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Abstract

Thispaperpresentsnew advancesin the�eld of visualser-
voing. More precisely, we considerthe casewherecom-
plex objectsareobservedby a camera.In a �rst part,pla-
narobjectsof unknown shapeareconsideredusingimage
momentsas input of the image-basedcontrol law. In the
secondpart,aposeestimationandtrackingalgorithmis de-
scribedto dealwith realobjectswhose3D modelis known.
For eachcase,experimentalresultsobtainedwith an eye-
in-handsystemarepresented.

1 Intr oduction

Visualservoing hasbeenwidely studiedin thepast[6, 7].
In few words,it consistsin controlling thevelocity v of a
cameramountedontheend-effectorof arobotto iteratively
minimizetheerrors� s� betweenthecurrentvalue(s) and
the desiredone (s� ) of a setof visual featurescomputed
from thedataprovidedby thecamera.Thecasewhereone
or severalcamerasaresimultaneoulsyobservingthescene
andtherobotend-effectorcanalsobeconsidered.A typical
closedloop controllaw hasthefollowing form:

v = � � cL s
+

(s � s� ) (1)

where � is a proportionalgain that has to be tuned to

minimize the time-to-convergrence,andwherecL s
+

is the
pseudo-inverseof amodelor anapproximationof theinter-
actionmatrix relatedto thevisual featuress. This matrix
playsan essentialrole in thebehavior of the system.It is
de�ned by therelation_s = L sv.

In this paper, we presentnew resultsin visualservoing
for positioningtaskswith respecttocomplex objects.In the
next section,planarobjectsof unknown shapeareconsid-
eredusinganadequatesetof imagemomentsasvisualfea-
turess. In Section3, a poseestimationandtrackingalgo-
rithm is describedto dealwith realobjectswhose3D model
is known. In that case,any visual servoing schemecan
be used: image-based(2D), position-based(3D), or hy-
brid scheme(2 1/2D). Experimentalresultsobtainedwith
aneye-in-handsystemarepresentedin thesetwo sections.

2 Visual servoing fr om image mo-
ments

2.1 Overview of the approach

In 2D visual servoing, the control of the robot motion is
performedusing dataextracteddirectly from the images
acquiredby the camera. Several kinds of visual features
have beenproposedin the past. Most works have been
concernedwith known andsimpleobjects. They assume
that theobjectsin thescenecanbe expressedwith simple
featuressuchaspoints,straightlines,or ellipses[6]. The
groupof theobjectsthatthesemethodscanbeappliedto is
thuslimited. The �rst interestof usingimagemomentsin
visualservoingis thatthey provideagenericandgeometri-
cally intuitive representationof any object,with simpleor
complex shapesthatcanbe segmentedin an image.They
can also be extractedfrom a set of imagepoints tracked
alonganimagesequenceby simplesummationof polyno-
mialsthatdependon thepointsposition.

Furthermore,an importantproblemin thevisualservo-
ing �eld is to determinethe visual featuresto usein the
control schemein order to obtainan optimal behavior of
the system. A necessarycondition is �rst to ensurethe
convergenceof thecontrolloop. A goodwayto ensurethis
conditionis to designa decoupledcontrol scheme,i.e. to
try to associateeachcameradegreesof freedomwith only
onevisual feature.Suchcontrolwould make easythede-
terminationof thepotentialsingularitiesof theconsidered
task. A suchtotally decoupledcontrolwould be idealbut
seemsimpossibleto reach. It is however possibleto de-
couplethe translationalmotionsfrom the rotationalones.
This decoupledcontrol canbe obtainedusingmomentin-
variantsasfully describedin [12]. In few words,a setof
adequatecombinationof momentshasbeenselectedsothat
therelatedinteractionmatrix L s is asnearaspossibleof a
triangularmatrix.

Finally, in 2D visual servoing, the behavior of the fea-
turesin the imageis generallysatisfactory. On the other
hand,therobottrajectoryin 3D spaceis quiteunpredictable
and may be very unsatisfactory for large rotational dis-
placements[2]. In fact,thedifferenceof behaviorsin image



spaceand3D spaceis dueto thenonlinearitiesthatusually
appearsin theinteractionmatrix. In our method,thecom-
binationsof momenthavebeenchosento minimizethenon
linearitiesin L s (see[12] for moredetails).

2.2 Experimental resultswith binary planar
objectsof complexunknown shape

This sectionpresentssomeexperimentalresultsobtained
with a six dof eye-in-handsystem.Themomentsarecom-
putedatvideorateafterasimplebinarisationof theaquired
image,withoutany spatialsegmentation.

2.2.1 Complexmotion

We �rst testour schemefor a displacementinvolving very
largetranslationandrotationto realizebetweenthe initial
anddesiredimages(seeFigures1.a and1.b). The inter-
actionmatrix computedat thedesiredpositionhasthefol-
lowing form:

L sjs= s� =

0

B
B
B
B
B
B
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� 1 0 0 0:01 � 0:52 0:01
0 � 1 0 0:51 � 0:01 0:01
0 0 � 1 � 0:02 � 0:01 0
0 0 0 � 0:33 � 0:62 0
0 0 0 � 0:61 0:09 0
0 0 0 � 0:04 � 0:08 � 1
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(2)

We cannotethat this matrix is block triangularwith main
termsaroundthediagonal.Thevalueof its conditionnum-
ber (equalto 2.60) is alsovery satisfactory. The obtained
resultsaregivenonFigure1. They show thegoodbehavior
of thecontrol law. First, we cannotethefastconvergence
towardsthedesiredposition. Then,thereis no oscillation
in thedecreaseof thevisual features(seeFigure1.c), and
thereis only onesmalloscillationfor only two components
of the cameravelocity (seeFigure 1.d). Finally, even if
the rotation to realizebetweenthe initial and the desired
positionsis very large, the obtainedcamera3D trajectory
is satisfactory(seeFigure1.e),while it wasan important
drawbackfor classical2D visualservoing.

2.2.2 Resultswith a bad camera calibration and ob-
ject occlusion

We now testthe robustnessof the methodwith respectto
a badcalibrationof thesystem.In this experiment,errors
have beenaddedto cameraintrinsic parameters(25% on
thefocallengthand20pixelsonthecoordinatesof theprin-
cipalpoint)andto theobjectplaneparameters( bZ � = 0:8m
insteadof Z � = 0:5m whereZ � is the desireddepthbe-
tweenthecameraandtheobject). We canalsonoticethat
the lighting conditionsfor the desiredand the initial po-
sitionsgivenon Figure2.aand2.b aredifferent. Further-
more,an occlusionhasbeengeneratedsincethe objectis

not completelyin thecamera�eld of view at thebegining
of the servo. The obtainedresultsaregiven in Figure2.
We cannoticethat thesystemconvergesdespitetheworse
conditionsof experimentationsand,assoonasthe occlu-
sionends(after iteration30), thebehavior of thesystemis
similarto thoseof thepreviousexperiment,whichvalidates
therobustnessof our schemewith respectto modelinger-
rors.
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Figure1: Resultsfor a complex motion: (a) initial image,
(b) desiredimage,(c) visual features(s � s� ), (d) camera
velocityT c , (e) camera3D trajectory

2.3 Experimental results with objects com-
posedof a setof points

In this paragraph,we presentsimilar experimentalresults
obtainedwith objectscomposedof asetof points(seeFig-
ure 3). The consideredpointshave beenextractedusing
HarrisdetectorandtrackedusingaSSDalgorithm.Wecan
notehowever that the plotsarenoisy. It is mainly notice-
ableon the ! x and ! y componentsof the cameraveloc-
ity whosevaluedependson 5th ordermoments(while ! z

and� z arenot noisyat all sincetheir valueonly dependof
momentsof order2). Despitethis noise,the exponential
decrease,the convergenceandstability arestill obtained,
whichprovesthevalidity of ourapproach.This resultscan



evenbeimprovedusingasubpixel accuracy imagetracker
suchasShi-Tomasialgorithm[13].
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Figure2: Resultsusingabadcameracalibration:(a) initial
image,(b) desiredimage,(c) visual features(s � s� ), (d)
cameravelocity, (e) camera3D trajectory

3 Robust model-basedtracking

3.1 Overview of the approach

This sectionaddressestheproblemof realizingvisualser-
voingtasksby usingcomplex objectsin realenvironments.
For that, we presenta real-timemodel-basedtracking of
objectsin monocularimagesequences.This fundamental
vision problemhasapplicationsin many domainsranging
from augmentedreality to visualservoing andevenmedi-
cal imagingor industrialapplications.Themainadvantage
of a model-basedmethodis that the knowledgeaboutthe
scene(the implicit 3D information)allows improvements
of robustnessandperformanceby beingableto predicthid-
denmovementof theobjectandactsto reducetheeffects
of outlierdataintroducedin thetrackingprocess.

In therelatedliterature,geometricprimitivesconsidered
for theestimationareoftenpoints[4], segments,lines,con-
toursor pointson thecontours,conics,cylindrical objects
or a combinationof thesedifferentfeatures.Anotherim-
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Figure3: Resultsfor complex images:(a) initial image,(b)
desiredimage,(c) velocities,(d) featureserrorsmean

portantissueis theregistrationproblem.Purelygeometric,
or numericalanditerativeapproachesmaybeconsidered.
Linear approaches usea least-squaresmethodto estimate
the pose. Full-scale non-linear optimizationtechniques
(e.g., [9, 5, 8]) consistsof minimizing the error between
the observation and the forward-projectionof the model.
In this case,minimization is handledusing numericalit-
erativealgorithmssuchasNewton-Raphsonor Levenberg-
Marquardt. The main advantageof theseapproachesare
theiraccuracy. Themaindrawbackis thatthey maybesub-
ject to localminimaand,worse,divergence.

Our methodis fully describedin [3]. Posecomputation
is formulatedin termsof a full scalenon-linearoptimiza-
tion using a 2D virtual visual servoing scheme[11, 14].
Our methodtakes the 2D visual servoing framework by
controlling themotionof a virtual cameraso that thepro-
jectionin the imageof theobjectmodelperfectly�ts with
thecurrentpositionof theobjectin the imageacquiredby
the real camera. We thus obtain an imagefeature-based
systemwhichis capableof treatingcomplex scenesin real-
time without the needfor markers. Contributionscanbe
exhibitedat threedifferentlevels:

� theanalyticalform of the interactionmatricesL s re-
lated to complex visual featuresincluding ellipses,
cylinders, points, distancesand any combinationof
theseis easilyobtained[6]. Determininganaccurate
approximationof this matrix is essentialto obtainthe
convergenceof the visual servoing. In [3], a com-
plete derivation of interactionmatricesfor distances
to lines,ellipsesandcylindersaregiven.Furthermore,
computationalef�ciency is obtainedby 'stacking' in-



teractionmatricesandby usinga constantinteraction
matrix cL s in thecontrollaw.

� thewidely acceptedstatisticaltechniquesof robustM-
estimationareemployed. This is introduceddirectly
in thevirtual visualservoingcontrollaw by weighting
the con�denceon eachfeature. The Median Abso-
lute Deviation (MAD) is usedas an estimateof the
standarddeviation of the inlier data. Statisticallyro-
bust posecomputationalgorithm, suitable for real-
time trackingtechniques,havebeenconsidered.

� the formulation for trackingobjectsis dependenton
correspondencesbetweenlocal featuresin the image
andtheobjectmodel. In an imagestream,thesecor-
respondencesaregiven by the local trackingof fea-
turesin the image. In our method,low level tracking
of thecontoursis implementedvia anadequatealgo-
rithm,calledMoving Edgesalgorithm[1]. A localap-
proachsuchasthis is ideallysuitedto real-timetrack-
ing dueto anef�cient 1D searchnormalto a contour
in theimage.In a 'realworld' scenario,somefeatures
maybeincorrectlytracked,dueto occlusion,changes
in illumination andmiss-tracking.Sincemany point-
to-curvecorrespondencesaremade,themethodgiven
herehasmany redundantfeatureswhichfavorstheuse
of robuststatistics.

3.2 Tracking resultsin visual servoing exper-
iments

Any visualservoingcontrol law canbeusedusingtheout-
put of our tracker (image-based,position-basedor hybrid
scheme). In the presentedexperiments,we have consid-
eredanow well known 2 1/2Dapproach,alreadydescribed
in [10]. It consistsin combiningvisual featuresobtained
directly from the image,andfeaturesexpressedin theEu-
clideanspace.The3D informationcanberetrievedeither
by a projective reconstructionobtainedfrom the current
anddesiredimages,eitherby a poseestimationalgorithm.
In our context, sincethe poseis an outputof our tracker,
weconsiderin thispaperthelattersolution.

Thecompleteimplementationof therobustvisualservo-
ing task,includingtrackingandcontrol,wascarriedouton
anexperimentaltest-bedinvolving aCCDcameramounted
on the endeffector of a six d.o.f robot. Imageswereac-
quiredandprocessedat videorate(50Hz).

In such experiments,the image processingis poten-
tially verycomplex. Indeedextractingandtrackingreliable
pointsin realenvironmentis a nontrivial issue.Theuseof
morecomplex featuressuchasthe distanceto theprojec-
tion of 3D circles, lines, and cylinders hasbeendemon-
stratedin [3] in an augmentedreality context. In all ex-
periments,the distancesare computedusing the Moving

a b

c d

Figure4: Trackingin complex environmentwithin a clas-
sical visual servoing: Imagesareacquiredandprocessed
at videorate(25Hz). Blue: desiredpositionde�ned by the
user. Green:positionmeasuredafterposecalculation.(a)
�rst imageinitialized by hand,(b) partial occlusionwith
hand,(c) lighting variation, (d) �nal imagewith various
occlusions

Edgesalgorithmpreviously described.Trackingis always
performedat below framerate(usuallyin lessthan10ms).

In all the�gures depicted,currentpositionof thetracked
objectappearsin greenwhile its desiredpositionappearsin
blue. Threeobjectswhereconsidered:a micro-controller
(Figure4), anindustrialemergency switch(Figure5) anda
videomultiplexer(Figure6).

To validatethe robustnessof thealgorithm,theobjects
wereplacedin a highly texturedenvironmentasshown in
Fig. 4, 5 and6. Trackingandpositioningtaskswerecor-
rectly achieved.Multiple temporaryandpartialocclusions
by anhandandvariouswork-tools,aswell asmodi�cation
of thelighting conditionswereimposedduringtherealiza-
tion of thepositioningtask. On thethird experiments(see
Figure6), aftera complex positioningtask(notethatsome
object facesappearedwhile otherdisappeared)the object
is handledby handand moved around. Sincethe visual
servoing taskhasnotbeenstopped,robotis still moving in
orderto maintaintherigid link betweenthecameraandthe
object.

For thesecondexperiment,plotsarealsoshown which
helpto analysetheposeparametersestimation,thecamera
velocityandtheerrorvector. In thesecondexperiment,the
robotvelocity reaches23cm/sin translationand85dg/sin
rotation.In otherwords,lessthan35 frameswereacquired
duringtheentirepositioningtaskupuntil convergence(see
Figure5e). Thereforethe task was accomplishedin less
than1 second.In all theseexperiments,neithera Kalman
�lter (or otherpredictionprocess)nor thecameradisplace-
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Figure5: 2D 1/2 visual servoing experiments:on these� ve snapshots,the trackedobjectappearsin greenandits desired
positionin theimagein blue. Plotscorrespondto (a) pose(translation),(b) pose(rotation),(c-d) cameravelocity in rotation
andtranslation,(e)errorvectors � s�

.

Figure6: 2D 1/2visualservoingexperiments:on thesesnapshotsthetrackedobjectappearsin greenandits desiredposition
in the imagein blue. The six �rst imageshave beenacquiredduring an initial visual servoing stepwherethe object is
motionless.In thereminderimages,objectis moving alongwith therobot.



mentwereusedto helpthetracking.
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