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Abstract

We presentan original methodfor tracking, in an im-
age sequencgcomplex objectswhich canbe approximately
modeledoy a polyhedal shape Theappmoad reliesonthe
estimationof the 2D objectimage motion along with the
computationof the 3D objectpose The proposedmethod
fulfills real-time constaints along with reliability and ro-
bustnesgequirements. Real tracking experimentsand re-
sultsconcerninga visual servoingpositioningtaskare pre-
sented.

1 Intr oduction

Most of the available tracking techniquescan be di-
vided into two main classes: feature-basedind model-
based. The former approachtracksfeaturessuchas geo-
metrical primitives (points,segments circles,. .. ), object
contours[1, 10], regionsof interest[8], ... Thelatter ex-
plicitly usesamodelof thetrackedobjects.This modelcan
bea CAD model[4, 6, 13, 16, 14] or a 2D templateof the
object[12]. This secondclassof methodsusuallyprovides
with a morerobust solution (for example,it cancopewith
partial occlusionof the objects).Both approachesay use
Kalmanfilters to predict and estimatethe position of the
tracked primitivesovertime.

In ourcasewe aimatdesigningatrackingalgorithmful-
filling the following propertiesor constraints:it shouldbe
fastandrobust,it shouldnotrequireary temporalevolution
model,it shouldnotinvolve any complex featureextraction
(suchascontourextraction). Therefore we have developed
amodel-base@D-3D approactthatreliesontheestimation
of the2D objectmotionandof the 3D poseof theobject. It
suppliesafastandrobusttrackingof complec objectswhich
canbeapproximatelymodeledby apolyhedrakhape More
precisely in a first step, the objectimage motion is rep-
resentecby a 2D affine motion model, andis estimated,
usinga robust statisticalmethod,from the computationof
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thenormaldisplacementsvaluatedalongthe projectedob-
jectmodelcontours.Thesenormaldisplacementaredeter
minedwith the algorithmdescribedn [3]. The 2D affine
motionmodeldoesnot alwaysmatchthe realdisplacement
of the object. A secondstepthatconsistsn fitting the pro-
jectionof the objectmodelon theintensitygradientsn the
imageis necessaryThis is achieved usinganiterative min-
imization of a non-linearenegy function with respectto
3D poseparametersThe main advantage®f this two-step
methodcanbe summarizedasfollows. The 2D motiones-
timation stageallows us to handlelarge displacement®f
the object, andto avoid a predictionstep(that is often a
guestionabléssue). Theresultof this stageis exploited to
supply an appropriatenitialization to the poseestimation.
Ourmodel-basetrackingonly requiresacoarsecalibration
of thecameraandaroughmodelof theobject.Both 2D mo-
tion estimationand3D poseestimationdo notinvolve edge
detection(we only considergray level images). Both are
robustto partial occlusionsof the object. Finally, we can
performreal-timetracking (currently up to 10Hzon a PC
400MHz).

Oneof our goalsis to usethis tracker within visual ser
voingtasks.Visualsenoing[9], thatconsistsn controlling
robotmotionwith respecto imageinformation,is now used
in industrialenvironment. However, if mostof the control
issuesarenow well known androbust control laws canbe
definedto perform positioningtasks,efficient image pro-
cessingtools seemto be one of the main shortcominggo
awide useof thesetechniques.Indeed,to fit visual seno-
ing requirementsimagefeatureextractionmustbe robust,
accurate,and computedin real-time (at leastat the high-
estpossiblerate). Currenttechniquesxploitedin industrial
ervironmentusemarked objects. However, in orderto in-
creasehe versatility of visual serwing techniquessucha
requiremenmustbe alleviated. We will seethatthe devel-
opedtracking algorithmis perfectly suitablefor position-
ing tasks. Thesesystemsare of interestfor the Research
andDevelopmentivision of EdF (Electricite de France)o



achieve maintenancend monitoringtasksin hostile ervi-
ronment(nuclearpower plant). The paperis organizedas
follows. Section2 describeghe 2D motion-basedracking
stagethat actsas an initialization to the 3D model-based
trackingpresentedn Section3. Experimentatrackingre-
sultsandreal-timevisualserwingtasksarereportedn Sec-
tion 4.

2 Motion-basedtracking

We first considerthatthe globaltransformatiorbetween
two successie projectionsof the objectin theimageplane
canberepresentethy a 2D affine motionmodel. The goal
of this first stepis to estimatethe parameterf this 2D
transformatiorevenin presencef large 2D displacements
of the objectimage. Contraryto usualKalmanfilter meth-
ods, this motion-basednethoddoesnot requirethe intro-
ductionof a statemodelevolution (e.g., a constantvelocity
model),and consequentlyhe initialization of the variance
of thenoiseof the stateandmeasurementodels.

2.1 Affine transformation model.

Let Xt = [X{,...,X!]T beavectorformedby theim-
agecoordinatesX? of pointsalongthe boundariesof the
objectmodelprojectionattime ¢t. The objectimageshape
Xt attimet + 1 will begivenby:

X =W (X) 1)

whereW¥g is a2D affine transformatiorexpresseds:

t+1 t
FS IR ARCE
(2)

with 0 = (a17a27a37a47T$7Ty)T1 th = (xfayf)T,

X = g (XY), and
|z y 0 0 1 0
W(X) = [ 0 0z y 01 ]

This transformationis linear wrt. ©, and displacement
di(X;) = X' — X! canbewritten as:

di(X;) = W(X;)o' (3)

where®’ = © — (1,0,0,1,0,0)7.

Thepartof thetrackingalgorithmconcernedvith thees-
timation of the 2D affine parameterss articulatedinto two
sub-steps. The first one computesnormal displacements
evaluatedalong the projection of the object model con-
toursusingtheso-calledVloving Edgesalgorithm(ME) [3],
while thesecondneexploitsthisnormaldisplacementield
to estimate®’ usinganextensionof therobustmultiresolu-
tion estimationtechniqueintroducedin [15]. We now de-
scribethesetwo sub-steps.
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2.2 Computing normal displacements.

Oneof the advantage®of the ME methodis thatit does
notrequireary prior edgeextraction. We only manipulates
point coordinatesandimageintensities. Neverthelessfor
corveniencewe will still usethe word “contour” to refer
to the list of tracked points. The ME algorithm can be
implementedwith corvolution efficiengy, and canleadto
real-timecomputation3, 2]. We considera list L of pix-
elsalongthe contourof the projectionof the objectmodel
(modelfitting in the first imageis performedin a semi-
automaticmode). The processconsistsan searchingor the
“correspondentP/** inimagel’*! of eachpoint P} € L.
We determinea 1D searchinterval {Q, j € [-J, J]} in the
directiond of the normalto the contour(seeFigurel). For
eachpoint P} of thelist Lt, andfor eachentireposition@?
lying in the directiond* (for computationalssue,é* is the
closestdirectionto 4 in the set{0°,45°,90°,135°}), we
computea criterion correspondingo the squareroot of a
log-likelihoodratio ¢7. This ratio is nothingbut the abso-
lute sumof theconvolutionvalues computedat P} and@?,
usinga pre-determinednaskMs functionof the orientation
of thecontour

New position P/ + is givenby:

Qg* = argjerfl_a}c‘]] ¢? with ¢7 =| I,’i(Pi) * Ms +I'"!

v ¥ Ms |

providing that (7" is greaterthana threshold\. v(.) is the
neighborhoodof the consideredpixel. Then, pixel P;*!

givenby Qf is storedin L1,

Figure 1. Determiningpointpositionsin thenextim-
age usingthe ME algorithm

At this step,we have a list of k& pixels aswell astheir
displacemenitomponentorthogonalto the object model
contour: (P}, d});—1...k. Thisis performedfor eachnew
frame, it never requiresthe extraction of new contours.
Sinceit is alocal approachit is robustto partialocclusions

of theobjectandto missingmeasurements.



2.3 Affine transformation estimation.

Using (Pf,d;i)i=1.., we can estimatethe 2D affine
transformatior®’. Usingequation(3), we have:
di- =nid(P;) = n{ W(P,)e' @)

wheren; is a unit vector orthogonalto the object model

contourat point P;. Relying on (4), we canusea robust
estimator(a M-estimatorp) to obtain®’ asfollows[15]:

0 = arg min S p(dh - nfW(P)e) (5)

i=1

This robust statisticalapproachenablesnot to be affected
by locally incorrectmeasuregdueto shadavs, local miss-
matching,occlusionsegtc.)

3 Model-basedtracking

Knowing the positionsx’? of the projectionof the con-
toursof thetrackedobjectattime ¢t andtheestimation®’ of
the2D globalaffine motionparameterbetweent andt + 1,
we areableto computethe positionsof points X'*+1 attime
t+ 1

X = Wg(XY)

However, the 2D affine transformationcannotcompletely
accountfor the real transformationundegoneby the pro-
jection of the object(dueto perspectie effects,important
rotations,non shallav ervironment),and after a few iter-
ationstrackingmay fail. To alleviate this problemthe 2D
affine displacemenimodelwasfirst augmentedvith 2D lo-
caldeformationg7]. However, whenaddinglocal deforma-
tions, we cannotensure3D rigidity constraints.Moreover,
thiswashighly time consuming.Thereforewe preferto ex-
ploit aroughCAD polyhedraimodelof theobject.We have
to find the 3D rotationandthe 3D translation(i.e., pose®)
thatmapthe objectcoordinatesystemwith the cameraco-
ordinatesystem. Oncethe poseparametersare available,
we can easily determinevisible andinvisible facesof the
object,whichis of particularinterestfor tracking.

A numberof methodsto computeperspectie from N
pointshave beenproposedWe needto estimatehe poseof
theobjectwrt. thecamerdrom thepositionst't*! obtained
afterthe first stepof the algorithmdescribedn Section2.
We usethe methoddesignedoy Dementhorand Davis [5]
followed by Lowe’s method[14]. We thereforeget a first
estimateof the poseparameter®’, which hasto be still
updatedto correspondaswell as possibleto the real new
aspecbf the object. This further stepconsistdn fitting the
projectionof the objectmodelon theintensitygradientsn
theimage.Thisis achiezedusinganiterative minimization
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wrt. ® of a non-linearenegy function using ®4+. asini-
tialization. Poseparameter® aregivenby:

3= arg mq'ln E(®) (6)
wherethe enegy function E(®) is definedas:
B@ == [ IVLo@+Dlds )
@

wherel's representthevisible partof the3D objectmodel
contoursfor the pose®, andV I, (5) denotingthe spatial
gradienif theintensityfunctionatimagepointr (s) along
7o (l's) Whererg is the perspectie projectionfunction.

The enepgy term definedin equation(7) is the simplest
solutionto this fitting problem. However, we may exploit
otheravailableinformationthanthe normof theimagegra-
dient. Indeed whenprojectingthe objectmodelfor agiven
pose®, we are ableto computethe expecteddirection of
the projectedcontourata 2D sites = 7e(s). If we denote
n aunit vectorcorrespondingdo this expecteddirection,the
dot productVI..n shouldbe equalto zero. Expressiorof
theenegy functioncanthenbedefinedas:

/ | VI..n |
re IVL|?
wherewe only considerthe sitesg where||VI.|| > ¢. This
enegy expressiongives similar and even better results
within texturedervironment.

The projectionfunction 74 dependon the camerain-
trinsic parameterg. The minimizationof the enegy func-
tion (6) requiresthat the cameracalibrationis available.
Neverthelessa roughknowledgeof the camergparameters
is sufficient. If calibrationis wrong, the resultingestima-
tion of ® will beobviously biased put the projectionof the
CAD modelin theimage thatis of interesthere,is still cor-
rect. However, theseparametersouldalsobeestimatedor
at leastupdated)on-line. In that case,the function to be
minimizedcanberewritten asfollows:

(8.2) = arg min {£(2,7)}

E(®)

ds (8)

(9)

In the generalcase we have 11 parameterso estimate(if

we considettheradialdistortion).In practice we have only
performedexperimentdealingwith the on-line estimation
of theradialdistortion.

Discretization issue. Discretizationof I's canbeconsid-
eredin differentways. If we considerN, visible contours
to bediscretizednto N,, 2D sites¢ = NN, equation(7)
canberewrittenas:

e

Ne

1

Ne

1

~ 2 IVl

p p=1

E(®) = (10)



We have now to determinghe IV, x N, 2D sitesg. Thefirst
approactis to discretizeeachcontourinto N, sitess in the
3D spaceandthen,to projectthesesitesin theimageplane
(s = 75 (s)). s, is thuscomputedss:

6 =T <sg+ L (s —sg)> ,p=0...N: (11)
p

wheres§ ands$ arethetwo 3D extremitiesof the contour
e. A secondhpproacttanbeconsideredThediscretization
canbe performedafter the projectionof the extremitiesof

thevisible objectcontourin theimage.Indeed,asthe con-

sideredobjectsare polyhedral,the projectionof their con-

toursarealsosggmentsands; canbe computedas:

e

G = malsh) + = (ma(sf) —ma(s)), p=0... N

This discretizatiordoesnot includethedistortionterm, but
knowing K4, the correctpositionof the pointscanbe eas-
ily computed. Thesetwo approachesre similar in term
of compleity whendistortionis significant,but the second
oneavoids a discretizationstepin 3D. However, whenwe
do not considerradial distortion, the latter approachis in-
deedmoreefficient, sincewe performonly two projections
persegmentwhile theformerimplies N projections.Fur-
thermorethereexistsefficientalgorithmsto computeall the
pixels attachedo a given sggment(e.g., using Bresenham
algorithm).

Optimization algorithm. An important issue in this
problem is the optimization procedure. Indeed, equa-
tions (7) and (8) are non linear, andinvolve numeroudo-
cal minima. To solve this issuewe resortto an explicit
discretesearchalgorithm. GeneralizedHough transform
consistingin building a cumulative histogramin the pose
spacepresentswo main problemswhich arethe sizeof the
posespace(IR®) andthe presenceof false peaks. There-
fore,we have consideredrecursve searchalgorithm. The
methodis inspiredfrom an algorithm proposedfor a fast
block matchingalgorithm[11]. First, F(¢) is minimized
usinglargevariationstepsof theparameterswhenthecur-
rentminimumis found, the processs iteratedwith smaller
variationstepsaroundthis value. In practice theinitial so-
lution ®4+ is a properinitialization of this searchalgo-
rithm. Thereforewe canboundthe searchspace.It allows
thealgorithmto corvergevery quickly towardanappropri-
ateminimum.

4 Experimental results

Experimentsreportedhereafter mainly involve various
objects. Theseobjectshave beenchosersincethey canbe
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Figure 2. Objectofinterest: thenut, (a) approximate
CAD modelof thenut, (b) intensitygradientsin a typ-
ical image of the sequencg(c) normal displacement
vectos usedto computethe 2D affine motionmodel

consideredasquite representatie for the applicationsEDF
is interestedn. Indeed,disassemblyand monitoringtasks
areveryimportantin the nuclearpower plantcontext.

4.1 Nut tracking

Let uspoint out thatthe trackingof the nut silhouettein
the image mustdeal with low intensity contrast(asit can
be seenin theintensitygradientimageof Figure2.b), pres-
enceof castshadavs, mirror specularities,.. Moreover,
the nutis not exactly polyhedral sinceit presentso phys-
ically preciselydefinedridges. Cameracalibrationis not
preciselyknown. Despitethesedifficulties, the proposed
methodhave provenits efficiengy to trackthis objectalong
long imagesequencesAll theimageshave beenacquired
on our roboticstestbed(they have beenprocesseaff-line
for resultspresentedn Sectiond4.1and4.2,andon-linefor
visualserwing resultspresentedn Section4.4).

Figure 3. Nuttracking: (a) tracing with only 2D
motionestimation,(b) tracking with both 2D motion
estimationand 3D posecomputation

Figure 3 containsresultsof thetrackingof the nutalong
asequencef 44images Figure3.ashavstheresultsof the
trackingif we considemnly the 2D motionestimationstep.



Figure 4. Successfuhut tracking experimentsfea-
turing variousdifficulties(seetext for details)

In that case,tracking is performedat video rate (25Hz).
However, afterafew imagesthealgorithmis nolongerable
to track accuratelythe objectshape. The failure is mainly
dueto the factthata 2D affine motion modelcannotcom-
pletely accountfor the projectionof the 3D motion of the
object. Figure 3.b reportsthe resultsof the trackingusing
both 2D motion estimationand 3D posecomputation. In
thatcasetrackingis performedat 10 Hz ona PC400 Mhz
underLinux OS.

We have alsovalidatedthe performanceof the tracking
algorithmin the presenceof various difficulties. In the
experimentof Figure 4.a, a cameramotion is performed
aroundthe y axis'. A faceof the nut appearswhile an-
otherdisappears.In Figure 4.b, the main difficulty is the
veryimportantrotationaroundthe z axis. Furthermorethe

illumination conditionsarenotconstantilongthesequence.

In Figure4.c,thedifficultieslie in theocclusionsof thenut.
In Figure 7.d, the nut is tracked within a highly textured
ervironmentduring a visual senoing experiment(seesub-
sectiond.4).

4.2 Tracking a serial connector

We have evaluatedourtrackingalgorithmonastill more
comple object. In the experimentsreportedin Figure 5,
we considera serialport connectomplacedon a newspaper
forming a “cluttered” background.We only built a rough

1 axisfollows the optical axis, while  axisis parallelto the image
rowsand axisis parallelto imagecolumns.
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Figure 6. Boxtradking: Distortionis veryimportant
dueto theuseof a 3.5mmlens

approximatenodel.Here,we have alsoto dealwith low in-

tensitygradientimages specularitiesandno preciselyde-
fined contours.The serialconnectoiis successfullytracked
overa 170framesimagesequenceThe camergerformsa
large displacemenarroundthe object. A faceof the object
appearswhile anotherdisappears.Tracking is performed
at 3 Hz (this lower processingateis mainly dueto a the
modelof the objectcomprisingmore contoursandleading
to ahighernumberof sitess in the evaluationof theenegy

function).

4.3 On-line estimation of radial distortion

We have alsotried to estimateon-linetheradiallensdis-
tortion. We have considereda simple object (a box) and
a camerawith animportantdistortion(in that casethe fo-
cal lens of the camerawas 3.5mm) with initial value set
to O (seeFigure6). We estimateon-line the distortion. It
decreasetowardthe true valuewhenthe objectprojection
movestowardtheimageborder(sincea betterestimationof
this parameters thenrequired).In thatcasethetrackingis
performedat 1 Hz.

4.4 Visual senvoing experiments

Image-basedlisualsernoing consistsn specifyingatask
astheregulationin theimageof a setof visual features
thathave to matchadesiredvalue  [9].

We have conductedxperimentdealingwith a position-
ing taskwrt. the nut. In thatcase visual featuresarethe z
andy coordinate®f six pointsof the upperfaceof the nut.
The completeimplementationof the visual serwing task,
including trackingand control, hasbeencarriedout on an
experimentaltestbednvolving a CCD cameramountedon
the end effector of a six d.o.f cartesiarrobot. Trackingis
performedat 3Hz on a SunUltra-Sparcl (170Mhz).

Figure 7a containssomeof the imagesdeliveredby the
cameraduring the positioningtask. The currentpolygo-



Figure 5. Tracking a connectomn a newspapetbadground

Figure 7. Positioningon the nut by visual servoing:
(a) images 15, 50 and 95, (b) tempoal variation of
the positionof the control pointsin theimage, (c) er-
ror betweercurrentand desied positionsof the con-
trol pointsconsideedin the specificatiorof thetask,
(d) anothertracking experimeniith a highlytextured
ervironment

nal objectmodelcontoursdepictingthetrackingof the nut
projectionin theimage,andthe desiredfinal onearedrawn
overtheimage. Figure 7b shows the apparentrajectoryin
theimageplaneof points  duringthe achiezementof the
task.Figure7.cpresentshetemporalevolution of theerror
( ). This demonstratethe stability andthe corver
genceof thecontrollaw. Theerroroneachcoordinateof the
six pointsspecifyingthe taskcorvergesto zero. The noise

in theplotsaremainly dueto thefactthatimageprocessing

is performedonly at3 Hz.

Robustness. To prove the robustnessof our algorithm
we put the nut on a highly textured ervironment(seeFig-
ure 7.d). As in the previous experiments,our tracking al-
gorithm coupledwith the visual sernoing schemecorrectly
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achiesedthe positioningtaskwrt. the object. Otherexperi-

mentshave beencarriedoutusingamicro-manipulatiorde-

vice asobjectof interest(seeFigure8). Multiple occlusions
by varioustools have beenimposedduring the positioning
task.

Accuracy. As the applicationof this positioningtaskis

grasping,repeatabilityis very important. The final posi-

tion of the objectin the image must be accurateenough
and,in orderto achieve the graspingtask,thefinal 3D po-

sition of the robot end-efector hasalso to be consistent.
The accuray (standarddeviation) of positioningtaskwrt.

the nutwascomputedrom 40 experimentsusingtherobot
odometry(whichis very precise).We obtainanaccurag of

lessthat 0. mmin translatiorand 0.1 de in rotation,
while the objectis locatedat 40 from the camera.The
mearerror| | islessthan0. pixelswith astandard
deviation of 0.3 pixels.

4.5 Initialization of the tracking in the first image

In the currentversionof the systemdescribedn this pa-
per, initialization of thetrackingin the very first imageof
thesequencés performedpartly manually This meanghat
the userhasto click at leastfour pointson boththe initial
imageandthe CAD modelof theobject. A completelyauto-
matic objectlocalizationprocedurecould be implemented,
but this is outsidethe trackingissueconsideredn this pa-
per. Let usfinally notethat, if theuserclicks aminimum of
six points,a full cameracalibrationcanbe performed.The
obtainedintrinsic parameterganbe usedafterwardsin the
posecomputatioralgorithm.

5 Conclusion

We have presentedn original methodfor trackingcom-
plex objectsin animagesequencat a high processingate
(but notyetexactlyvideorate). Thetrackingis basednthe
estimation betweerntwo successie images,of a 2D global
affinetransformatiorandthecomputatiorof theobjectpose



Figure 8. Positioningwrt. a micro-manipulationdevice (initial, middleandfinal position),desiled positionappeas

in darklines.

formulatedasanenegy minimizationprocess.To perform
this last step,an approximatepolyhedralmodel of the ob-
jectis sufficient. Appearanceinddisappearancef hidden
facesof the objectcanbe straightforvardly handled.Both
stepsof the tracking algorithmare robust to partial occlu-
sions. The direct extensionto non polyhedralobjectcan
be consideredprovided a 3D descriptionof the objectis
available. This tracking algorithm allows us to carry out
avisualsenoingtaskof positioningwith respecto realob-
jects(withoutary landmarks)n comple situations.Visual
senwing is not the only applicationof this original andef-
ficienttrackingmethod.Indeed,if we areableto achieve a
2D tracking,we canalsorecoverapreciseestimationof the
positionof the camerawrt. the objectif the camerais well
calibratedandthenwe canalsoperformareal3D tracking.
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