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Abstract

Objecttrackingis an importantissuefor researchandapplicationrelatedto visual servo-
ing andmoregenerallyfor robotvision. In this paper, we addresstheproblemof realizing
visualservoing taskson complex objectsin realenvironments.We brie�y presenta setof
trackingalgorithms(2D features-basedor motion-basedtracking,3D model-basedtrack-
ing, : : : ) thathave beenusedfor tenyearsto achieve thisgoal.
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1 Moti vation

Elaborationof objecttrackingalgorithmsin imagesequencesis animportantissue
for researchesandapplicationsrelatedto visual servoing andmoregenerallyfor
robot vision. A robust extraction and real-timespatio-temporaltracking process
of visual cue is indeedone of the keys to successof a visual servoing task.To
considervisual servoing within large scaleapplications,it is now fundamentalto
handlenaturalsceneswithout any �ducial markers but with complex objectsin
variousillumination conditions.From a historicalperspective, the useof �ducial
markersallowedthevalidationof theoreticalaspectsof visualservoingresearch.If
suchfeaturesarestill usefulto validatenew control laws, it is no longerpossible
to limit ourselvesto suchtechniquesif the�nal objectivesarethetransferof these
technologiesin the industrialworld. In this paperwe give an overview of a few
tracking algorithmsdevelopedfor visual servoing experimentsat IRISA-INRIA
Rennes.OnFigure1 arepresentedsomefeaturestrackingresultsin visualservoing
experimentsorderedby subjective increasingdif�culties.
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Overview of trackingapproachesfor visualservoingpurpose

Most of the available tracking techniquescanbe divided into two main classes:
feature-basedandmodel-basedtracking.Theformerapproachfocuseson tracking
2D featuressuchasgeometricalprimitives(dots(Figure1a) , points (Figure1e),
segments,circles,: : : ) or objectcontours(Figure1b), regionsof interest,: : : The
latter explicitly usesa 3D model of the tracked objects(Figure 1c-d). This sec-
ondclassof methodsusuallyprovidesa morerobustsolution(for example,it can
copewith partialocclusionof theobjects).If aCAD modelis available,trackingis
closelyrelatedto theposeestimationandis thensuitablefor any visualservoingap-
proach.Themainadvantageof the3D model-basedmethodsis thattheknowledge
aboutthesceneallows improvementof robustnessandperformanceby beingable
to predicthiddenmovementof the objectandactsto reducethe effectsof outlier
dataintroducedin thetrackingprocess.Anotherapproachmayalsobeconsidered
whenthesceneis too complex (due,for example,to texture,to thelack of speci�c
object,etc.).It is not basedon featuresextractionandtrackingasin thetwo other
casesbut on theanalysisof themotionin theimagesequence(Figure1f). 2D mo-
tion computationprovides interestinginformationrelatedto both cameramotion
andscenestructurethatcanbeusedwithin avisualservoingprocess.

a b c
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Figure1.Featurestrackingin visualservoingexperiments(orderedby subjective increasing
dif�culties) (a) tracking�ducial markers(b) trackingcontours(c) 3D model-basedtrack-
ing within “clean” environment(d) 3D model-basedtrackingin cluterredenvironment(e)
trackingpointsof interest(f) trackingusingmotionestimation.

Tracking 2D features In this approach,trackedobjectsaredescribedusingsim-
ple geometricfeaturessuchasdots,pointsof interest[36, 47], angles,contours[2,
3], straightlinesor segments[21, 4, 38], ellipses[52, 38], etc.Thisapproachis the
mostcommonwithin the visual servoing context sincethereoften exists a direct
relationshipbetweenthe 2D measuresand the visual featuresusedin the visual
servoingcontrollaw.
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XVision [21] is a goodexampleof suchsystem.Simplefeatures(lines,contours,
etc) aretracked in real-time(i.e., at video rate); to achieve this goal, someedge
pointsarematchedover framesusingasimplesearchalongthenormalof thecon-
tour. Thetrackingof morecomplex objectsis alsopossibleif multiple elementary
featuresarecombinedtogetherand linked througha setof constraints.Our own
software,ViSP[38], alsofeaturessuchcapabilities.Thetrackingof elementaryge-
ometricalfeatures(segments,ellipses,splines,...)is consideredandis basedon the
moving edgesalgorithm[5] (seeSection2.2). The main advantagesof this class
of approachesis that they arevery simpleandthereforevery fastwhich is an im-
portantissuein the visual servoing context. On the otherside,they do not allow
thetrackingof complex featuresthatcannotbemodeledtrougha setof simple2D
features.Furthermore,thequality of the results(precisionandrobustness)cannot
alwaysbeguaranteedanddependson thescene(for example,it is very dependent
on thefeaturesdensityandon theocclusionphenomenons).

Regionstracking and motion estimation Previous approachesrely mainly on
theanalysisof intensitygradientsin the images.Anotherpossibility is to directly
considerthe imageintensityandto perform2D matchingon a part of the image
without any featureextraction.Thegoalof suchalgorithmsis to estimatea setof
parametersthatdescribesthetransformationor thedisplacementof theconsidered
area(apartof theimageor in somecasesthewholeimage)by minimizingagiven
correlationcriterion (e.g., [24]). An exhaustive searchof the transformationthat
minimizesthe given criterion is not ef�cient. Furthermore,it is possibleto solve
the problemusingef�cient minimization techniquesthat allow to considerquite
complex 2D transformation(suchasaf�ne or homographicmotions).An approach
that featuressuchcapabilitieshasbeenproposedin [20]. It allows to considerthe
variationof theparametersof a motionmodelasa linear functionof an imageof
intensitydifferences.As in visualservoing,Hagerde�nesaninteractionmatrixthat
links thevariationof themotionparametersto thevariationof theimageintensity.
An extensionof thisapproachhasbeenproposedin [28] wherethepseudo-inverse
of theinteractionis learnt.Thesetwo methodsarecloselyrelatedto classicalimage
motion estimationalgorithms.In work carriedout at IRISA, we usethe approach
proposedin [45]. Wewill seein Section4 thatthismethodis perfectlysuitablefor
dynamicvisualservoingapproaches.

Model-basedtracking In orderto handleany objector cameramotionsandto
introduceimportantconstraintsin the spatio-temporalmatchingprocess,it is in-
terestingto considera modelof the tracked object. If the consideredmodel is a
2D model,it is necessary, in the generalcase,to augmentthe modelwith 2D lo-
cal deformations[27, 19] in orderto copewith thenon-lineardeformationsof the
projectionof theobjectin the imageplanedueto perspective effectsnonhandled
by these2D models.Thereexists a large setof deformablemodelsmoreor less
complex. Somehad low constrainedstructuresuchasactive contours[2, 29, 3],
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while othersconsidereddeformabletemplates[44, 9, 30]. However, whenadding
local deformations,we cannotensurethe global 3D rigidity constraint,which is
not suitablefor visual servoing purpose.Moreover, theseareusuallyhighly time
consumingapproaches.It is alsopossibleto considera 3D modelof the object.
Trackingis thenusuallyhandledasa monocular3D localizationor posecompu-
tation issue[15, 34, 18, 31, 13, 50, 16, 51, 32, 41, 8]. Theseapproachesallow to
handleany cameraor rigid objectmotionandto considerimplicitly the3D global
rigidity constraint.Furthermorethey allow to handlepartial occlusionsof theob-
jects.Finally, theseapproachesaresuitablefor any visualservoingcontrollaw (2D,
2 1/2D and3D).

The remainderof this paperis organizedasfollow: in a �rst part,we recall basic
featuresextractionandtrackingalgorithmsthatareclassicallyconsideredin visual
servoing. In a secondpart,model-basedalgorithmswill bepresentedfor thetrack-
ing of 3D objects.Finally wewill show how dominantimagemotionestimationcan
beusedin visualservoing. In all cases,we describeexperimentalresultsobtained
on ourexperimentalcells.

2 2D tracking

2.1 Fiducial markers: past,presentandfuture...

Most of papersrelatedto visualservoing considervery basicimageprocessingal-
gorithms.Indeedthe basicfeaturesconsideredin the control law areusually2D
points coordinates.Therefore,the correspondingobject is usually composedof
“white dotson a black background”.Sucha choiceallows usingvariousad hoc
real-timealgorithms.Themainadvantageof this choiceis thattrackingis very ro-
bust andvery precise.It is thensuitablefor all visual servoing control laws (2D
but also2 1/2D and3D sincethepositionbetweencameraandtargetcaneasilybe
obtainedusingposecomputationalgorithm).

Fromapracticalpointof view, suchalgorithmsarestill usefultovalidatetheoretical
aspectsof visualservoingresearch.This trackingapproachhasbeenwidely usedat
Irisa to validatemodelingaspectsandto designnew control laws [17, 37,43,40].
Furthermorein somecritical industrialprocesses,sucha simpleapproachensures
therequiredrobustness.In sucha way, it hasbeenconsideredin thedevelopment
of graspingtasksin nuclearenvironmentfor ÉlectricitédeFrance(seeFigure2).
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Figure2.Visualservoingusing�ducial markers:imageacquiredby thecameraonthefront
andeye-in-handcameraon theback.

2.2 Trackingcontour-based2D features

In orderto addressthe problemof 2D geometricfeaturetracking,it is necessary
to considerat thelow level a genericframework thatallows local trackingof edge
points.From the setof tracked edges,it is thenpossibleto performa robust esti-
mationof the featuresparametersusingan Iteratively ReweightedLeastSquares
Method(IRLS) basedonrobustM-estimation[25].

For the�rst point, few systemsfeaturereal-timecapabilitieson a simpleworksta-
tion. TheXVisionsystem[21] is aniceexampleof suchsystems.However, it does
not featureall thetrackingcapabilitieswe wanted.In our case,we decidedto use
theMoving Edges(ME) algorithm[5] which is adaptedto thetrackingof paramet-
ric curves.It is a local approachthat allows to matchmoving contours.Primary
works doneto usethis algorithmto track line segmentshasbeenachieved on a
dedicatedIP board[4]. Now it runsat videorateon aclassicalPC.

2.2.1 ME algorithm

Whendealingwith low-level imageprocessing,thecontoursaresampledat a reg-
ular distance.At thesesamplepoints,a 1 dimensionalsearchis performedto the
normalof the contourfor correspondingedges.An orientedgradientmask[5] is
usedto detectthe presenceof a contour. Oneof the advantagesof this methodis
thatit only searchesfor edgeswhichareorientedin thesamedirectionastheparent
contour. An arrayof 180masksis generatedoff-line which is indexedaccordingto
thecontourangle.This is thereforeimplementedwith convolution ef�ciency, and
leadsto real-timeperformance.

Whenreferringto Figure3, theprocessconsistsof searchingfor thecorresponding
point pt+1 in imageI t+1 for eachpoint pt . A 1D searchinterval f Qj ; j 2 [� J; J ]g
is determinedin thedirection� of thenormalto thecontour. For eachpositionQj
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lying in thedirection� , amaskconvolutionM � correspondingto thesquarerootof
a log-likelihoodratio � j is computed.Thusthenew positionpt+1 is givenby:

Qj �
= arg max

j 2 [� J;J ]
� j

with

� j = j I t+1
� (Q j ) � M � + I t

� (pt ) � M � j

� (:) is theneighborhoodof theconsideredpixel. In our implementationof theal-
gorithm,theneighborhoodis limited to a 7 � 7 pixel mask.It shouldbenotedthat
thereis a trade-off to bemadebetweenreal-timeperformanceandmaskstability.
Likewisethereis a trade-off to bemadebetweenthesearchdistanceandreal-time
performancewhile consideringthemaximuminter-framemovementof theobject.

This low level searchproducesa list of k pointswhich areusedto computethe
parametersof thetrackedfeatures.

(a) (b)

pt

Qj +1

Qj + n

Qj

� �

pt

pt+1

100    100    100

0        0        0

100    100      0

(d)

(c)

 100      0    -100

-100 -100   -100

0       -100 -100

Figure3. Determiningpointspositionin thenext imageusingtheorientedgradientalgo-
rithm: (a) calculatingthe normalat samplepoints,(b) samplingalongthenormal(c-d) 2
outof 1803x3 predeterminedmasks(in practice7x7masksareused)(c) 180o (d) 45o.

2.2.2 Trackingvisualcues

Leastsquareor IRLS.To handleproperlytheestimationof thefeaturesparameters
in presenceof noiseandof corrupteddata,arobustestimationhasto beperformed.
Indeed,consideringthatthelow level measuresarecomputedfrom theimagewith
perfectprecisioncangenerallynot be assumed.Whenoutliersarepresentin the
measures,a robust estimationis required.M-estimatorscan be consideredas a
moregeneralform of maximumlikelihoodestimators[25]. They are moregen-
eralbecausethey permittheuseof differentminimizationfunctionsnotnecessarily
correspondingto normallydistributeddata.Many functionshavebeenproposedin
the literaturewhich allow uncertainmeasuresto be lesslikely consideredandin
somecasescompletelyrejected.To apply theM-estimatorsto this issue,we con-
sideranIterativelyReweightedLeastSquares(IRLS) algorithm.IRLS is acommon
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methodof applyingtheM-estimators.It convertstheM-estimationprobleminto an
equivalentweightedleast-squaresproblem.

Linesegments.Thesimplestcaseweconsideredis theline segment[4]. Therepre-
sentationconsideredfor thestraightline arethepolarcoordinates(�; � ) suchthat:

x cos� + y sin� � � = 0; 8(x; y) 2 D

This caseis very simpleasthe direction� is directly given by the parametersof
thefeatures.Thechoiceof theconvolution maskis thenstraightforward.A points
insertionprocesseither in the middle of the segment,to dealwith partial occlu-
sionsor miss-tracking,andat the extremitiesof the segmentto dealwith sliding
movementshasbeenalsointroducedin thetrackingmethod.

Ellipses.Dealingwith anellipse,many representationscanbeused.We chooseto
considerthecoef�cients K i thatareobtainedfrom thepolynomialequationof an
ellipse:

x2 + K 1y2 + 2K 2xy + 2K 3x + 2K 4y + K 5 = 0

Theellipsecorrespondto thecaseK 2
2 < K 1. TheparametersK i canbeestimated

from the list of tracked pointsusinga leastsquareor an IRLS method.From the
parametersK i , it is of coursepossibleto derive the representationof any other
representationparameterssuchasfor instance(xc; yx ; � 11; � 02; � 20) basedon the
moments.

Splines.A splineis de�ned by aparametricequation:

Q(t) =
n� 1X

j = � d

� j B j (t); t 2 [0; 1]

wherethe� j arethecontrolpointsof thespline,d is thedegreeof thespline(d = 3
for acubicspline)andB j is thesplinebasisfunction.Sincethenumberp of tracked
points is usuallygreaterthanthe numbern + d of desiredcontrol points,a least
squareor anIRLS canalsobeused.

2.2.3 Results

Figure4 shows several resultsof featurestracking(line, circle, contours,...)in vi-
sualservoing experiments.The proposedtrackingapproachbasedon the ME al-
gorithmallows a real-timetrackingof geometricfeaturesin animagesequence.It
is robustwith respectto partialocclusionsandshadows.However, asa local algo-
rithm, its robustnessis limited in complex sceneswith highly texturedenvironment.
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a b

c d

Figure4. Tracking2D featuresusingtheMoving Edgesalgorithmwithin visualservoing
experiments:(a) 3D reconstructionof a sphereusingactive vision [6], (b) contourfollow-
ing [38], (c) positioningwrt. acylinderwith joint limits avoidance[7], (d) ellipsestracking
(thatcorrespondto theprojectionof 3D straightlinesin catadioptricimages).

2.3 Trackingpointof interests

Whentheobjective is to trackpointsof interest,it is necessaryto makesomecon-
servationassumptionsonsomeinformationrelatedto thepoints.Thesehypotheses
may concernthe point motion,or a photometric/geometricinvariancein a neigh-
borhoodof thepoint.

Theusualassumptionof luminancepatternconservationalonga trajectoryhasled
to build twokindsof methods.The�rst onesareintuitivemethodsbasedoncorrela-
tion. Thesecondonesarede�nedasdifferentialtrackers,built onadifferentialfor-
mulationof asimilarity criterion.In particular, thewell-knownShi-Tomasi-Kanade
tracker [47] belongsto this latterclass.

2.3.1 Shi-Tomasitracker

Consideran imagesequenceI (x ; t) wherex = (x; y) are the coordinatesof an
imagepoint. If the baselinebetweentwo successive cameralocationsis small, it
canbeassumedthat,thoughsmallimageregionsaredisplaced,their intensitiesare
unchangedleadingto the classicalequation:I (x + _x � (x ); t + 1) � I (x ; t) = 0
where _x � (x ) is themotion �eld specifyingthepoint displacementaccordingto a
motionmodel� .
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The taskof the tracker is thento computetheparametersof the motionmodelof
selectedpointsfor eachpair of successive frames.Theproblemis thento �nd the
displacement_x � (x ) (andtheparameters� of themotionmodel)which minimize
thefollowing residual:

" =
X

� 2 W

(I (x + _x � (x ); t + 1) � I (x ; t))2 (1)

whereW is a small imageregion centeredon thepoint to be tracked.To obtaina
linearleast-squaresestimateof _x � (x ), thederivativeof theresidualwrt. � areset
to zero(see[49] for adetailedderivationin thecaseof atranslationandof anaf�ne
motionmodel).

As explainedin [47], somelocationsin the initial templatearemore interesting
thantheothers:thosewherethesingularvaluesof R arehigh,with [23] :

R =

2

6
4

P
I 2

x
P

I x I y

P
I x I y

P
I 2

y

3

7
5 (2)

Indeed,they representcornersandsimilar entities,their highspatialgradientgives
robustinformationaboutthe2D motionwhereasapoint locatedin anuniformarea
doesnotallow to detectthedisplacement.

2.3.2 Visualservoingbasedon pointof interest

In the presentedexperiment(seeFigure5), the position to reachis de�ned by a
referenceimage(seeFigure5b). Pointsof interestareextracted(usingtheHarris
detector[23]) andarematchedwith similar pointsextractedfrom the imageac-
quired from the initial cameralocation.This matchingprocessis doneusingthe
Image-Matchingsoftware [53] and is basedon the robust estimationof the fun-
damentalmatrix. Trackingduring the visual servoing experimentis basedon the
Shi-Tomasialgorithm.It appearsthat the featuretrackingis not very reliableand
poorimagesquality induceslargeerrorsinto aclassicalvisualservoingapproach.

More precisely, with theuseof a classicalcontrol law anddueto excessive miss-
tracking,the camerawasnot ableto reachthe desiredposition.Therefore,in the
presentedresults,we have useda robust control law [40] that allows rejectionof
miss-tracked points.In Figure5c, red crossesarethe initial points location,blue
crossesaretheir desiredlocationswhile the greencrossesarethe �nal points lo-
cation.Point trajectoriesarein red whenpointsarecorrectly tracked andin blue
whenthey appearto bemiss-tracked(60pointsaretracked).
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a b c

Figure5. Visualservoing basedon the trackingof pointsof interest:(a) initial image,(b)
desiredimage,(c) robustvisualservoing.

2.4 Hybrid visualtracking: appearanceandcontours

Dealingwith 2D tracking,numerousalgorithmsrely on the textureof the tracked
object.This is thecasefor appearanceor template-basedtracking[20, 28], pointof
interest[47] (asjust seenin Section2.3) or dominantmotionestimation[45] (see
Section4).Thesetechniqueshaveprovedto beef�cient to tracktexturedobject.On
theotherhand,contour-basedtrackingapproaches(Section2.2)aremorerelevant
for texturelessobjectsandarevery ef�cient whensharpedgesarevisible in the
imagesequence.In bothcasesthetrackingalgorithmrely ontheoptimizationof an
objectivefunction.In orderto developalgorithmsrobustto aberrantmeasurements
and potentialocclusions,it appearsto be interestingto take into accountvisual
informationrelatedto thesedifferenttypes.

Therefore,analternative directionis to considerbothinformationwithin thesame
minimizationproblem[42, 46]. Theideais to considerbothmotionor appearance
and edges.Contoursof the object as well as its motion can indeedbe modeled
by parametricmodelswhoseestimationis possible.Thehybrid trackingalgorithm
proposedin [46] fusesthemotionestimationof contourpointsandof texturepoints
in anuniquenon-linearminimizationprocess.Figure6showspreliminaryresultsof
thetracking(within avisualservoingexperiment)of aricebox in ahighly textured
environment.Let usnotethattrackersthatrely only on textureor oncontourfail to
trackcorrectlytheboxovera long imagesequence.

Figure6. Hybrid tracking:mergingcontourandappearancewithin asinglenon-linearmin-
imizationprocess.
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3 Model-BasedTracking: Robust virtual visual servoing

In this section,we now considerthat the 3D CAD modelof the tracked objectis
available.We focuson theregistrationtechniquesthatallow alignmentof 2D fea-
turesextractedfrom the image(in real-timeby a moving camera)andthe model
of the object.In the relatedcomputervision literature,geometricprimitivescon-
sideredfor this poseestimationproblemareoftenpoints[22, 14, 35], contoursor
pointson thecontours[34, 8, 16], segments,straightlines,conics,cylindrical ob-
jects,or a combinationof thesedifferentfeatures[39]. Anotherimportantissueis
theregistrationmethod.Purelygeometric[15], or numericalanditerative[14] ap-
proachesmaybeconsidered.Linearapproaches usea least-squaresmethodto es-
timatethepose.Full-scalenon-linearoptimizationtechniques(e.g., [34, 16]) con-
sistsof minimizing the error betweenthe observation andthe forward-projection
of themodel.In this case,minimizationis handledusingnumericaliterative algo-
rithmssuchasNewton-Raphsonor Levenberg-Marquardt.Themainadvantageof
theseapproachesaretheiraccuracy. Themaindrawbackis thatthey maybesubject
to local minimaand,worse,divergence.

In our work, poseestimationis formulatedin termsof a full scalenon-linearopti-
mization:Virtual VisualServoing (VVS). In this way theposecomputationprob-
lem is consideredassimilar to 2D visual servoing asproposedin [48, 39]. This
methodis alignedwith stateof the art methodstreatingthis issue[16, 33]. Our
framework is usedto createan imagefeaturebasedsystemwhich is capableof
treatingcomplex scenesin real-time.Advantagesof thevirtual visualservoingfor-
mulationaredemonstratedby consideringawiderangeof performancefactors.No-
tably theaccuracy, ef�ciency, stability, androbustnessissueshave beenaddressed
anddemonstratedto perform in complex scenes.A robust control law that inte-
gratesan M-estimatorhasbeenaddedto improve robustness.The resultingpose
computationalgorithmis thusableto dealef�ciently with incorrectlytrackedfea-
turesthatusuallycontributeto a compoundeffect which degradesthesystemuntil
failure.

3.1 Overview andmotivations

As alreadystated,thefundamentalprincipleof theproposedapproachis to de�ne
theposecomputationproblemasthedualproblemof 2D visualservoing [17, 26].
In visual servoing, the goal is to move a camerain orderto observe an objectat
a given positionin the image.An explanationwill now be given asto why pose
computationis verysimilar.

To illustratetheprinciple,consideranobjectcomposedof various3D featuresP
(for instance,we denoteoP the value of thesefeaturesin the object frame). A
virtual camerais de�ned whosepositionin the object frameis de�ned by r . The
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approachconsistsof estimatingthe realposeby minimizing the error � between
theobserveddatas� (usuallythepositionof a setof featuresin theimage)andthe
positions of the samefeaturescomputedby forward-projectionaccordingto the
currentpose:

� =
�
s(r ) � s�

�
=

h
pr� (r ;o P) � s�

i
; (3)

wherepr� (r ;o P) is the projectionmodelaccordingto the intrinsic parameters�
andcameraposer . It is supposedherethat intrinsic parameters� areavailablebut
it is possible,usingthesameapproachto alsoestimatetheseparameters.

In this formulationof the problem,a virtual camerainitially at r i is movedusing
a visual servoing control law in orderto minimize this error � . At convergence,
thevirtual camerareachesthepositionr d which minimizesthis error (andwhich
correspondsto therealcamerapose).

3.2 Robustminimisation

In orderto reducethesensitivity to outliers,theobjective functionis modi�ed and
is givenby:

� R =
NX

i =1

�
�

si (r ) � s�
i

�

; (4)

where� (u) is a robustfunction[25] thatgrowssub-quadraticallyandis monotoni-
cally nondecreasingwith increasingjuj. Thisobjectiveis incorporatedinto arobust
visualservoingcontrollaw. Thus,theerrorto beregulatedto 0 is de�ned as:

e = D (s(r ) � s� ); (5)

whereD is a diagonalweightingmatrix given by D = diag(w1; : : : ; wk). The
computationof weightswi thatre�ects thecon�dencein eachfeatureis described
in [8]. A simplecontrol law canthenbe designedto try to ensurean exponential
decoupleddecreaseof e aroundthe desiredpositions� . The control law is given
by:

v = � � (cD bL s)+ D
�
s(r ) � s�

�
; (6)

wherev is thevelocityscrew of thevirtual cameraandL s is theinteractionmatrix
relatedto s andde�ned suchas_s = L sv [8].

Clearly, this approachnecessitatesto ensurethat a suf�cient numberof features
will not be rejectedso thatDL s is alwaysof full rank (6 to estimatethepose).It
hasbeenshown thatonly local stability canbedemonstrated[39]. This meansthat
theconvergencemaynot beobtainedif theerror s � s� is too large.However, in
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trackingapplications,s andr areobtainedfrom thepreviousimage,thusthemotion
betweentwo successiveimagesacquiredatvideorateis suf�ciently smallto ensure
theconvergence.In practice,it hasbeenobservedthattheconvergenceis obtained,
in general,whenthecameradisplacementhasanorientationerror lessthat30o on
eachaxis.Thus,potentialproblemsonly appearfor thevery �rst imagewherethe
initial valuefor r maybe too coarse.In thecurrentalgorithm,the initialization is
doneby manuallyclicking on the imagesandcalculatingtheposeusinga 4 point
algorithm[14].

3.3 Visual featuresandinteractionmatrices

Any kind of geometricalfeaturescanbeconsideredwithin theproposedcontrollaw
assoonasit is possibleto computeits correspondinginteractionmatrixL s. In [17],
a generalframework to computeL s is proposed.Indeed,it is possibleto compute
the posefrom a large setof imageinformation(points, lines, circles,quadratics,
distances,etc...)within thesameframework. Thecombinationof differentfeatures
is achievedby addingfeaturesto vectors andby “stacking” eachfeature's corre-
spondinginteractionmatrix into a largeinteractionmatrix of sizend � 6 wheren
correspondsto thenumberof featuresandd their dimension:

2

6
6
6
6
6
4

_s1

...

_sn

3

7
7
7
7
7
5

=

2

6
6
6
6
6
4

L s1

...

L sn

3

7
7
7
7
7
5

v (7)

Theredundancy yieldsa moreaccurateresultwith thecomputationof thepseudo-
inverseof L s asgivenin equation(6). Furthermoreif thenumberor thenatureof
visualfeaturesis modi�ed over time, theinteractionmatrixL s andthevectorerror
s areeasilymodi�ed consequently.

In mostof our works [8], a distancefeatureis consideredasa setof distancesbe-
tweenlocalpoint featuresobtainedfrom theME algorithmdescribedin Section2.2
andthecontoursof amoreglobalCAD model.In this casethedesiredvalueof the
distanceis equalto zero.The assumptionis madethat the contoursof the object
in theimagecanbedescribedaspiecewiselinearsegments.All distancesarethen
treatedaccordingto their correspondingsegment.Thederivationof theinteraction
matrix that links thevariationof thedistancebetweena �x edpoint anda moving
straightline to thevirtual cameramotionis givenin [8].
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3.4 Resultson3D model-basedtracking

In suchexperiments,theimageprocessingis potentiallyverycomplex. Indeed,ex-
tractingandtrackingreliablepoints in real environmentis a non trivial issue.In
all experiments,thedistancesarecomputedusingthe“oriented” gradientmaskal-
gorithmdescribedin Section2.2. In theexperimentpresentedin Figure7, images
wereacquiredandprocessedat video rate(50Hz).Trackingis alwaysperformed
at below framerate(usuallyin lessthan10ms).All the imagesgiven in Figure7
depict the currentpositionof the tracked object in greenwhile its desiredposi-
tion appearsin blue.The consideredobject is a video multiplexer. It wasplaced
in a highly clutteredenvironment.Trackingandpositioningtaskswerecorrectly
achieved.Multiple temporaryandpartialocclusionsweremadeby ahandandvar-
iouswork-tools.Modi�cation of thelighting conditionswerealsoimposed.After a
positioningtaskachievedusinga 2 1/2 D visualservoing control law, theobjectis
handledby handandmovedaround.In thiscase,sincethevisualservoing taskhas
not beenstopped,therobotcontinuesto follow theobjectin orderto maintainthe
rigid link betweenthecameraandtheobject.Notethatsomeobjectfacesappeared
while othersdisappeared.Otherresultsusingthisalgorithmarepresentedin [8].

Figure7. 2D 1/2 visual servoing experiment:in the imagesthe tracked objectappearsin
greenandits desiredpositionin blue.The four �rst imageshave beenacquiredin initial
positioningstep.In thenext images,objectis moving alongwith therobot.
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4 Imagemotion in visual servoing

Whenimagesaretoo complex (texturedor naturaloutdoorscene),retrieving ge-
ometric featureshasproved to be a dif�cult issue.Another possibility is to use
motionin theimageasinputof thecontrolscheme[10, 11,12], sinceit canbees-
timatedwithoutany apriori knowledgeof theobservedscene.Thus,morerealistic
scenesor objectscanbeconsidered.

In theseworkstheestimationof the2D parametricmotionmodelaccountingfor the
dominantimagemotionisachievedwith arobust,multi-resolution,andincremental
estimationmethodexploiting only thespatio-temporalderivativesof the intensity
function[45]. Letusnotethatotherapproachessuchasthoseproposedin [20,28,1]
mayalsobesuitableto build suchvisualservoingsystems.

4.1 Motionestimation

In the generalcase,a 2D imagemotion modelcannotaccountfor the global 3D
motionof theobjectwithin thescene.A goodcompromiseis thusto considera2D
quadraticmotionmodelwhichcorrespondsto theprojectionof therigid motionof
a planarsurface.This modelinvolveseight independentparameters.Let usdenote
� = (a0; a1; a2; a3; a4; a5; a6; a7), the velocity vector _x � (x ) at pixel x = (x; y)
correspondingto thequadraticmotionmodelis givenby:
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Othermodelsarealsoavailable(constantmotionmodela2 = : : : = a7 = 0, af�ne
motionmodela6 = a7 = 0or evenmodelmorecomplex with moreparametersthat
mayfor examplehandleillumination variation).In fact,thereis a necessarycom-
promiseto �nd betweenthe accuracy provided by a modeland the computation
load,suchthat thecontrolrateis theclosestpossibleto thevideorate.Indeed,the
realmotionin theimageis generallycomplex, andonly anapproximationcouldbe
obtainedusinga polynomialmodel.In year2000,only theparametersof thecon-
stantmodelcanbeestimatedatvideoratewithoutany dedicatedimageprocessing
board.Now anaf�ne motionmodelcanbeeasilycomputedat videorate.But due
to computerincreasingpower, in oneor two yearsfrom now, a completemodel(8
parametersor more)maycertainlybeconsideredin realtime.

To estimatethe dominantimagemotionbetweentwo successive imagesI (t) and
I (t + 1), the gradient-basedmultiresolutionrobust estimationmethoddescribed
in [45] is used.Theconstraintis givenby theusualassumptionof brightnesscon-
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stancy of a projectedsurfaceelementover its 2D trajectory. Theparametersof the
motionmodel b� , thatdescribethedominantmotion,areestimatedby minimizing
for � thedifferenceof framedisplacement.To ensurerobustnessto thepresenceof
independentmotion,a robustminimizationof equation(1) is considered:

b� = argmin
�

X

� 2 I (t)

� (I (x + _x � (x ); t + 1) � I (x ; t)) (8)

where� (x) is a robust function [25]. The minimization is embeddedin a multi-
resolutionframework andfollowsanincrementalscheme(see[45] for details).

4.2 Resultsin dynamicvisualservoing

Two differentmethodsare presented.In the �rst one,geometricfeaturesare re-
trievedby integrationof motion,which allows to useclassicalcontrol laws. This
methodis appliedto apan/tilt trackingandstabilizationtask.In thesecondmethod,
the principle is to try to obtaina desired2D motion �eld in the imagesequence.
Thisapproachis illustratedwith resultsfor positioningacameraparallelto aplane.

4.2.1 Visualservoingby integrationof 2D motion

Motion estimationcanbeusedto handletheclassicaltaskof mobiletargettracking
usingacameramountedontheendeffectorof arobot.In thisexample,weconsider
asinputof thecontrollaw theestimatedpositionof thetargetpositionin theimage.
The visual featuresare thuss = (x; y). They aresimply obtainedby successive
summationsof a0 anda1 (see(4.1)):

si (k) = si (0) +
kX

j =1

aij � t; i = 0; 1 (9)

wheresi (0) = (x0; y0) is theinitial positionof thetargetcomputedduringadetec-
tion stepand� t is theperiodof thecontrolloop.

The aim of the tracking task is to control the camerapan and tilt suchthat the
imageof themobile target is, �rst, broughtat the imagecenter(s� = (0; 0)), and
then remainsat this position whatever the target motionsare.This task is quite
simplefrom thecontrol point of view. Thecontribution describedin [11] is more
concernedwith thecomplexity of theconsideredtargets.

A pedestriantrackingtask is presentedin [11] andin Figure8. The detectionof
thetargethas�rst to beperformedto initialize thetracking.Thecameraremaining
static until a mobile object is detected,the object location is simply determined
by intensitydifferencebetweentwo successive images.At the�rst iterationof the
tracking,theestimationof motionparametersis performedin arectangularwindow
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Figure8. Trackingof a pedestrian.An imageupontenof theacquiredsequence(approxi-
mately2 framespersecond).Cross(+) standsfor theestimatedc.o.g.anddiamond(� ) for
theimagecenter

wheremotionhasbeendetected.Let uspointout thattheestimationof 2D motion
parameterswith thealgorithmwe usedinvolvesthediscardingof non-coherentlo-
cal motionsconsideredasoutliers.Therefore,motionsrelatedto deformationsof
non-rigidobjects(suchasahumanbeing)donotaffectgreatlytheestimationof the
dominantmotion.Figure8 containsoneimageover 10 of the sequenceacquired
during the tracking.Motion of thepersonis �rst sideways,andnot alwaysfacing
the camera.Then,the pedestriancomesbacktoward thecamera.On eachimage,
theestimatedpositionis representedby ablackcross(+) andtheimagecenterby a
blacksquare(� ). Despitethecomplexity of motion,thepedestrianalwaysappears
at the imagecenter. This demonstratestherobustnessof themotionestimational-
gorithmandof thecontrolscheme.

This algorithm has also beenusedin [10] for image stabilizationof a camera
mountedon anunderwaterengine.In thatcase,themotionin theimageis, in part,
dueto thepotentialsceneown motionandoverall,to theundesirablemotionof the
engine,becauseof underwatercurrents(seeFigure9). Even if the quality of the
imagesusedis poor(they hadlow spatio-temporalgradients),theresultspresented
in [10] show that the drift in the imageremainsvery weak(lessthanhalf a pixel
after250iterations).A typical imagesequenceacquiredduringthestabilizationis
givenin Figure10wheretheconsideredsceneis a rock from whichsmokeandgas
escape.

Figure9. "Rocks"sequence.Onefull imageover25from theoriginalsequence(oneimage
every2 s) with anoncontrolledcamera
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Figure10.Oneimageover25 of the"rocks"sequenceacquiredduringstabilization

4.2.2 Camera positioning

In a secondapproach,the visual speci�cation of the desiredcon�guration is no
moredonewith geometricalconstraints,but with dynamiccriteria, i.e. homoge-
neousto speedin the image.More precisely, we wish to control the cameramo-
tionsin orderthat thecurrentmotion�eld in theimage,suchastheonepresented
in Figure11.a,becomesequalto adesiredone,suchas,for example,thedivergent
�eld of Figure11.b.

More precisely, visual featuresareselectedfrom the parametersof a polynomial
motionmodel.Numeroustaskscanbede�ned usingsuchkind of dynamicvisual
features,someof thembeingimpossibletoperformusinggeometricvisualfeatures.
They can be divided into threegroupsdependingon the aim of the considered
task [12]. In usualimage-basedvisual servoing, variationsof visual featuresare
linearly linked to the cameravelocity. In that case,the correspondingrelation is
morecomplex.

Thisapproachis illustratedwith apositioningtask:thecamerahasto beparallelto
aplane.Thechoiceof featurevectors usingthemotionparametersb� aswell asthe
designof thecontrollaw is givenin [12]. Theimagesof thesceneat theinitial and
�nal positionsarerespectively presentedon Figure12.aandFigure12.b. Onecan
noticethat the planarobjectdoesnot cover the totality of the �eld of view at the
beginning.Moreover, non-planarobjectsaredisplayedon theplane.Nevertheless,
dueto therobustnessof the2D motionestimation,thetaskis correctlyrealized.

5 Conclusion

In ourvariousworks,wewantedto addresstheproblemof realizingvisualservoing
tasksby usingcomplex objectsin realenvironments.In this paperwe have brie�y
presenteda setof trackingalgorithms(2D features-basedor motion-basedtrack-
ing, 3D model-basedtracking,: : : ) that have beenusedfor ten yearsto achieve
this goal.Dealingwith future work, we plan to addressimportantissuessuchas
automaticinitialization or the introductionof spatio-temporalconstraintsin 3D
model-basedtracking.

18



Figure11.Positioningthecameraparallelto aplane: current(a)anddesired(b) 2D motion
�eld

(a) (b)

Figure12.Positioningthecameraparallelto aplane: (a) initial imageand(b) �nal image
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