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Abstract

AugmentedReality has now progressedto the point
where real-time applications are being considered and
needed.At thesametime it is importantthat syntheticele-
mentsare renderedandalignedin thescenein anaccurate
andvisually acceptableway. In order to addresstheseis-
suesa real-time, robustandef�cient 3D model-basedtrack-
ing algorithmis proposedfor a ' videoseethrough' monoc-
ular vision system. The tracking of objectsin the scene
amountsto calculating the posebetweenthe camera and
the objects. Virtual objectscan thenbe projectedinto the
sceneusingthepose. Here, non-linearposecomputationis
formulatedbymeansof a virtual visualservoingapproach.
In this context, thederivationof point-to-curvesinteraction
matricesaregivenfor differentfeaturesincludinglines,cir-
cles,cylindersandspheres.A local movingedgestracker is
usedin order to providereal-timetrackingof pointsnormal
to theobjectcontours. A methodis proposedfor combining
local position uncertaintyand global poseuncertaintyin
an ef�cient and accurate way by propagating uncertainty.
Robustnessis obtainedby integrating a M-estimatorinto
the visual control law via an iteratively re-weightedleast
squaresimplementation.Themethodpresentedin this pa-
perhasbeenvalidatedonseveral complex imagesequences
including outdoorenvironments.Resultsshowthe method
to berobustto occlusion,changesin illuminationandmiss-
tracking.

1. Intr oduction

This paperaddressesthe problem of markerlessreal-
time augmentedreality (AR). Many differenttypesof sen-
sorshave beenusedto achieve this including : GPS,gy-
roscopes,cameras,hybridvision,accelerometersandmany
morewhich have beensummarizedin [1, 2]. Althoughthe
implementationoresentedhereis not restrictedto a partic-
ulardisplaytechnology, theproblemis restrictedto theuse
of a monocularvision sensor:a camera. This studywill
focuson theregistrationtechniquesthatallow alignmentof

real andvirtual worlds usingimagesacquiredin real-time
by a moving camera.In suchsystemsAR is mainly a pose
(or viewpoint) computationissue. In this papera marker-
lessmodel-basedalgorithmis usedfor the trackingof 3D
objectsin monocularimagesequences.The main advan-
tageof a modelbasedmethodis that theknowledgeabout
thescene(theimplicit 3D information)allowsimprovement
of robustnessandperformanceby beingableto predicthid-
denmovementof theobjectandactsto reducetheeffectsof
outlierdataintroducedin thetrackingprocess.

Real-time 3D tracking. The most common geometric
featuresusedin posecomputationwhich are suitablefor
AR applicationsinclude indoor �ducial/marker based[3,
19, 25, 32, 33] andoutdoor�ducial/marker based[26], the
latter shows how the sizeof the marker contributesto ro-
bustnessand easeof use. In the relatedcomputervision
literaturegeometricprimitives consideredfor the estima-
tion areoftenpoints[13, 7], segments[9], lines [20], con-
toursor pointson thecontours[21, 24, 10], conics[28, 6],
cylindrical objects[8] or a combinationof thesedifferent
features[25]. Another important issueis the registration
problem.Purelygeometric(eg, [9]), or numericalanditer-
ative[7] approachesmaybeconsidered.Linearapproaches
usea least-squaresmethodto estimatethepose.Full-scale
non-linearoptimizationtechniques(e.g., [21, 23, 10]) con-
sistsof minimizing the error betweenthe observation and
theforward-projectionof themodel.In thiscase,minimiza-
tion is handledusingnumericaliterativealgorithmssuchas
Newton-Raphsonor Levenberg-Marquardt. The main ad-
vantageof theseapproachesare their accuracy. The main
drawbackis that they maybe subjectto local minimaand,
worse,divergence. It is important to note that other ap-
proachesto on-line augmentedreality do not rely on pose
estimationbut onrelativecameramotion[5], planarhomog-
raphyestimation[30] or optical�o w basedtechniques[26].
Thesemethodshave beenshown to work in real-timeand
in outdoorenvironments,however, they arerestrictedto pla-
narsurfaceswhichmaybeproblematicin complex environ-
ments.
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Statistically robust tracking. To handle occlusion,
changesin illuminationandmiss-trackinga statisticallyro-
bust estimationof the posehasto be considered. In re-
lated computervision and statisticsliterature many dif-
ferent approachesexist to treat external sourcesof error.
Amongstthe robust outlier rejectionalgorithms,methods
in computervisionhaveincludedtheHoughTransformand
RANSAC [12]. Theseapproachestreatsthestandarddevi-
ationof theinlier data(scale)asa constantto betuned.On
theotherhandthestatisticalmethodssuchasLeastMedian
Square(LMedS) and M-estimators[16] have beendevel-
opedwhich treatscaleassomethingto be estimated.Up
to presentmostapproachesfocusonly on a singlegeomet-
ric error functionandrejectany outliers which do not cor-
respondto this de�nition. The readeris referredto [31]
for a review of differentrobust techniquesappliedto com-
puter vision. Statistically robust posecomputationalgo-
rithm, suitablefor real-timeAR techniques,havebeencon-
sidered. Most of theseapproachesare relateddirectly to
computervision literature[12, 13, 22, 20].

Outline of the paper and contributions In this paper,
posecomputationis formulatedin termsof a full scalenon-
linearoptimization:Virtual VisualServoing (VVS). In this
way the AR posecomputationproblem is consideredas
similar to 2D visual servoing asproposedin [32, 25]. 2D
visualservoing or image-basedcameracontrol[17, 11, 14]
allows controlof a eye-in-handcamerawrt. to its environ-
ment.Morepreciselyit consistsin specifyingatask(mainly
positioningor targettrackingtasks)astheregulationin the
imageof a setof visual features.A setof constraintsare
de�ned in the imagespace.A closed-loopcontrol law that
minimizesthe error betweenthe currentanddesiredposi-
tion of thesevisual featurescanthenbe built which deter-
minesautomaticallythe motion the camerahasto realize.
Thispapertakesthisframeworkandbuildsanimagefeature
basedsystemwhichis capableof treatingcomplex scenesin
real-timewithout the needfor markers. Contributionscan
beexhibitedat threedifferentlevels:

� thederivationof theJacobianfor complex visual fea-
tures including ellipses, cylinders, points, distances
andany combinationof theseis easilyobtained.Deter-
mininganaccurateapproximationof theJacobian,also
calledinteractionmatrix, is essentialto obtainthecon-
vergenceof thevisualservoing. In this paper, a com-
plete derivation of interactionmatricesfor distances
to lines, ellipsesand cylinders are given. A general
framework for derivationis obtainedby takingadvan-
tageof the duality of visual servoing methodologies.
Furthermore,computationalef�ciencies are obtained
by 'stacking' Jacobiansandusinga constantinterac-
tion matrix.

� thewidely acceptedstatisticaltechniquesof robustM-
estimation[16] areemployed. This is introduceddi-
rectly in the virtual visual servoing control law by
weightingthecon�denceoneachfeature.TheMedian
AbsoluteDeviation (MAD) is usedasan estimateof
thestandarddeviationof theinlier data.

� this formulation for trackingobjectsis dependenton
correspondencesbetweenlocal featuresin the image
andthe objectmodel. In an imagestreamthesecor-
respondencesare given by the local tracking of fea-
tures in the image. In this paperlow level tracking
of thecontoursis implementedvia theMoving Edges
algorithm [4]. A local approachsuchas this is ide-
ally suited to real-time tracking due to an ef�cient
1D searchnormal to a contour in the image. In a
'realworld' scenariosomefeaturesmaybeincorrectly
tracked,dueto occlusion,changesin illumination and
miss-tracking.Sincemany point-to-curve correspon-
dencesaremade,themethodgivenherehasmany re-
dundantfeatureswhich favorstheuseof robuststatis-
tics. Furthermorea methodis proposedfor propagat-
ing uncertaintyfrom thelocaledgefeaturesto aglobal
posedeterminationalgorithmwhich meansthatno ar-
bitrary predeterminededgedetectionthresholdis nec-
essary.

It shouldbe notedthat DrummondandCipolla [10] have
recentlyproposedasimilarapproachto robustcomplex ob-
ject tracking. Even thoughthe formulation basedon Lie
Algebra is very different, it is also a full scalenon-linear
posecomputation. It is also basedon a 1D searchalong
the edgenormal in subsequentframes,aswell asa robust
M-estimation,however, only polyhedralobjectswerecon-
sidered. The analyticalform of the featureJacobianwas
notdetermined,edgedetectionthresholdswereneededand
theorientationof theedgeswerenot considered.Thelatter
degradesthe performanceof the systemin termsof accu-
racy of initial measuresandsubsequentcomputationalef�-
ciency.

In the remainderof this paper, Section2.1 presentsthe
principleof theapproach.In Section2.2 thedetailsof the
robust visual servoing control law areshown anda stabil-
ity analysisis presented.In Section2.3 thecomputationof
thecon�dencein thelocal featuresextractionis introduced.
Section3 dealswith the chosenvisual featuresconsidered
in thetrackingprocess.Firstly theanalyticalformulationof
theinteractionmatricesfor variousfeaturesarederivedand
then the algorithmusedfor tracking local featuresis pre-
sented.In Section4, severalexperimentalresultsincluding
visualservoingexperimentsaredemonstrated.
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2. Robust virtual visual servoing

2.1. Overview and motivations

As alreadystated,the fundamentalprincipleof thepro-
posedapproachis to de�ne theposecomputationproblem
asthedualproblemof 2D visualservoing[11, 17]. In visual
servoing, thegoal is to move a camerain orderto observe
anobjectat a givenpositionin theimage.This is achieved
by minimizing theerrorbetweena desiredstateof the im-
agefeaturess� andthecurrentstates. If thevectorof visual
featuresis well chosen,thereis onlyone�nal positionof the
camerathatallowsthisminimizationto beachieved.An ex-
planationwill now begivenasto why theposecomputation
problemis verysimilar.

To illustratetheprinciple,considerthecaseof anobject
with various3D featuresP (for instance,oP are the 3D
coordinatesof thesefeaturesin the object frame). A vir-
tual camerais de�ned whoseposition in the object frame
is de�ned by r . The approachconsistsin estimatingthe
realposeby minimizing theerror � betweentheobserved
datas� (usuallythepositionof a setof featuresin the im-
age)andthe positions of the samefeaturescomputedby
forward-projectionaccordingto thecurrentpose:

� =
�
s(r ) � s� �

=
�
pr � (r ;o P) � s� �

; (1)

wherepr � (r ;o P) is the projectionmodelaccordingto the
intrinsic parameters� and cameraposer . It is supposed
herethat intrinsic parameters� areavailablebut it is possi-
ble, usingthesameapproachto alsoestimatetheseparam-
eters.

In this formulationof the problem,a virtual camerais
moved(initially at r i ) usingavisualservoingcontrollaw in
orderto minimizethis error � . At convergence,thevirtual
camerareachesthepositionr d which minimizesthis error
(r d will betherealcamerapose).

Consideringthat s� is computed(from the image)with
suf�cient precision is an important assumption. In vi-
sualservoing, thecontrol law thatperformstheminimiza-
tion of � is usually handledusing a least squaresap-
proach[11][17]. However, whenoutliersarepresentin the
measures,arobustestimationis required.M-estimatorscan
be consideredasa moregeneralform of maximumlikeli-
hoodestimators[16]. They aremoregeneralbecausethey
permit theuseof differentminimizationfunctionsnot nec-
essarilycorrespondingto normallydistributeddata. Many
functionshave beenproposedin the literaturewhich allow
uncertainmeasuresto belesslikely consideredandin some
casescompletelyrejected. In other words, the objective
functionismodi�ed to reducethesensitivity tooutliers.The
robustoptimizationproblemis thengivenby:

� R = �
�

s(r ) � s�
�

; (2)

where � (u) is a robust function [16] that grows sub-
quadraticallyandis monotonicallynondecreasingwith in-
creasingjuj. Iteratively Re-weightedLeastSquares(IRLS)
is a commonmethodof applyingthe M-estimator. It con-
vertstheM-estimationprobleminto anequivalentweighted
least-squaresproblem.

To embedrobust minimization into visual servoing, a
modi�cation of thecontrol law is requiredto allow outlier
rejection.

2.2. Robust Control Law

The objective of the control schemeis to minimize the
objectivefunctiongivenin equation(2). Thisnew objective
is incorporatedinto thecontrol law in theform of a weight
which is givento specifya con�dencein eachfeatureloca-
tion. Thus,thetaskfunctionto beregulatedto 0 is de�ned
as:

e = CD (s(r ) � s� ); (3)

� wherematrix C is a combinationmatrix of sizem � k
wherek is the numberof featuresand m the numberof
controlledrobot degreesof freedom(6 to reacha unique
desiredposition).thismatrixallowsto considermorevisual
featuresthanthenumberof controlledd.o.f.

� D is a diagonalweightingmatrix givenby

D =

0

B
@

w1 0
...

0 wk

1

C
A

Thecomputationof weightswi is describedin Section2.3.

If C and D were constant,the derivative of equation3)
wouldbegivenby:

_e =
@e
@s

@s
@r

dr
dt

= CDL sv; (4)

v is the cameravelocity screw andL s is calledthe image
Jacobian[17] or interactionmatrix [11] relatedto s. This
matrix dependson the value of the imagefeaturess and
theircorrespondingdepthZ in thescene(whichis available
here). If an exponentialdecreaseof the taskfunction e is
speci�ed:

_e = � � e; (5)

where� is a positive scalar, the following control law is
obtainedfrom equation(4):

v = � � (C bD cL s)� 1e; (6)

wherecL s is a modelor an approximationof the real ma-
trix L s and bD achosenmodelfor D .
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To simplify the control law, C canbe chosento be the
pseudoinverse( bD cL s)+ of bD cL s . This gives C bD cL s =
( bD cL s)+ bD cL s = I m , which �nally leadsto:

v = � � ( bD cL s)+ D
�
s(r ) � s� �

; (7)

If bD andcL s wereconstant,asuf�cient criteriato ensure
global asymptoticstability of the systemwould be given
by [29]:

( bD cL s)+ DL s > 0 (8)

As usual,in image-basedvisualservoing,it is impossibleto
demonstratetheglobalstability. It is, however, possibleto
obtainthelocal stability for two casesof cL s and bD :

� the�rst caseis to usethecurrentvalueof theweights,
anestimateof thedepthat eachiterationandthecur-
rentfeature:

( bD cL s)+ =
�
DL s(s; Ẑ )

� +
(9)

This choiceallows thesystemto follow, ascloselyas
possible,theintendedbehavior ( _e = � � e). However,
evenwhencondition(8) is satis�ed,only localstability
canbedemonstratedsinceD andL s arenot constant
(referto (4) thathasbeenusedto derive(8)).

� In the secondcasea constantJacobianis considered
usingthe initial depthZ i , the initial valueof the fea-
tures si and the �rst value of the weighting matrix
bD = I m .

( bD cL s)+ =
�
L s(si ; Z i )

� +
; (10)

Thischoiceleadsto a simplercontrollaw:

v = � � cL s
+

e = � � L s(si ; Z i )+ D
�
s � s� �

(11)

anda simplerconvergencecriteria:

L s(si ; Z i )+ DL s > 0: (12)

Notealsothat,even if themodel(10) is constant,the
evolution of the weightsduring the realizationof the
control law is taken into accountthrough the com-
putationof e, as in (11). Furthermore,the weights
w i (0) couldbecomputedinsteadof choosingthemto
be equalto 1, however, theseinitial weightsmay be
equallyincorrect. Onceagain,only the local stability
of thesystemcanbedemonstratedsinceequation(12)
is only satis�ed aroundsi . In the resultspresentedin
section4, wehaveusedthissecondsolution.

Of courseit isalsonecessaryto ensurethatasuf�cient num-
berof featureswill notberejectedsothatDL s is alwaysof
full rank(6 to estimatethepose).

It hasbeenshown thatonly localstabilitycanbedemon-
strated. This meansthat the convergencemay not be ob-
tainedif theerrors � s� is too large. However,in tracking
applicationss andr areobtainedfrom thepreviousimage,
thusthemotionbetweentwo successive imagesacquiredat
video rate is suf�ciently small to ensurethe convergence.
In practiceit hasbeenobservedthattheconvergenceis ob-
tained, in general,when the cameradisplacementhasan
orientationerror lessthat30o on eachaxis. Thus,potential
problemsonly appearfor thevery �rst imagewheretheini-
tial valuefor r maybetoo coarse.In thecurrentalgorithm
theinitialization is donemanually.

2.3. Computing con�dence

The weightswi , which representthe differentelements
of theD matrix andre�ect thecon�denceof eachfeature,
areusuallygivenby [16]:

wi =
 (� i =� )

� i =�
; (13)

where 
�

� i =�
�

=
@�

�
� i =�

�

@r ( is the in�uence function)

and � i is the normalizedresiduegiven by � i = � i �
M ed(�) (whereM ed(�) is themedianoperator).

Of the various loss and correspondingin�uence func-
tionsthatexist in the literatureTukey's hardre-descending
functionis considered.Tukey's functioncompletelyrejects
outliersandgives thema zeroweight. This is of interest
in trackingapplicationssothata detectedoutlier hasnoef-
fect on thevirtual cameramotion. This in�uence function
is givenby:

 (u) =
�

u(C2 � u2)2 ; if juj � C
0 ; else;

(14)

where the proportionality factor for Tukey's function is
C = 4:6851andrepresents95% ef�ciency in the caseof
GaussianNoise.

In order to obtain a robust objective function, a value
describingthe certaintyof the measuresis required. The
scale� is thestandarddeviation of theinlier dataandis an
importantvalue for the ef�ciency of the method. In non-
linearregressionfor posecomputation,this estimateof the
scalecanvarydramaticallyduringconvergence.Scalemay
bemanuallychosenasatuningvariableormaybeestimated
online. One robust statisticusedto estimatescaleis the
MedianAbsoluteDeviation (MAD), givenby:

b� =
1

� � 1(0:75)
M edi (j� i � M edj (� j )j): (15)

where�() is the cumulative normal distribution function
and 1

� � 1 (0 :75) = 1:48 representsone standarddeviation
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of the normal distribution. To date,a convergenceproof
for non-linearregressionusing the MAD only exists if it
is calculatedonceasan ancillaryscaleestimatedueto the
median's lack of asymptoticproperties[15]. However, al-
thoughconvergencehasyet to beproved,experimentalre-
sultsshow thatrecomputingtheMAD ateachiterationgives
betterresults(seeSection4).

3. Visual features

3.1. Interaction matrices

Any kind of geometrical feature can be considered
within theproposedcontrol law assoonasit is possibleto
computeits correspondinginteractionmatrix L s. In [11], a
generalframework to computeL s is proposed.Indeedit is
possibleto computetheposefrom a largesetof imagein-
formation(points,lines,circles,quadratics,distances,etc...)
within thesameframework. It isalsoeasytoshow thatcom-
biningdifferentfeaturescanbeachievedby addingfeatures
to vectors andby “stacking” thecorrespondinginteraction
matrices.Furthermoreif thenumberor thenatureof visual
featuresis modi�ed overtime,theinteractionmatrixL s and
thevectorerrors is easilymodi�ed consequently. In [25],
classicalgeometricalfeatures(point,straightline,circleand
cylinder)havebeenconsidered.

In this paper, a new distancefeature`s' is considered
asa setof distancesbetweenlocal point featuresobtained
fromafastimageprocessingstepandthecontoursof amore
globalCAD model. In this casethedesiredfeature' s� ' is
consideredzero.Theassumptionis madethatthecontours
of theobjectin theimagecanbedescribedaspiecewiselin-
earsegmentsor portionsof ellipses.All distancesarethen
treatedaccordingto their correspondingsegmentor ellipse.

Caseof a distanceto a line. Thederivationof theinterac-
tion matrix that links thevariationof thedistancebetween
a �x ed point anda moving line to the virtual cameramo-
tion is now given. In Figure1 p is thetrackedpoint feature
positionandl(r ) is thecurrentline featureposition.

Thepositionof theline is givenby its polarcoordinates
representation,

x cos� + y sin � = �; 8(x; y) 2 l (r ); (16)

Thedistancebetweenpoint p andline l(r ) canbe charac-
terizedby thedistanced? perpendicularto theline. In other
wordsthedistanceparallelto thesegmentdoesnotholdany
usefulinformationunlessa correspondenceexistsbetween
a point on the line andp (which is not thecase).Thusthe
distancefeaturefrom a line is givenby:

dl = d? (p; l (r )) = � (l (r )) � � d; (17)

��� �

�

�

�

�

�

�	�


��


������

Figure 1. Distance of a point to a line

where
� d = xd cos� + ydsin� ; (18)

with xd andyd beingthe coordinatesof the trackedpoint.
Thus,

_dl = _� � _� d = _� + � _� ; (19)

where� = xd sin � � yd cos� . Deductionfrom (19) gives
L dl = L � + � L � . Theinteractionmatrixrelatedto dl canbe
thusderivedfrom theinteractionmatrix relatedto astraight
line givenby (see[11] for its completederivation):

L � =
�

� � cos� � � sin� � � � � � cos� � � sin � � 1
�

L � =
�

� � cos� � � sin� � � � � (1+� 2) sin� � (1+� 2) cos� 0
�

(20)
where� � = (A2 sin � � B2 cos� )=D2, � � = (A2� cos� +
B2� sin � + C2)=D2, andA2X + B2Y + C2Z + D2 = 0
is theequationof a3D planewhich theline belongsto.

From(19)and(20) thefollowing is obtained:

L dl =

0

B
B
B
B
B
B
@

� dl cos�
� dl sin �
� � dl �

(1 + � 2) sin � � �� cos�
� (1 + � 2) cos� � �� sin �

� �

1

C
C
C
C
C
C
A

T

; (21)

where� dl = � � + �� � .
Let it benotedthatthecaseof adistancebetweenapoint

andtheprojectionof a cylinder is very similar to this case
andwill beleft to thereader.

Case of a distance to an ellipse. Here the derivation
of the interactionmatrix is given which relatesthe dis-
tancebetweena �x ed point p and an ellipse that results
from the projection in the imageplane of a moving cir-
cle or a moving sphere.If the ellipseis parameterizedby
its centerof gravity andby the momentsof order 2 (that

40



is (xg; yg; � 02; � 20; � 11)), the distancede betweena point
p(x; y) andanellipseis de�ned by theellipseequation:

de = � 02x2 + � 20y2 � 2� 11xy + 2(� 11yg � � 02xg)x
+2( � 11xg � � 20yg)y + � 02x2

g + � 20y2
g

� 2� 11xgyg + � 2
11 � � 20 � 02

(22)
Thevariationthedistancedueto thevariationof theellipse
parametersarethusgivenby:

_de =

0

B
B
B
B
@

2(� 11(y � yg) + � 02(xg � x))
2(� 20(yg � y) + � 11(x � xg))
((y � yg)2 � � 02)
2(yg(x + xg) + xgy + � 11)
((x � xg)2 � � 20)

1

C
C
C
C
A

T

| {z }
L d e

0

B
B
B
B
@

_xg

_yg

_� 20

_� 11

_� 02

1

C
C
C
C
A

= L de L c v (23)

whereL c is the interactionmatrix relatedto anellipseand
is givenin [11].

3.2. Tracking visual features

When dealingwith imageprocessing,the normal dis-
placementsareevaluatedalongtheprojectionof theobject
modelcontoursusingthespatio-temporalMovingEdgesal-
gorithm(ME) [4]. Oneof theadvantagesof theME method
is that it doesnot requireany prior edgeextraction. Only
point coordinatesand image intensitiesare manipulated.
For convenience,theword “contour” is usedto referto the
list of tracked points. The ME algorithm can be imple-
mentedwith convolution ef�ciency, andleadsto real-time
computation[4, 24]. Theprocessconsistsin searchingfor
the“correspondent”pt +1 in imageI t +1 of eachpointpt . A
1D searchinterval f Qj ; j 2 [� J; J ]g is determinedin the
direction� of thenormalto thecontour(seeFigure2). For
eachpoint pt andfor eachentirepositionQj lying in the
direction� a criterion correspondingto the squareroot of
a log-likelihoodratio � j is computed.This ratio is nothing
but the absolutesumof the convolution values,computed
at pt andQj , usinga pre-determinedmaskM � functionof
theorientationof thecontour. This improvesaccuracy and
subsequentef�ciency of thetrackingby only �nding edges
with thesameorientationandnotall edgesin thepath.

Thenew positionpt +1 is givenby:

Qj �
= arg max

j 2 [� J ;J ]
� j with � j = j I t

� (pt ) � M � + I t +1
� (Q j ) � M � j

� (:) is the neighborhoodof the consideredpixel. At this
step,a list of k pixelsexistsfrom which distancesdl or sde

to their corresponding3D modelfeatureprojectioncanbe
computed.This is performedfor eachnew frameandnever
requirestheextractionof new contours.

(a) (b)

Qj +1

Qj + n

Qj

� �

�
pt

l (r )t l (r )t

pt

pt+1

100    100    100

0        0        0

100    100      0

(d)

(c)

 100      0    -100

-100 -100   -100

0       -100 -100

Figure 2. Determining points position in the
next image using the ME algorithm: (a) calcu­
lating the normal at sample points, (b) sam­
pling along the normal (c­d) 2 out of 180 3x3
predetermined masks (in practice 7x7 masks
are used) (c) 180o (d) 45o.

3.3. Uncertainty Propagation

The local ME methoddescribedin Section3.2 deter-
minespointsalongthe normalof a contourusinga maxi-
mum likelihoodapproach.The decisionas to whetheror
not a spatio-temporaledgeexists is madeby thresholding
thelocal likelihoodvalue. � j � is chosento beanedgepro-
viding thatit is greaterthana threshold� . This thresholdis
usuallychosenmanuallyandit dependsonboththecontrast
of thecontoursin theimageaswell asthesizeof themask
beingapplied.A methodis presentedhereto propagatethe
local likelihoodof thepointsto theglobal likelihoodof the
pose. Assumingthat the local measureof uncertainty� j �

is independentof theglobalmeasureof uncertaintywi , the
weightsarethusgivenby:

wpi = wi � � j � ; (24)

wherewpi is thepropagatedweight.Matrix D is thengiven
by

D =

0

B
@

wp1 0
...

0 wpn

1

C
A

This hastheeffectof giving themostcertaintyto strong
contoursin termsof thelocal likelihoodandamongstthose
correspondencesthe M-estimator converges upon those
which conform globally to the 3D shapeof the object.
Effectively the robust estimatorchooseswhich correspon-
dencesshouldbe consideredinsteadof a manuallychosen
threshold.This is advantageouswhendifferentscenesare
consideredalongwith differentsizemasks.
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4. Experimental results

In the four experimentspresented,“real”imagesareac-
quiredusinga commercialdigital camera. In suchexper-
iments,the imageprocessingis potentiallyvery complex.
Indeedextractingandtrackingreliablepointsin real envi-
ronmentis a non trivial issue. The useof more complex
featuressuchasthedistanceto theprojectionof 3D circles,
lines,andcylindersis demonstrated.In all experiments,the
distancesarecomputedusingtheMoving Edgesalgorithm
previously described.Trackingis alwaysperformedat be-
low framerate.

Tracking in an indoor envir onment. In the �rst experi-
menttheresultof thetrackingof four 3D circlesis shown.
This longsequence(morethan2000images)containsmul-
tiple occlusionsof someof thesecircles. Althoughthe im-
agesarequitesimplein thisexperiment,if norobustestima-
tion is consideredtrackingfails aftera few imagesbecause
theminimizationprocesshasto dealwith miss-trackingand
problemsdueto occlusion.

Figure 3. Tracking 3D cir cles. Four cir cles
are tracked along a 2000 images sequence .
This sequence features multiple occ lusions
of some of these cir cles.

In thesecondexperimentanobjectwhosemodelis com-
posedof acylinder, acircleandtwo straightlinesis consid-
ered(SeeFigure4). This illustratesthecapabilitiesof our
algorithmto considervariousfeatureswithin thesamemin-
imization process.This long sequencefeaturesnumerous
occlusions.

Tracking in an outdoor envir onment In thethird exper-
iment(seeFigure5), anoutdoorsceneis considered.Here,
distanceto the projectionof a cylinder andto two straight
linesareusedto computethepose.Despitevery noisy im-
ages(wind in the trees,multiple occlusions,etc.) track-
ing is achievedalonga 1400imagesequence.The images
displaythe tracked lines andcylinder limbs aswell as3D
informationinsertedafter the posecomputation(the refer-
enceframeandtheprojectionof thecylinder andlines (in
blue)). In Figure6 this approachwasappliedto a real-time
augmentedreality application.Theseimagesareextracted
from thesequenceaftertheinsertionof virtual objects.Due
to both the introductionof therobustestimationandto the

Figure 4. Tracking considering a cir cle, a
cylinder and two straight lines and the result­
ing AR sequence .

high redundancy of visual features,visualalignmentis sat-
isfactoryto thehumaneye.

An augmented reality application for system mainte-
nance In thisexampleascenarioisgivenfor guidedmain-
tenanceof anairconditioningsystem.Many lineswith dif-
ferentcontrastsalongwith two circlesareconsideredin the
posecomputation.Largeimagesof size768x576pixelsare
usedin the trackingandreal-timeperformanceis still ob-
tainedThescenariodealswith heavy occlusionsandtheef-
fectsof video interlacing. In the imagesdisplayedin Fig-
ure8a,reddotscorrespondto inlier data,white dotscorre-
spondto datarejectedby theME algorithmandgreendots
correspondto the outliers rejectedby M-estimation. For-
wardprojectionof themodelappearsin blue.OnFigure8c,
onecanseethat most of the dots on the right part of the
objectarecorrectlydetectedasoutliers. Despitethis large
occlusiontrackingis correctlyhandled.Theimagesin Fig-
ure8bdisplaytheresultsof asimpleAR scenario.

Tracking in a 3D visual servoing experiment. A posi-
tioningtaskusingaCCDcameramountedontheendeffec-
tor of asix d.o.frobothasbeenconsidered.Thisapplication
requiresboth a fastandreliabletrackingalgorithm. From
aninitial position,therobothasto reacha desiredposition
expressedasa desiredpositionof the object in the image
(depictedin blue in the images).The objectof interestin
thisexperimentwasamicro-controllerdevice. To provethe
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Figure 5. Tracking in an outdoor envir on­
ment. Despite multiple occ lusions and dis­
turbances, tracking is still very reliab le and
handled in real­time .

Figure 6. Tracking considering a cylinder and
two straight lines with application to aug­
mented reality .

robustnessof thealgorithm,themicro-controllerwasplaced
in ahighly texturedenvironmentasshown in Fig. 7. Track-
ing andpositioningtaskswerecorrectlyachieved. Images
wereacquiredandprocessedatvideorate(25Hz).Multiple
temporaryand partial occlusionsby an handand various
toolsaswell asmodi�cation of thelighting conditionswere
imposedduringtherealizationof thepositioningtask.

5. Conclusionand Future Perspectives

This paperhaspresentedan accurateandef�cient real-
timeAR algorithmthatis robustto many sourcesof external
error. Advantagesof the virtual visual servoing formula-
tion aredemonstratedby consideringa wide rangeof per-
formancefactors. Notably the accuracy, ef�ciency, stabil-
ity, androbustnessissueshave beenaddressedanddemon-
stratedto performin highly complex scenes.In particular,
the interactionmatricesthat link the virtual cameraveloc-
ity to the variationof a distancein the imageweredeter-

a b

c d

Figure 7. Tracking in comple x envir onment
within a classical visual servoing experi­
ments: Images are acquired and processed
at video rate (25Hz). Blue : the desired po­
sition de�ned by the user. Green : position
measured after pose calculation. (a) �r st im­
age initializ ed by hand, (b) par tial occ lusion
with hand, (c) lighting variation, (d) �nal im­
age with various occ lusions

mined.Thegeneralityof theformulationwasshown by de-
terminingdistancefeaturesfor morecomplex objectssuch
asstraightlines,spheresandcylinders. A new robustcon-
trol law that integratesan M-estimatorhasbeenproposed.
The resultingposecomputationalgorithm is thus able to
dealef�ciently with incorrectlytrackedfeaturesthatusually
contributeto a compoundeffectwhichdegradesthesystem
until failure. Experimentalresultsobtainedusing several
cameras,lens,andenvironmentswerepresented.Thealgo-
rithm hasbeentestedon variousimagessequencesandfor
variousapplications(visualservoing,augmentedreality,...)
which demonstratesa realusabilityof this approach.Each
time trackingis handledin real-time.

In perspective, thealgorithmpresentedherehasseveral
limitationsthatneedto beaddressedin thefuture.Firstly it
relieson a coarsemanuallocalizationof 4 pointsto initial-
izethepose.Theexperimentalconeof convergenceis about
30o and the maximumspeedof the cameraor the object
relieson a trade-off betweenreal-timecalculationandthe
searchdistancenormal to the contour. With currentcom-
puting power this distanceis very large (10 to 15 pixels).
A lackof contrastaroundcontoursandtoo largeocclusions
areclassicalfailuremodes.Finally, thismethodusesaCAD
modelwhich is approximatelycreatedby handandapiece-
wise parametricrepresentationof the object. Futurework
will be devoted to addressingtheseissuesby considering
deformableobjectsandthereconstructionof parametricob-
jectsmodels.
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a b

c d

e f

Figure 8. Tracking and AR for a constructed maintenance scenario. Even with heavy occ lusion and
disturbances, tracking is still very reliab le and handled in real­time . (a­d) Tracking results (e­f) AR
sequences corresponding to image a (resp c)
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In this study the spatio-temporalaspectof the tracking
processhasnot beenconsideredin depth. Indeedrobust-
nesscanalsobehandledfrom onetime-stepto another(as
is possiblein a Bayesianframework, suchaswith theEx-
tentedKalmanFilter e.g.[27] or a particle�lter [18]). The
measurementsprovided by our algorithm could then be-
comepart of the measurementmodel for suchapproach.
Such�lters may be consideredin a future implementation
of oursystem.
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