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Abstract

Objecttrackingis animportantissuefor researchandapplicationrelatedto visual seno-
ing andmoregenerallyfor robotvision. In this papey we addresshe problemof realizing
visual senoing taskson complex objectsin real ervironmentsWe brie y presenta setof
trackingalgorithms(2D features-basedr motion-basedracking,3D model-basedrack-
ing,::: ) thathave beenusedfor tenyearsto achieve this goal.
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1 Motivation

Elaborationof objecttrackingalgorithmsin imagesequences animportantissue
for researcheand applicationsrelatedto visual senoing and more generallyfor
robot vision. A robust extraction and real-time spatio-temporatracking process
of visual cueis indeedone of the keys to succes®f a visual serwing task. To
considervisual serwoing within large scaleapplicationsijt is now fundamentato
handlenaturalsceneswithout any ducial markers but with complex objectsin
variousillumination conditions.From a historical perspecitie, the useof ducial
markersallowedthevalidationof theoreticabspect®f visualsenoing researchif
suchfeaturesarestill usefulto validatenew control laws, it is no longerpossible
to limit oursehesto suchtechniquesf the nal objectvesarethetransferof these
technologiesn the industrialworld. In this paperwe give an overvien of a few
tracking algorithmsdevelopedfor visual senoing experimentsat IRISA-INRIA
RennesOnFigurel arepresentedomefeaturedrackingresultsin visualsenoing
experimentorderedby subjectve increasingdif culties.
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Overviav of tracking approachesfor visualservoingpurpose

Most of the available tracking techniquescan be divided into two main classes:
feature-basedndmodel-basedracking.TheformerapproacHocuseson tracking
2D featuressuchas geometricalprimitives (dots(Figurela), points (Figure 1e),
sgmentscircles,: :: ) or objectcontours(Figurelb), regionsof interest,::: The
latter explicitly usesa 3D model of the tracked objects(Figure 1c-d). This sec-
ond classof methodsusuallyprovidesa morerobust solution(for example,it can
copewith partialocclusionof the objects)If a CAD modelis available,trackingis
closelyrelatedio theposeestimatiorandis thensuitablefor any visualserwing ap-
proach.The mainadwantageof the 3D model-basednethodss thattheknowledge
aboutthe sceneallows improvementof robustnesandperformancey beingable
to predicthiddenmovementof the objectandactsto reducethe effectsof outlier
dataintroducedn thetrackingprocessAnotherapproactmayalsobe considered
whenthe scends too complex (due,for example,to texture,to thelack of speci c
object,etc.).It is not basedon featuresextractionandtrackingasin thetwo other
casedut on the analysisof the motionin theimagesequencéFigure 1f). 2D mo-
tion computationprovidesinterestinginformationrelatedto both cameramotion
andscenestructurethatcanbe usedwithin avisualsenoing process.
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Figurel. Featuresrackingin visualsenoing experimentgorderedy subjectve increasing
dif culties) (a) tracking ducial markers(b) trackingcontours(c) 3D model-basedrack-
ing within “clean” ervironment(d) 3D model-basedrackingin cluterredervironment(e)
trackingpointsof interest(f) trackingusingmotionestimation.

Tracking 2D features In this approachtracked objectsaredescribedisingsim-
ple geometricfeaturessuchasdots,pointsof interes{36, 47], anglescontourg?2,
3], straightlinesor segmentq21, 4, 38|, ellipses[52, 38], etc. This approachs the
mostcommonwithin the visual senoing contect sincethereoften exists a direct
relationshipbetweenthe 2D measuresand the visual featuresusedin the visual
senoing controllaw.



XVision [21] is a goodexampleof suchsystem.Simplefeatureglines, contours,
etc) aretracked in real-time(i.e., at videorate); to achieve this goal, someedge
pointsarematchedver framesusinga simplesearchalongthe normalof the con-
tour. Thetrackingof morecomplec objectsis alsopossibleif multiple elementary
featuresare combinedtogetherandlinked througha setof constraintsOur own
software,ViSP[38], alsofeaturessuchcapabilities.Thetrackingof elementarge-
ometricalfeaturegsegmentsellipses splines,...)s consideredndis basedn the
moving edgesalgorithm[5] (seeSection2.2). The main advantagef this class
of approachess thatthey arevery simpleandthereforevery fastwhich is anim-
portantissuein the visual senoing context. On the otherside,they do not allow
thetrackingof comple featureghatcannotbe modeledrougha setof simple2D
featuresFurthermorethe quality of the results(precisionandrobustnessannot
alwaysbe guarantee@nddepend®n the scengfor example,it is very dependent
on thefeaturesdensityandon the occlusionphenomenons).

Regionstracking and motion estimation Previous approachesely mainly on
the analysisof intensitygradientsn the images.Anotherpossibility is to directly
considerthe imageintensityandto perform 2D matchingon a part of theimage
without ary featureextraction. The goal of suchalgorithmsis to estimatea setof
parametershatdescribeshetransformatioror the displacemenof the considered
area(a partof theimageor in somecaseshewholeimage)by minimizingagiven
correlationcriterion (e.g.,[24]). An exhaustve searchof the transformatiorthat
minimizesthe given criterion is not ef cient. Furthermorejt is possibleto solve
the problemusing ef cient minimization techniqueghat allow to considerquite
comple 2D transformatior(suchasaf ne or homographianotions).An approach
thatfeaturessuchcapabilitieshasbeenproposedn [20]. It allows to considerthe
variationof the parameter®f a motion modelasa linear function of animageof
intensitydifferencesAs in visualsenoing,Hagerde nesaninteractionmatrix that
links the variationof the motion parameterso the variationof the imageintensity
An extensionof this approactasbeenproposedn [28] wherethe pseudo-inerse
of theinteractionis learnt. Thesetwo methodsarecloselyrelatedto classicaimage
motion estimationalgorithms.In work carriedout at IRISA, we usethe approach
proposedn [45]. We will seein Section4 thatthis methodis perfectlysuitablefor
dynamicvisualserwing approaches.

Model-basedtracking In orderto handleary objector cameramotionsandto
introduceimportantconstraintsn the spatio-temporamatchingprocessit is in-
terestingto considera model of the tracked object. If the considerednodelis a
2D model,it is necessaryin the generalcase to augmenthe modelwith 2D lo-
cal deformationd27, 19] in orderto copewith the non-lineardeformationsof the
projectionof the objectin theimageplanedueto perspectie effectsnon handled
by these2D models.Thereexists a large setof deformablemodelsmore or less
compl. Somehadlow constrainedstructuresuchas active contours[2, 29, 3],



while othersconsideredleformabletemplateqd44, 9, 30]. However, whenadding
local deformationswe cannotensurethe global 3D rigidity constraint,which is
not suitablefor visual serwing purpose Moreover, theseare usually highly time
consumingapproacheslt is also possibleto considera 3D model of the object.
Trackingis thenusually handledasa monocular3D localizationor posecompu-
tationissue[15, 34, 18, 31, 13,50, 16,51, 32, 41, 8]. Theseapproachesllow to
handleany cameraor rigid objectmotionandto considerimplicitly the 3D global
rigidity constraint.Furthermorehey allow to handlepartial occlusionsof the ob-
jects.Finally, theseapproachearesuitablefor ary visualserwing controllaw (2D,
2 1/2D and3D).

Theremainderof this paperis organizedasfollow: in a rst part, we recall basic
featuresxtractionandtrackingalgorithmsthatareclassicallyconsideredn visual
senoing. In asecondart,model-basea@lgorithmswill be presentedor thetrack-
ing of 3D objects Finally wewill shov how dominanimagemotionestimatiorcan
be usedin visual serwing. In all casesye describeaxperimentalresultsobtained
onourexperimentakells.

2 2D tracking

2.1 Fiducial markers: past,presentandfuture...

Most of papergelatedto visualserwing considervery basicimageprocessingl-
gorithms.Indeedthe basicfeaturesconsideredn the control law are usually 2D
points coordinates.Therefore,the correspondingpbjectis usually composedof
“white dotson a black background”.Sucha choiceallows usingvariousad hoc
real-timealgorithms.The mainadvantageof this choiceis thattrackingis very ro-
bust andvery precise.lt is thensuitablefor all visual serwing control laws (2D
but also2 1/2 D and3D sincethe positionbetweercameraandtargetcaneasilybe
obtainedusingposecomputatioralgorithm).

Froma practicalpointof view, suchalgorithmsarestill usefulto validatetheoretical
aspect®f visualsenoing researchThistrackingapproacthasbeenwidely usedat
Irisa to validatemodelingaspectandto designnew controllaws [17, 37,43, 40].
Furthermordan somecritical industrialprocessessucha simpleapproackensures
therequiredrobustnessin suchaway, it hasbeenconsideredn the development
of graspingtasksin nuclearervironmentfor Electricité de France(seeFigure2).



Figure2. Visualsernoing using ducial markers:imageacquiredoy thecameranthefront
andeye-in-handcameraon the back.

2.2 Tradking contourbasedD featules

In orderto addresghe problemof 2D geometricfeaturetracking, it is necessary
to considerat thelow level a genericframenork thatallows local trackingof edge
points.Fromthe setof tracked edgesijt is thenpossibleto performa robust esti-
mation of the featuresparametersisingan Iteratively RewveightedLeastSquares
Method(IRLS) basedon robustM-estimation[25].

For the rst point, few systemdeaturereal-timecapabilitieson a simpleworksta-
tion. The XVision system21] is a nice exampleof suchsystemsHowever, it does
not featureall the tracking capabilitieswe wanted.In our case we decidedto use
theMoving Edgeg ME) algorithm[5] whichis adaptedo thetrackingof paramet-
ric cunes. It is a local approachthat allows to matchmoving contours.Primary
works doneto usethis algorithmto track line sggmentshasbeenachievzed on a

dedicatedP board[4]. Now it runsatvideorateon a classicalPC.

2.2.1 ME algorithm

Whendealingwith low-level imageprocessingthe contoursaresampledat a reg-

ular distance At thesesamplepoints,a 1 dimensionakearchs performedto the
normalof the contourfor correspondinggdges An orientedgradientmask([5] is

usedto detectthe presencef a contour One of the advantagesf this methodis

thatit only searchefor edgesvhichareorientedin thesamedirectionasthe parent
contour An arrayof 180maskss generateaff-line whichis indexedaccordingo

the contourangle.This is thereforeimplementedwith convolution ef ciency, and
leadsto real-timeperformance.

Whenreferringto Figure3, the processonsistf searchingor thecorresponding
pointp™*! in imagel *** for eachpointp'. A 1D searctintenal fQ;;j 2 [ J;J]g
is determinedn thedirection of the normalto the contour For eachpositionQ);



lying in thedirection , amaskconvolutionM correspondingo the squareoot of
alog-likelihoodratio ; is computedThusthe new positionp'** is givenby:

- .
= ar max
Q 9,055 |

with

=il M+l M

(1) is the neighborhoof the consideregixel. In our implementatiorof the al-
gorithm,theneighborhoods limitedtoa7 7 pixel mask.It shouldbe notedthat
thereis a trade-of to be madebetweernreal-timeperformanceand maskstability.
Likewisethereis atrade-of to be madebetweernthe searchdistanceandreal-time
performanceavhile consideringhe maximuminter-framemovementof the object.

This low level searchproducesa list of k pointswhich are usedto computethe
parametersf thetrackedfeatures.
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Figure 3. Determiningpointspositionin the next imageusingthe orientedgradientalgo-
rithm: (@) calculatingthe normalat samplepoints, (b) samplingalongthe normal(c-d) 2
out of 1803x3 predeterminednasks(in practice7x7 masksareused)(c) 180° (d) 45°.

2.2.2 Tradkingvisualcues

Leastsquae or IRLS.To handleproperlythe estimationof thefeaturegparameters
in presencef noiseandof corrupteddata,arobustestimatiorhasto beperformed.
Indeed consideringhatthelow level measuregarecomputedrom theimagewith
perfectprecisioncan generallynot be assumedWhenoutliers are presentn the
measuresa robust estimationis required.M-estimatorscan be consideredas a
more generalform of maximumlikelihood estimatorg25]. They are more gen-
eralbecausehey permittheuseof differentminimizationfunctionsnotnecessarily
correspondingo normally distributeddata.Many functionshave beenproposedn
the literaturewhich allow uncertainmeasureso be lesslikely consideredandin
somecasescompletelyrejected.To apply the M-estimatorgo this issue,we con-
sideranlteratively ReveightedLeastSquaregIRLS) algorithm.IRLS isacommon



methodof applyingthe M-estimatorslt corvertsthe M-estimationprobleminto an
equivalentweightedleast-squaregroblem.

Line sgmentsThesimplestcasewe considereds theline segment[4]. Therepre-
sentatiorconsideredor the straightline arethe polarcoordinateg ; ) suchthat:

X COS + ysin =0;8(x;y)2 D

This caseis very simpleasthe direction is directly given by the parameter®f
the featuresThe choiceof the corvolution maskis thenstraightforvard. A points
insertionprocesseitherin the middle of the segment,to dealwith partial occlu-
sionsor miss-trackingandat the extremitiesof the segmentto dealwith sliding
movementsasbeenalsointroducedn thetrackingmethod.

Ellipses.Dealingwith anellipse,mary representationsanbe used.We chooseo
considerthe coefcients K; thatareobtainedfrom the polynomialequationof an
ellipse:

X2+ Ky + 2Koxy + 2Kax + 2Ky + Ks= 0

Theellipsecorrespondo thecaseK 2 < K. Theparameter&; canbe estimated
from the list of tracked pointsusinga leastsquareor an IRLS method.Fromthe
parameters;, it is of coursepossibleto derve the representatiorf any other
representatioparametersuchasfor instance(Xc; Yx; 11, o2, 20) basedon the
moments.

SplinesA splineis de ned by a parametricequation:

1

QW= B t2[01]
j= d

wherethe ; arethecontrolpointsof thespline,d is thedegreeof thespline(d = 3
for acubicspline)andB; is thesplinebasisfunction.Sincethenumberp of tracked
pointsis usually greaterthanthe numbern + d of desiredcontrol points,a least
squareor anlRLS canalsobeused.

2.2.3 Results

Figure4 shaws severalresultsof featuregracking(line, circle, contours,...)n vi-
sualsenoing experiments.The proposedracking approachbasedon the ME al-
gorithmallows areal-timetrackingof geometricfeaturesn animagesequencelt
is robustwith respecto partialocclusionsandshadevs. However, asalocal algo-
rithm, its robustnesss limited in complex scenesvith highly texturedernvironment.
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Figure4. Tracking2D featuresusingthe Moving Edgesalgorithmwithin visual senoing
experiments{a) 3D reconstructiorof a sphereusingactive vision [6], (b) contourfollow-
ing [38], (c) positioningwrt. acylinderwith joint limits avoidancd7], (d) ellipsestracking
(thatcorrespondo the projectionof 3D straightlinesin catadioptriamages).

2.3 Tradking pointof interests

Whenthe objectiveis to track pointsof interest,it is necessaryo make somecon-
senationassumptionsn someinformationrelatedto the points. Thesehypotheses
may concernthe point motion, or a photometric/geometricivariancein a neigh-
borhoodof the point.

Theusualassumptiorof luminancepatternconserationalongatrajectoryhasled
to build two kindsof methodsThe rst onesareintuitivemethod$aseddncorrela-
tion. Thesecondnesarede ned asdifferentialtrackers,built on adifferentialfor-
mulationof asimilarity criterion.In particular thewell-known Shi-Tomasi-Kanade
tracker [47] belongdgo thislatterclass.

2.3.1 Shi-Tomasitracker

Consideranimagesequencé (x ;t) wherex = (x;y) arethe coordinatesof an
imagepoint. If the baselinebetweentwo successie cameralocationsis small, it
canbeassumedhat,thoughsmallimageregionsaredisplacedtheirintensitiesare
unchangedeadingto the classicalequation:l (x + x (x);t+ 1) 1(x;t) = 0
wherex_(x) is the motion eld specifyingthe point displacemenéccordingto a
motionmodel



Thetaskof the tracker is thento computethe parameter®f the motion model of
selectecpointsfor eachpair of successie frames.The problemis thento nd the
displacemenk (x) (andthe parameters of the motion model)which minimize
thefollowing residual:

X 2
= (I(x+x (x);t+ 1) 1(x;1) (1)

2W

whereW is a smallimageregion centeredn the point to be tracked. To obtaina
linearleast-squaresstimateof x  (x), thedervative of theresidualwrt. areset
to zero(se€g[49] for adetailedderiationin thecaseof atranslatiorandof anaf ne
motionmodel).

As explainedin [47], somelocationsin the initial templateare more interesting
thanthe others:thosewherethesingularvaluesof R arehigh, with [23] :

2 3
P , P

[yl
X P X yg (2)
Ly 12

Indeed they representornersandsimilar entities,their high spatialgradientgives
robustinformationaboutthe 2D motionwhereas pointlocatedin anuniformarea
doesnotallow to detectthe displacement.

2.3.2 Visual servoingbasedon point of interest

In the presentedexperiment(seeFigure5), the positionto reachis de ned by a
referencamage(seeFigure5b). Pointsof interestare extracted(usingthe Harris
detector[23]) and are matchedwith similar points extractedfrom the imageac-
quiredfrom the initial cameralocation. This matchingprocesss doneusingthe
Image-Matchingsoftware [53] andis basedon the robust estimationof the fun-
damentalmatrix. Trackingduring the visual senoing experimentis basedon the
Shi-Tomasialgorithm. It appearghatthe featuretrackingis not very reliableand
poorimagesguality inducedarge errorsinto a classicalisual sering approach.

More precisely with the useof a classicalcontrollaw anddueto excessve miss-
tracking,the camerawasnot ableto reachthe desiredposition. Therefore,in the
presentedesults,we have useda robust control law [40] that allows rejectionof
miss-tracled points. In Figure 5c, red crossesarethe initial pointslocation, blue
crossesaretheir desiredliocationswhile the greencrossesarethe nal pointslo-
cation.Pointtrajectoriesarein red whenpointsare correctlytracked andin blue
whenthey appearto be miss-tracled (60 pointsaretracked).



Figure5. Visual senoing basedon the trackingof pointsof interest:(a) initial image,(b)
desiredmage,(c) robustvisualsenoing.

2.4 Hybrid visualtradking: appeaanceandcontours

Dealingwith 2D tracking,numerousalgorithmsrely on the texture of the tracked
object.Thisis thecasefor appearancer template-basettacking[20, 28], point of
interest[47] (asjust seenin Section2.3) or dominantmotion estimation[45] (see
Sectiord). Thesetechniquehave provedto beef cient to tracktexturedobject.On
the otherhand,contourbasedrackingapproachegSection2.2) aremorerelevant
for texturelessobjectsand are very ef cient when sharpedgesare visible in the
imagesequencdn bothcaseshetrackingalgorithmrely ontheoptimizationof an
objective function.In orderto developalgorithmsrobustto aberrantneasurements
and potentialocclusions,t appeardo be interestingto take into accountvisual
informationrelatedto thesedifferenttypes.

Therefore analternatve directionis to considerbothinformationwithin the same
minimizationproblem[42, 46]. Theideais to considerothmotionor appearance
and edges.Contoursof the objectaswell asits motion canindeedbe modeled
by parametrionodelswhoseestimationis possible The hybrid trackingalgorithm
proposedn [46] fusesthemotionestimationof contourpointsandof texturepoints
in anuniquenon-lineaminimizationprocessFigure6 shavs preliminaryresultsof
thetracking(within avisualsenoing experiment)of arice boxin ahighly textured
ervironment.Let usnotethattrackersthatrely only ontextureor on contourfail to
track correctlythebox overalongimagesequence.

Figure6. Hybrid tracking:meging contourandappearanceithin asinglenon-lineamin-
imizationprocess.
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3 Model-BasedTracking: Robust virtual visual senvoing

In this section,we now considerthatthe 3D CAD modelof the tracked objectis

available.We focuson theregistrationtechniqueghatallow alignmentof 2D fea-

turesextractedfrom the image(in real-timeby a moving camera)andthe model
of the object.In the relatedcomputervision literature,geometricprimitivescon-

sideredfor this poseestimationproblemare often points[22, 14, 35], contoursor

pointson the contourg 34, 8, 16], segments straightlines, conics,cylindrical ob-

jects,or a combinationof thesedifferentfeatureqd39]. Anotherimportantissueis

theregistrationmethod.Purely geometric[15], or numericalanditerative[14] ap-

proachesnaybe consideredLinear appmades usea least-squaresiethodto es-
timatethe pose Full-scalenon-linearoptimizationtechniquege.g., [34, 16]) con-

sistsof minimizing the error betweenthe obsenation andthe forward-projection
of themodel.In this case minimizationis handledusingnumericaliterative algo-

rithms suchasNewton-Raphsoror Levenbeg-Marquardt.The main advantageof

theseapproachearetheiraccurag. Themaindravbackis thatthey maybesubject
to local minimaand,worse,divergence.

In our work, poseestimationis formulatedin termsof afull scalenon-linearopti-
mization:Virtual Visual Serwing (VVS). In this way the posecomputationprob-
lem is consideredas similar to 2D visual senoing as proposedn [48, 39]. This
methodis alignedwith stateof the art methodstreatingthis issue[16, 33]. Our
framavork is usedto createan imagefeaturebasedsystemwhich is capableof
treatingcomplex scenesn real-time. Advantage®f thevirtual visual serning for-
mulationaredemonstratetly consideringawiderangeof performancéactors No-
tably theaccurag, ef ciency, stability, androbustnessssueshave beenaddressed
and demonstratedo performin complex scenesA robust control law that inte-
gratesan M-estimatorhasbeenaddedto improve robustnessThe resultingpose
computatioralgorithmis thusableto dealef ciently with incorrectlytracked fea-
turesthatusuallycontributeto a compoundeffect which degradeghe systemuntil
failure.

3.1 Overviav and motivations

As alreadystated the fundamentaprinciple of the proposecapproachs to de ne

the posecomputatiorproblemasthe dual problemof 2D visual serwing [17, 26].

In visual senwoing, the goalis to move a camerain orderto obsere an objectat
a given positionin the image.An explanationwill now be givenasto why pose
computatioris very similar.

To illustratethe principle, consideran objectcomposedf various3D featuresP
(for instance,we denote®P the value of thesefeaturesin the objectframe). A
virtual camerais de ned whosepositionin the objectframeis de ned by r. The
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approaclhconsistsof estimatingthe real poseby minimizing theerror  between
theobsereddatas (usuallythe positionof a setof featuresn theimage)andthe
positions of the samefeaturescomputedby forward-projectionaccordingto the
currentpose:

|

= s(r) s =hpr (r°P) s ; 3)

wherepr (r;°P) is the projectionmodel accordingto the intrinsic parameters
andcamergposer . It is supposedherethatintrinsic parameters areavailablebut
it is possibleusingthe sameapproactio alsoestimateheseparameters.

In this formulationof the problem,a virtual camerainitially atr; is movedusing
a visual senwing control law in orderto minimize this error . At corvergence,
thevirtual camerareacheghe positionr 4 which minimizesthis error (andwhich
correspondso therealcamergoose).

3.2 Rolustminimisation

In orderto reducethe sensitvity to outliers,the objective functionis modi ed and
is givenby:

X
R = si(r) s 4)
i=1
where (u) is arobustfunction[25] thatgrows sub-quadraticallandis monotoni-
cally nondecreasingith increasinguj. Thisobjectveis incorporatednto arobust
visualsenoing controllaw. Thus,theerrorto beregulatedto O is de ned as:

e=D(s(r) s); ®)

whereD is a diagonalweighting matrix givenby D = diag(wy;::: ;wg). The
computatiorof weightsw; thatre ects the con dencein eachfeatureis described
in [8]. A simplecontrollaw canthenbe designedo try to ensurean exponential
decoupleddecreas®f e aroundthe desiredpositions . The control law is given

by:
v= (PRY'D s(r) s ; (6)

wherev is thevelocity scrav of thevirtual cameraandL s is theinteractionmatrix
relatedto s andde ned suchass = Lsv [8].

Clearly, this approachnecessitateto ensurethat a sufcient numberof features
will not berejectedsothatDL s is alwaysof full rank (6 to estimatethe pose).It
hasbeenshawvn thatonly local stability canbe demonstratef39]. This meanghat
the corvergencemay not be obtainedif theerrors s istoo large. However, in

12



trackingapplicationss andr areobtainedrom thepreviousimage thusthemaotion

betweenwo successieimagesacquiredatvideorateis sufciently smallto ensure
thecorvergenceln practicet hasbeenobsenedthatthe corvergences obtained,
in generalwhenthe cameradisplacemenhasan orientationerrorlessthat30° on

eachaxis. Thus,potentialproblemsonly appeaifor thevery rst imagewherethe

initial valuefor r may betoo coarseln the currentalgorithm,the initialization is

doneby manuallyclicking on theimagesandcalculatingthe poseusinga 4 point

algorithm[14].

3.3 Msualfeaturesandinteractionmatrices

Any kind of geometricafeaturesanbeconsideredavithin the proposedontrollaw
assoonasit is possibleto computets correspondingnteractionmatrixLs. In [17],
a generalframenork to computel s is proposedindeed,it is possibleto compute
the posefrom a large setof imageinformation (points, lines, circles, quadratics,
distancesetc...)within the sameframewvork. The combinationof differentfeatures
is achieved by addingfeaturego vectors andby “stacking” eachfeatures corre-
spondinginteractionmatrix into a large interactionmatrix of sizend 6 wheren
correspondso thenumberof featuresandd their dimension:

2 2 3
S Ls1
L

Theredundang yieldsa moreaccurateesultwith the computatiorof the pseudo-
inverseof L ¢ asgivenin equation(6). Furthermoraf the numberor the natureof

visualfeatureds modi ed overtime, theinteractionmatrix L s andthevectorerror
s areeasilymodi ed consequently

In mostof our works[8], a distancefeatureis consideredsa setof distancede-
tweenlocal pointfeaturebtainedrom the ME algorithmdescribedn Section2.2
andthe contoursof amoreglobal CAD model.In this casethe desiredvalueof the
distanceis equalto zero. The assumptioris madethat the contoursof the object
in theimagecanbe describedaspiecaviselinearsegments All distancesarethen
treatedaccordingto their correspondingegment.The derivationof theinteraction
matrix thatlinks the variationof the distancebetweena x ed pointanda moving
straightline to thevirtual cameramotionis givenin [8].
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3.4 Resultoon 3D model-basedradking

In suchexperimentstheimageprocessings potentiallyvery comple. Indeed ex-
tractingandtrackingreliable pointsin real ervironmentis a non trivial issue.In
all experimentsthe distancearecomputedusingthe “oriented” gradientmaskal-
gorithmdescribedn Section2.2.In the experimentpresentedn Figure7, images
were acquiredand processedt video rate (50Hz). Trackingis always performed
at belov framerate (usuallyin lessthan10ms).All theimagesgivenin Figure7
depictthe currentposition of the tracked objectin greenwhile its desiredposi-
tion appearsn blue. The consideredbjectis a video multiplexer. It was placed
in a highly clutteredervironment. Trackingand positioningtaskswere correctly
achieed. Multiple temporaryandpartial occlusionsveremadeby a handandvar
iouswork-tools.Modi cation of thelighting conditionswerealsoimposed After a
positioningtaskachiezedusinga 2 1/2 D visual serwoing controllaw, the objectis
handledby handandmovedaround.In this case sincethevisualserwing taskhas
not beenstoppedtherobotcontinuego follow the objectin orderto maintainthe
rigid link betweerthecameraandthe object.Notethatsomeobjectfacesappeared
while othersdisappeareddtherresultsusingthis algorithmarepresentedh [8].

Figure7. 2D 1/2 visual senoing experiment:in the imagesthe tracked objectappearsn
greenandits desiredpositionin blue. The four rst imageshave beenacquiredin initial
positioningstep.In the next imagespbjectis moving alongwith therobot.
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4 Image motion in visual sewvoing

Whenimagesaretoo comple (texturedor naturaloutdoorscene)yetrieving ge-
ometric featureshas proved to be a dif cult issue.Another possibility is to use
motionin theimageasinputof the controlschemd10, 11, 12], sinceit canbees-
timatedwithoutary a priori knowledgeof the obseredsceneThus,morerealistic
scene®r objectscanbe considered.

In theseworkstheestimatiorof the2D parametrianotionmodelaccountingor the
dominantmagemotionis achievedwith arobust,multi-resolutionandincremental
estimationmethodexploiting only the spatio-temporatlerivativesof the intensity
function[45]. Letusnotethatotherapproachesuchasthoseproposedn [20, 28, 1]
may alsobe suitableto build suchvisualsenoing systems.

4.1 Motionestimation

In the generalcase,a 2D imagemotion model cannotaccountfor the global 3D
motionof the objectwithin thescene A goodcompromisas thusto considera2D
qguadratianotionmodelwhich correspondso the projectionof therigid motion of
aplanarsurface.This modelinvolveseightindependenparameterd_et usdenote

= (ap; a1; ap; as; a4; as; ag; az), the velocity vectorx (x) at pixel x = (X;y)
correspondingo the quadratiomotionmodelis givenby:

2 3
2 3 2 32 3 2 3. x2
a a X a; O
X_(X)=2aog+22 3%2 g+gae7 g Xy
ay ua Y Oaa 4
y
Othermodelsarealsoavailable(constanmotionmodela, = ::: = a; = 0, afne

motionmodelag = a; = 0 orevenmodelmorecomplex with moreparameterthat
may for examplehandleillumination variation).In fact,thereis a necessargom-
promiseto nd betweenthe accurag provided by a modelandthe computation
load, suchthatthe controlrateis the closestpossibleto thevideorate.Indeed the
realmotionin theimageis generallycomple, andonly anapproximatiorcouldbe
obtainedusinga polynomialmodel.In year2000,only the parametersf the con-
stantmodelcanbe estimatedat videoratewithout ary dedicatedmageprocessing
board.Now anaf ne motionmodelcanbe easilycomputedat videorate.But due
to computerincreasingpower, in oneor two yearsfrom now, a completemodel (8
parametersr more)maycertainlybe consideredn realtime.

To estimatethe dominantimagemotion betweentwo successie imagesl (t) and
| (t + 1), the gradient-basednultiresolutionrobust estimationmethoddescribed
in [45] is used.The constraintis givenby the usualassumptiorof brightnesson-
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stang of a projectedsurfaceelementover its 2D trajectory The parametersf the
motionmodel P, thatdescribethe dominantmotion, areestimatedy minimizing
for thedifferenceof framedisplacementlo ensuraobustnesso the presencef
independeniotion,arobustminimizationof equation(1) is considered:

b= agmin | ((x+x ()it+1) 1(x;) (8)
21 (1)

where (x) is arobust function [25]. The minimizationis embeddedn a multi-
resolutionframevork andfollows anincrementakchemesee[45] for details).

4.2 Resultan dynamicvisualservoing

Two differentmethodsare presentedin the rst one,geometricfeaturesare re-
trieved by integrationof motion, which allows to useclassicalcontrol laws. This
methods appliedto a pan/tilttrackingandstabilizationtask.In thesecondnethod,
the principle is to try to obtaina desired2D motion eld in the imagesequence.
Thisapproachs illustratedwith resultsfor positioningacamergparallelto aplane.

4.2.1 \isualservoingbyintegrationof 2D motion

Motion estimationcanbeusedto handletheclassicataskof mobiletargettracking
usingacameramountedntheendeffectorof arobot.In thisexample we consider
asinputof thecontrollaw theestimategositionof thetargetpositionin theimage.
The visual featuresarethuss = (x;y). They are simply obtainedby successie
summation®f ag anda; (see(4.1)):

XK
sik) = s+ a t i=01 9

j=1

wheres; (0) = (Xo; Yo) is theinitial positionof thetargetcomputedduringa detec-
tion stepand t is theperiodof the controlloop.

The aim of the trackingtaskis to control the camerapan andtilt suchthat the
imageof the mobile targetis, rst, broughtattheimagecenter(s = (0;0)), and
thenremainsat this position whateser the target motionsare. This taskis quite
simplefrom the control point of view. The contribution describedn [11] is more
concernedvith the compleity of the consideredargets.

A pedestriartrackingtaskis presentedn [11] andin Figure 8. The detectionof
thetargethas rst to beperformedo initialize thetracking. The cameraemaining
static until a mobile objectis detectedthe objectlocationis simply determined
by intensitydifferencebetweenwo successie images At the rst iterationof the
tracking,theestimatiorof motionparameterss performedn arectangulawindow
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Figure8. Trackingof a pedestrianAn imageuponten of theacquiredsequencéapproxi-
mately2 framespersecond)Cross(+) standdor the estimated:.o.g.anddiamond( ) for
theimagecenter

wheremotionhasbeendetectedLet us point out thatthe estimationof 2D motion
parametersvith the algorithmwe usedinvolvesthediscardingof non-coherenio-
cal motionsconsideredasoutliers. Therefore motionsrelatedto deformationsof
non-rigidobjects(suchasahumanbeing)do notaffect greatlytheestimatiorof the
dominantmotion. Figure 8 containsoneimageover 10 of the sequenceacquired
during the tracking.Motion of the personis rst sidevays,andnot alwaysfacing
the cameraThen,the pedestriarcomesbacktoward the cameraOn eachimage,
theestimatedositionis representetly ablackcross(+) andtheimagecenterby a
blacksquarg ). Despitethe compleity of motion,the pedestriaralwaysappears
attheimagecenter This demonstratethe robustnesof the motion estimational-
gorithmandof the controlscheme.

This algorithm has also beenusedin [10] for image stabilizationof a camera
mountedon anundervaterengine.n thatcasethe motionin theimageis, in part,
dueto the potentialsceneown motionandoverall,to theundesirablanotionof the
engine,becausef undervater currents(seeFigure 9). Evenif the quality of the
imagesusedis poor (they hadlow spatio-temporagradients)theresultspresented
in [10] show thatthe drift in the imageremainsvery weak (lessthanhalf a pixel
after 250iterations).A typical imagesequenceacquiredduringthe stabilizationis
givenin Figure1l0wherethe consideredcends arock from which smole andgas
escape.

Figure9. "Rocks"sequenceOnefull imageover 25from theoriginal sequencéoneimage
every 2 s) with anoncontrolledcamera
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Figure10. Oneimageover 25 of the "rocks" sequencacquiredduring stabilization

4.2.2 Camean positioning

In a secondapproachthe visual speci cation of the desiredcon guration is no

more donewith geometricalconstraintsput with dynamiccriteria, i.e. homoge-
neousto speedn the image.More precisely we wish to control the cameramo-

tionsin orderthatthe currentmotion eld in theimage,suchasthe onepresented
in Figurell.a,become®qualto a desiredone,suchas,for example,thedivergent

eld of Figurell.h

More precisely visual featuresare selectedrom the parameter®f a polynomial

motion model.Numerougaskscanbe de ned usingsuchkind of dynamicvisual

featuressomeof thembeingimpossibleio performusinggeometricvisualfeatures.
They can be divided into three groupsdependingon the aim of the considered
task[12]. In usualimage-basedisual serwing, variationsof visual featuresare

linearly linked to the cameravelocity. In that case the correspondingelationis

morecomple.

Thisapproachs illustratedwith a positioningtask:the camerahasto be parallelto
aplane Thechoiceof featurevectors usingthemotionparameter® aswell asthe
designof the controllaw is givenin [12]. Theimagesof the sceneattheinitial and
nal positionsarerespectiely presentesn Figurel2.aandFigure12.h Onecan
noticethatthe planarobjectdoesnot cover the totality of the eld of view atthe
beginning. Moreover, non-planaobjectsaredisplayedon the plane.Nevertheless,
dueto therobustnes®f the 2D motionestimationthetaskis correctlyrealized.

5 Conclusion

In ourvariousworks,we wantedto addresshe problemof realizingvisualserwoing
tasksby usingcomplex objectsin realervironmentsln this paperwe have brie y

presented setof trackingalgorithms(2D features-basedr motion-basedrack-
ing, 3D model-basedracking,::: ) thathave beenusedfor tenyearsto achiee
this goal. Dealingwith future work, we plan to addressmportantissuessuchas
automaticinitialization or the introduction of spatio-temporaktonstraintsin 3D
model-basedracking.
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Figurell.Positioningthecamergarallelto a plane: current(a) anddesiredb) 2D motion
eld

(a) (b)
Figurel2.Positioningthe camergparallelto a plane: (a)initial imageand(b) nal image
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