the eigen-
spaceandthecorrespondingposeof theobjectis storedwith
eachpoint. Sincetheworkspaceof therobot is quite limited,
a limited numberof training imageswill suffice for mostof
the applications[17]. At run time, the poseparametersare
found as the closestpoint on the posemanifold. Now, the
wire-framemodelof theobjectcanbeeasilyoverlaidontothe
image. Sincea low numberof imagesis usedin the training
process,poseparameterswill notaccuratelycorrespondto the
input image.Therefore,a local refinementmethodemployed
for tracking(Section2.2) is usedfor thefinal fitting, Fig.2.

Figure2: Fitting stageandchangein pose:Theimageonthefar left
shows thenearesttraining image. Its poseis usedasthe
startingvaluefor thefitting process.Theabsolutechange
in poseparametersis: ∆X=4mm,∆Y=8mm,∆Z=138mm,
∆α=23� , ∆β=3� , ∆γ=5� .

2.2 PoseEstimation
Thesystemstatevectoris x ��� X � Y � Z � α � β � γ � Ẋ � Ẏ � Ż � α̇ � β̇ � γ̇ �
whereα, β andγ representroll, pitch andyaw angles.Using
theideasproposedin [9], normalflow alongvisibleobjectfea-
turesis usedto find a geometrictransformationof the object
(relative changein pose)betweentwo frames. Representing
theposeof theobjectby a 4 � 4 homogeneousmatrix X(R, t)
andwith anassumptionof a smalldifferencein posebetween
two adjacentframes,the relative changein poseis found as
∆X � ∑exp 	 giGi 
 wheregi representthequantitiesof relative
objectmotion observed in imageandGi aregeneratorsof a
six–dimensionalLie group,eachrepresentingoneof the six
degreesof freedomof a rigid body.

2.3 Prediction and Update
Theposeof theobjectis trackedovertimeusinganα � β filter.
Here,theposeof thetargetis usedasmeasurementratherthan
imagefeaturesascommonlyusedin the literature,[13]. This
approachsimplifiesthestructureof thefilter which facilitates
acomputationallymoreefficient implementation.

2.4 Object Modeling
For most of the objectswe want the robot to manipulateat
this early stage,a simplepolyhedralmodelwill suffice. We
have alsointegratedconesandcylindersin thesystemwhich
allowsusto dealwith objectssuchascupsor plates.A model
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Figure 3: An objectis representedwith points,linesandpolygons.
A similar schematicoverview is presentedin [12].

is constructedfrom a setof primitives,seeFig.3. In thesim-
plestcase,theprimitivesaretheapparentobjectedgesusedto
modelthe objectsby points,linesandpolygonsdefinedboth
in thecamera(3D) andimage(2D) space.In addition,surface
creases,markings,or regulartexturepatterns(circles,ellipses)
caneasilybe integratedin themodel. Giventhecurrentpose



of the object,a hiddenprimitive removal is performedusing
back face

���
culling, [18]. Assumingthat the poseof the ob-

jectchangesasmallfractionbetweenframes,for optimization
purposes,thevisibility is not estimatedin eachframe.

3 Confluenceof Parameters

We assumethat the objects to be manipulatedare placed
on a table, shelf etc. In thesesituations,the backgroundis
fairly textured which, in the combinationwith textured ob-
jects,makes the processof featuredetectionrelatively com-
plicated. In termsof objects,surfacepatternsarecommonly
irregular in termsof shape(letters,flowers,etc.) which does
not allows us to generatesimple features(lines, ellipses)on
the surfaces. Sincean object is definedas a set of related
primitives,whicharerelatedbothin 2D and3D, therobustim-
provementsfor thealgorithmcanbeobtainedat two levels: i)
Obtainingmeasurementsdirectly in theimageandelimination
of outlying measurementsin theimage,andii) Poseupdatein
3D andeliminationof theoutliersbasedon poseparameters.

3.1 Outliers rejection in 2D
A numberof systemsuse tracking widows for eachfeature
of the model which are warpedalong the main featureex-
tension,[13], [14], [12]. After this, edgelsareextractedin-
side the window andusedto fit the featuregeometryto the
data. Consequently, all pixels inside the window have to be
processedto obtain featurecandidatesmakingthis approach
time consuming. In our system,usingthe predictedposeof
the object, the visible edgesof the objectareprojectedonto
the image. A numberof control points (nodes)is generated
alongthe edges.Assuminga small changein posebetween
two frames,for eachcontrolpointcorrespondencesaresought
for to find the strongestimagegradientin the vicinity of the
controlpoint. Becauseof theapertureproblem,only theper-
pendiculardistancealongtheedgeis measurable.Therefore,it
is sufficientto chooseoneof theeightcardinaldirectionsclos-
estto thedirectionof the line normal,allowing imagesearch
in one–dimensionratherthantwo-dimensions(i.e. linear vs.
quadraticcomplexity in thesearchrange).Contraryto Kalman
filter basedmethods,our methoddoesnot requirein partic-
ular the introductionof a statemodel, noisevarianceof the
stateand measurementmodels,which are often crucial fac-
tors. However, bothbackgroundandobjecttextureproperties
will introducea significantnumberof falsepositives. To im-
prove the robustnesswith respectto the outliers,approaches
suchasRANSAC [4], factoredsampling[5] andregularisa-
tion [7] have beenproposed.We have decidedto usetheesti-
matednormaldisplacementsandfit a line throughthoseusing
the leastsquaresline fitting proposedin [1]. After that, the
new normaldisplacementsareestimatedastheperpendicular
distancebetweenanodeandthenew line, seeFig.4.

3.2 Outliers rejectionbasedon poseestimation
In combinationwith theoutliersrejectionconsideringnormal
displacements,we have also usedthe idea shown in Fig.5.
Giventhepredictedposeof theobjectandthemodel,we can
easilypredicttheparametersof all thefeaturesin theimage.In

normal displacements

reestimated
normal displacements

new edge

edge t−1
nodes

Figure 4: 2D outliersrejection:Using theold (predicted)position
of theedge,normaldisplacementsareestimatedandnew
edgepositionfoundusingleastsquares.Thenew line is
usedto reestimatethenormaldisplacements.

thiscase,if thereis aconsiderabledifferencein anglebetween
thepredictedandestimatededge,theedgeis disregardeddur-
ing in the poseestimationstep. This allows us to success-
fully copewith shadows commonlyoccuringin the vicinity
of edges.In addition,therearecaseswheretwo of themodel
edgesmaygetmatchedto thesameline in the image. In this
case,theedgefor which thepredictedpositionis closestto the
detectededgeis usedfor poseestimation.

edge 1

Figure5: 2D fitting processwherevisibleedgesareshown in black
andnew, detectedin white. Edgenumber1 is disregarded
in theposeestimationstep,dueto thelargedifferencein
anglecomparedto thepreviousframe.

3.3 Gradient thr eshold
Assumingthat thereis a considerabledifferencebetweenthe
object and the background,one–dimensionalsearchusually
givesussatisfactoryresults.To copewith smalldifferencesin
grey–level valuesbetweenadjacentpixels,a thresholdis com-
monly used. Inadequatethresholdmay resultsin falseposi-
tivesandanunsuccessfulmatchingstep.An empiricalevalua-
tion hasshown thatanadequateinitial valuefor thethreshold
regardingall the featuresis 20. During tracking,this valueis
changedbasedon the averagegradientestimatedfor all the
generatednodesona featureby featurebasis.

3.4 Featurestability
In certaincases,someof the edgeswill bedifficult to detect.
This mayhappenif thebackgroundandtheobjectaresimilar
in color or if thereis no enoughdifferencebetweendifferent
facetsof the objectbasedon the lighting conditions,poseof
theobject,occlusion,etc. Consequently, the “goodness”of a
featurewill vary during tracking. We have introduceda con-
fidencemeasureattachedto eachof thefeaturesdependingon
thefrequency with whichthefeatureis foundduringatracking



sequence.Theconfidencevalueis usedto weightthefeature’s
responses� duringposeestimation.

3.5 Number of nodesalong features
Determiningthenumberof nodesgeneratedalongthevisible
objectcontoursisalsooneof theimportantpartsof thesystem.
In amodelbasedtrackingsystemtherewill alwaysbeatrade–
off betweenthe time requiredto estimateonecycle and the
providedaccuracy in termsof pose.Therearetwo parameters
thatdeterminethenumberof nodes:i) currentvelocity of the
object(or thechangein pose)- if thechangein posebetween
theframesis significant,thenumberof nodesis keptlow, and
ii) theconfidencemeasureof a feature- for featureswith high
confidence,asmallernumberof nodesaregenerated.

3.6 Color space
Commonly, grey–level imagesare usedduring this type of
tracking.It is widely known thatin somecases,thebluechan-
nel containslotsof noiseandis oftendisregared.We havede-
cidedto investigatetheideaof how muchtheinformationfrom
differentchannelscanhelpusduringtracking.Thebasicidea
is to basetheevaluationon thesumof thegradientsalongthe
visible object features �C � argmaxC � ∑VX �∇I 	 p 
 ne � � where
∇I is the intensity(color value)gradientalongthe projected
modeledges,ne is theedgenormal,p is apointalongtheedge
e andVX arethe visible edgesof themodelgiventhecurrent
poseX 	 R � t 
 . Consideringtheobjectsshown in Fig.1,wehave
estimatedthisvalueduringanumberof successfultrackingse-
quences.During all thesequencestheobjectswereplacedon
a table,seeFig. 8. Theplotsfor eachof theobjectsareshown
in Fig.6. It canbeseenthatdependingontheobjectproperties,
differentchannelsgave differentvaluesfor �C. Consequently,
thechannelproviding thehighestvalueis chosenfor tracking.
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Figure 6: Averagegradientplots for objectsshown in Fig.1 using
differentcolor channels.

4 Experimental evaluation

The following sectionsshow the performanceof the system
with the improvementsproposedin theprevioussection.The
systemrunsat framerateon a standardPentiumPC.
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Figure7: Error in posewhentheobjectwastrackedusingdifferent
color channels. Here, the poseestimatedfrom the red
channelis usedasthereferencesinceit almostperfectly
correspondsto thegroundtruth value.

4.1 Color space
The idea of using the channelgiving the maximumaverage
gradientwasexploitedin thefollowing experimentwherethe
systemtracksa packageof rice. Fig. 7 shows the difference
in estimatedposeparametersfor eachof theR,G,Bchannels.
Here, the poseestimatedfrom the R channelis usedas the
referencesinceit almostperfectlycorrespondsto the ground
truthvalue.Wewill furtherinvestigatethisbasicideafor each
of thefeaturesseparately.

4.2 Tracking
Fig.8 showsanexampletrackingsequence.Thefirst two rows
show a few imagesfrom thetrackingsequencewherethefirst
row shows a unsuccessfuland the secondrow an successful
run. The estimatedposeis overlaid in white. Here, the rel-
ative changein posebetweenthe initial andthe las frameis:
∆X=30mm,∆Y=10mm,∆Z=30mm,∆α=8� , ∆β=45� , ∆γ=35� .
Thegoalherewasto show how thesystemwith theimprove-
mentsproposedin theprevioussectioncopeswith thesignif-
icantchangesin rotation. In thecaseof thefirst row, we have
usedtheapproachasproposedin [9] wherenormaldisplace-
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Figure 8: An examplesequencewhereFirst row) the initial systemwithout the improvementsis used,andSecondrow) the systemwith the
improvementsproposedin Section3is used.Thelasttwo rowsshow theestimatedposeandtheirdifferencefor bothcases.Here,grad
standsfor thebasicsystem,while WL denotestheimprovedsystem(seeSection4.2for detailedexplanation).

mentsareusedfor poseestimation.It canbeseenthatduring
the rotation,whenoneof the backfacescomesto front, the
tracker loosestheobject.Thereasonfor thisis thattwo nearby
edges,belongingto thatsurface,getincorrectlymatched.This
does,however, not happenin thecaseof theimprovedsystem
sincebecauseonly thenearestedgeis matched,andtheother
oneis disregardedduringposeestimation.The last two rows
show the plots of eachof the poseparametersaswell as the
errorbetweenthem.

4.3 Local Fitting
Fig. 9 shows an exampleof the fitting stage. The two main
differencesbetweentheexamplesare: i) thevalueof themin-
imum gradientrequiredto estimatethe normal flow as pre-
sentedin Section3.3,andii) theouliersrejectionaspresented
in Section3.1 andSection3.2. The imagesin the upperrow
show an exampleof an unsuccessfulfitting whereonly nor-

mal displacementsareusedin theposeestimationprocess.In
addition,thetheresholdvaluefor which a point is detectedas
edgewassetto 10. This valuewasto low for this typeof ob-
ject andthe background.In the secondcase(lower row), we
havechangedthegradientthresholdto 20andusedoutliersre-
jectionasproposedin Section3.1andSection3.2. Thefigure
demonstratesasuccessfulfitting step.

5 Summary and Conclusions

We have presenteda model basedtracking systemand dis-
cussedits performancefor casesof moderatelytexturedob-
jectsin aneverydayenvironment.Thesystemrelieson a sim-
plegeometricalmodelof theobjectto estimateits positionand
orientationin camera/robotcoordinatesystem.Our approach
integratesa numberof ideasproposedin similar systemsto
achieve the robustnessrequiredfor real–world applications.
Themain objective of the paperwasthe considerationof the



Figure 9: Two examplesof fitting wherethe differencesare i) the valueof minimum gradientrequiredto estimatenormaldisplacementsas
presentedin Section3.3,andii) therejectionof outliersusingtheideasproposedin Section3.1andSection3.2.

differentparametersandtheireffectthesystem’sperformance.
Oneof the key problemsthat hasto be addressedin a track-
ing systemareoutliers. Texturedbackground,shadows, oc-
clusions,etc. will produceedgesin thecloseproximity of the
modeledges.Theseareaparticularproblemfor thetraditional
least-squarefitting methodusedat thisstage.Our futurework
will thereforeconsiderthe useof RANSAC thatdiffers from
theconventionalleastsquarestechniquesasa smallsubsetof
datais usedto estimatefeatureparameters.A problemthat
canoccurfor objectsof simplegeometry(boxes,cups)is that
in someframesthenumberof detectedfeatureswill give rise
just to someof thepose(velocity)parameters.Wewill further
investigatehow, in this case,just the adequateposeparam-
eterscanbe updated. Finally, our ultimategoal is to regain
trackingafterit hasbeenlost. Our ideahereis to integratethe
appearancebasedmethodsimilar to the oneusedduring the
initialization stepto allow continuoustrackingandachieve a
fault tolerantsystem.
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