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Abstract
This paperpresentsa framework to achieve real-timeaugmentedreality applications.We proposea framework
basedon thevisualservoingapproach well knownin robotics.We considerposeor viewpointcomputationasa
similar problemto visualservoing. It allowsoneto take advantage of all theresearch thathasbeencarriedout in
this domainin thepast.Theproposedmethodfeaturessimplicity, accuracy, ef�ciency, andscalabilitywrt. to the
camera modelaswell aswrt. the featuresextractedfromthe image. We illustrate theef�ciency of our approach
on augmentedreality applicationswith variousreal image sequences.

1. Intr oduction

We considerin this paper the problem of real-time aug-
mentedreality (AR) 1; 2. We do not restrictourselfto a par-
ticulardisplaytechnologyandwerestricttheproblemto the
useof auniquevisionsensor:acamera.Now thatlittle cam-
erassuchaswebcamsareavailableat low costfor any per-
sonalcomputer, a vision-basedaugmentedreality systemis
anattractive interfacefor variousapplicationssuchasvideo
games,architecture,interior design,etc. We will therefore
focuson theregistrationtechniquesthatallow alignmentof
real andvirtual worlds using imagesacquiredin real-time
by a moving camera.In suchsystemsAR is mainly a pose
(or viewpoint) computationissue.In this paperwe will ad-
dresstheposecomputationproblemasavirtual visualservo-
ingproblem.Thoughsomenew interestingapproachesavoid
consideringthat camerapositionandparametersareavail-
able15, mostof vision-basedAR systemsrely on theavail-
ability of this information.

Most approachesconsidertheposecomputationasa reg-
istrationproblemthat consistsof determiningthe relation-
ship between3D coordinatesof points (or other features:
lines, ellipses,...) and their 2D projectionsonto the image
plane.The position of these3D featuresin a world frame
have to be known with a goodaccuracy. They canbe part
of a known pattern,but mayalsoresultin theknowledgeof
theenvironmentblueprints.Computingposeleadsto thees-

timation of the positionandorientationof the camerawith
respectto aparticularworld or objectframe.

Many approacheshavebeendevelopedto estimatethepo-
sitionof acamerawith respectto anobjectbyconsideringits
projectionin theimageplane.Thegeometricprimitivescon-
sideredfor the estimationof the poseareoften points 11; 6,
segments8, contours16; 9, conics23; 4, or cylindrical objects7.
However, even thoughcombiningdifferent typesof prim-
itives is fundamentalto computethe viewpoint in a real
environment,very few methodsproposesuchcombination
(see22 for the joint use of points and straight lines). We
will addressthis issuein thepresentpaper. Anotherimpor-
tant issueis theregistrationproblem.Purely geometric(eg,
8), or numericaland iterative 6 approachesmay be consid-
ered.Linear approaches usea least-squaresmethodto esti-
matethepose.Full-scalenon-linearoptimizationtechniques
(e.g., 16; 17; 24) consistsof minimizing theerrorbetweenthe
observationandtheback-projectionof themodel.Minimiza-
tion is handledusing numerical iterative algorithmssuch
asNewton-Raphsonor Levenberg-Marquartd.Themainad-
vantageof theseapproachesare their accuracy. The main
drawbackis that they may be subjectto local minima and,
worse,divergence.Thereforethey usually requirea good
guessof the solution to ensurecorrectconvergence.How-
ever, sincethecameradisplacementbetweentwo successive
imagesis small,dealingwith augmentedrealityapplications
the risk of divergenceis quite nonexistent.Another draw-
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back is that theseapproachesrequirethe estimationof the
explicit computationof a Jacobian.An analyticalderivation
of thisJacobianmaybeacomplex anderrorpronetaskwhile
its on-lineestimationmayleadto a lessef�cient andlonger
minimization.We show in this paperthat thepresentedfor-
mulationallowseasilyconsiderationof alargenumberof Ja-
cobians(calledhereInteractionmatrices)availablefor vari-
ousvisual features.Partial 3D modelsof thescenearenec-
essaryin most of theseapproaches.Though they can be
obtainedusing the sameapproaches(eg 5) we do not ad-
dressthis issuein this papersincewe seeka sequentialand
real-timecomputationof the cameraviewpoint. Indeedap-
proachesthatallow simultaneousestimationof theposeand
the structureof the scenerequiremorethat oneimageand
arethereforemorededicatedto postproductionapplications
thanto real-timeapplications.

In this paperwe proposea formulationof posecompu-
tationinvolving a full scalenon-linearoptimization:Virtual
VisualServoing (VVS). We considertheposecomputation
problemassimilar to 2D visual servoing 25. Visual servo-
ing or image-basedcameracontrol 13; 10; 12 allows to control
a camerawrt. to its environment.More preciselyit consists
in specifyinga task (mainly positioningor target tracking
tasks)asthe regulationin the imageof a setof visual fea-
tures.A setof constraintsarede�ned in theimagespace.A
controllaw thatminimizestheerrorbetweenthecurrentand
desiredposition of thesevisual featurescan then be auto-
maticallybuilt. This approachhasproven to be anef�cient
solutionto camerapositioningtaskwithin theroboticscon-
text (seepapersin 12) andmorerecentlyin computergraph-
ics 21. Consideringposeasan image-basedvisual servoing
problemtakesadvantageof all the backgroundknowledge
andtheresultsin this researcharea.It allowsusto proposea
verysimpleandversatileformulationof this importantprob-
lem. Oneof themain advantagesof this approachis that it
allowsconsiderationof differentgeometricalfeatureswithin
the sameprocess.We show how this framework is easily
scaledwhenthe cameraparametersareunknown or modi-
�ed.

In theremainderof thispaper, wepresentin Section2 the
principleof theapproachandits applicationto posecompu-
tation(Section3.1). In Section4 weshow how thisapproach
scaleto the casewhencameraparametersareunknown or
modi�ed. In Section5, we presentseveral experimentalre-
sults.

2. Principle

As alreadystated,thebasicideaof ourapproachis to de�ne
the posecomputationproblemas the dual problemof 2D
visualservoing 10; 13. In visualservoing, thegoal is to move
thecamerain orderto observeanobjectatagivenpositionin
theimage.This is achievedby minimizingtheerrorbetween
a desiredstateof theimagefeaturespd andthecurrentstate
p. If thevectorof visualfeaturesis well chosen,thereis only

one�nal positionof thecamerathatallowsthisminimization
to be achieved.We now explain why the posecomputation
problemis verysimilar.

To simply illustratetheprinciple,let usconsiderthecase
of an objectmadeof points.Let us de�ne a virtual camera
with intrinsic parametersx locatedat a position suchthat
the object frameis relatedto the cameraframeby the ho-
mogeneous4� 4 matrix cMo. cMo de�nes the posewhose
parametersarecalledextrinsic parameters.The positionof
theobjectpoint cP in thecameraframeis de�ned by:

cP = cMo
oP (1)

andits projectionin thedigitizedimageby:

p = prx(cP) = prx(cMo
oP) (2)

whereprx(:) is theprojectionmodelaccordingto theintrin-
sicparametersx. Thegoalof theposecomputationproblem
is to estimatetheextrinsic parametersby minimizing theer-
ror betweenthe observed datadenotedpd (usually the po-
sition of a setof featuresin the image)and the positionp
of the samefeaturescomputedby back-projectionaccord-
ing to the currentextrinsic andintrinsic parameters(asde-
�ned in Equation2). In order to ensurethis minimization
wemove thevirtual camera(initially in ciMo) usingavisual
servoing control law. When the minimization is achieved,
theparametersof thevirtual camerawill be cf Mo. We have
illustratedthis examplewith points.For other geometrical
features,equations(1) and (2) are obviously different but
theprincipleremainsidentical.This processis illustratedin
Figure1 wherestraightlinesareconsidered.

3. Virtual visual servoing

3.1. Visual servoing and pose

For posecomputation,intrinsic cameraparametersmustbe
known, therefore,we considerthat the positionof the fea-
turesareexpressedin themetricspace.We denotepmd the
featuresextractedfrom therealimageandpm thesamefea-
turescomputedby back-projection.

The goal is to minimize the error kpm � pmdk. As in
classicalvisual servoing, we de�ne a task function e to be
achievedby therelation:

e= C(pm(r ) � pmd) (3)

wherer arethecameraextrinsic parametersmatrix (i.e., the
cameraviewpoint). MatrixC calledthe combinationmatrix
is chosensuchthatCLpm is full rank.It allows to take into
accountmorevisual featuresin p thanthe numberof con-
trolleddegreesof freedom(6 in this case).Wehave:

�e=
¶e
¶r

¶r
¶t

= CLpm Tc (4)

Matrix Lpm is classicallycalledtheinteractionmatrixor im-
ageJacobianin thevisualservoingcommunity13; 10. It links
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a b c d

Figure 1: Posecomputationby virtual visual servoing. Theprinciple of our algorithm is to iterativelymodifyusinga visual
servoingcontrol law thepositionof a virtual camera in order to registerthedesiredfeaturesextractedfromtheimage(in green)
and thecurrent oneobtainedby back-projectionof theobjectmodel(in blue) for a givenpose. Image (a) correspondsto the
initialization while in image (d) registrationhasbeenachievedandtheposeis computed..This�gure illustratestheregistration
convergencefor oneimage. It alsoillustratestheminor in�uenceof theinitialization, indeedtheinitial position/orientationof
thecamera is verydifferentfromthe�nal computedone. In this example, straight linesare consideredto computepose.

themotionof thefeaturesin theimageto thecameravelocity
Tc:

�pm =
¶pm

¶r
dr
dt

= Lpm Tc (5)

If we specifyanexponentiallydecoupleddecreaseof the
errore, thatis:

�e= � l e (6)

where l is a proportionalcoef�cient that tunesthe decay
rate,wecanderive thecontrollaw. Indeed,using(6) and(4)
we obtain:

CLpm Tc = � l e (7)

which leadsto theidealcontrol law:

Tc = � l (CLpm )� 1 e (8)

Wewill seein thenext sectionthattheinteractionmatrixde-
pendson theposebetweenthecameraandthetargetandon
thevalueof thevisualfeature:Lpm = Lpm (pr ; r ). In practice,
a modelL̄pm of Lpm is used,andwe obtain:

Tc = � l
�
CL̄pm

� � 1e (9)

We will seelater on the differentpossiblechoicesfor L̄pm

andC.

Convergenceandstability areimportantissuesin dealing
with suchcontrol law. Using (9) in (4) the behavior of the
closedloopsystemis obtained:

�e= � l (CLpm )
�
CL̄pm

� � 1 e (10)

Thepositivity condition:

(CLpm )
�
CL̄pm

� � 1 > 0 (11)

is thussuf�cient to ensurethe decayof kek which implies
the global asymptoticstability and the convergenceof the
system.Let us now considerthe differentpossiblechoices
of C andL̄pm .

In all the experimentsreportedhere,the dimensionk of

thevisual featurevectorp is greaterthan6 (i.e., thechosen
visual featuresare redundant).Sincethe combinationma-
trix hasto beof dimension6� k andof rank6, thesimplest
choiceis to de�ne C asthepseudoinverseof theinteraction
matrixused:

C = L̄+
pm (12)

whereL+ = (LTL)� 1LT . In that case,whereCL̄pm = I6,
thestabilityconditionis givenby:

L̄+
pm Lpm > 0 (13)

Let usnotethataccordingto thischoicefor C, thecontrolis
simpli�ed andis givenby:

Tc = � l L̄+
pm (pm � pmd) (14)

As alreadystatedthe choice of L̄pm is important. Many
choicesaretheoreticallypossible:

� L̄pm = Lpm (pmd ; rd): the interactionmatrix is computed
only oncewith the�nal valueof theposeandof thevisual
features.This choiceis the mostclassicalin robotics.It
ensuresthe local asymptoticstability of thesystemsince
thepositivity conditionis ensuredin theneighborhoodof
the desiredposition.That meansthat, if the error pm �
pmd is small enough,theconvergenceof pm to pmd will
beobtained.However in ourcase,thoughpd is known, rd
is what try to estimateandis thenunknown. This choice
is thusimpossiblefor AR applications.

� L̄pm = Lpm (pm; r ), the interactionmatrix is computedat
eachiterationwith thecurrentvalueof theposeandof the
visual features.We may think that the global stability is
demonstratedsinceL+

pm Lpm = I6 > 0 whatever thevalue
of pm. However in thatcasematrix C is not constantand
equation(4) shouldthustake into accountthevariationof
C. This leadsto inextricablecomputations,andthus,once
again,only thelocal stabilitycanbeobtained.

� L̄pm = Lpm (pmi ; r i) where r i is the initial poseof the
virtual cameraandpi the initial valueof the visual fea-
tures.This choice is interestingsince L̄+

pm is computed
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only once.Onceagain,positivity condition (13) will be
satis�edonly if pmi � pmd is small.

This lastchoicecanbeusedin AR applicationsincepmi and
r i areavailable.However sincethe presentedresultsshow
thatconvergenceis ensuredin few iterations,we have used
L̄pm = Lpm (pm; r ) this choice being not time consuming
whenthenumberof visualfeaturesis small.

We have seenthat only local stability can be demon-
strated.It meansthat the convergencemay not be reached
if the errorpm � pmd is too large.However in AR applica-
tion, themotionbetweentwo successive imagesacquiredat
videorateis smallenoughto ensuretheconvergenceof the
control law if we useas initialization of pm and r the re-
sult obtainedfrom the previous image.Indeedin practice,
it hasbeenshown with experimentalresultsin visualservo-
ing thattheconvergenceis alwaysobtainedwhenthecamera
displacementhasan orientationerror lessthat 30o on each
axis.Potentialproblemsmay thusappearonly for the very
�rst imagewheretheinitialization hasnot to betoo coarse.

3.2. The interaction matrices

Any kind of featurecan be consideredwithin this control
law as soonas we are able to computethe corresponding
interactionmatrix Lpm . In 10, a generalframework to com-
puteLpm is proposed.This is oneof theadvantagesof this
approachwith respectto othernon-linearposecomputation
approaches.Indeedweareableto performposecomputation
from a largesetof imageinformation(points,lines,circles,
quadrics,distances,etc...)within the sameframework. We
can also very easily mix different featuresby addingfea-
turesto vectorp andby “stacking” thecorrespondinginter-
actionmatrices.Furthermoreif thenumberor thenatureof
visual featuresis modi�ed over time, the interactionmatrix
Lpm andthevectorerrorp ismodi�ed consequently. Wenow
considerclassicalgeometricalfeatures(point, straightline,
circleandcylinder)whichwill beexaminedin theresultsec-
tion of this paper.

Caseof points.Let usde�ne M = (X;Y;Z)T thecoordinates
of a point in the cameraframe.Thecoordinatesof theper-
spective projectionof this point in the imageplaneis given
by m = (x;y)T with:

�
x = X =Z
y = Y=Z

(15)

We have to usethe interactionmatrix Lpm that links the
motion �p = ( �x; �y) of apointp = (x;y) in theimageto Tc. For
onepoint Lpm is a 2� 6 matrix.Theinteractionmatrix L pm

thatrelatesthemotionof a point in theimageto thecamera
motionis well known 13; 10 andis givenby:

Lpm =
�

� 1
Z 0 x

Z xy � (1+ x2) y
0 � 1

Z
y
Z 1+ y2 � xy � x

�

(16)

Let us note herethat dealingwith points,our approachis
verysimilar to theLowe's approach16.

Caseof straight line. A straightline canbe de�ned asthe
intersectionof two planes:

�
A1X + B1Y + C1Z = 0
A2X + B2Y + C2Z+ D2 = 0

(17)

Theequationof theprojectedline in theimageplaneis given
by:

xcosq+ ysinq� r = 0: (18)

It is possibleto computetheinteractionmatrix relatedto
pm = (q; r ). It is givenby 10:

Lq =
�

l q cosq l q sinq � l qr r cosq � r sinq � 1
�

L r =
�

l r cosq l r sinq � l r r
(1+ r 2) sinq � (1+ r 2) cosq 0

�

(19)
wherel q = (A2sinq � B2cosq)=D2 andl r = (A2r cosq+
B2r sinq+ C2)=D2.

Caseof circle and cylinder. A circle is de�ned astheinter-
sectionof a sphereand a plane.Theprojection in the im-
age plane of a circle is an ellipse whoseparametersare
pm = (xc; yc;µ02;µ20;µ11). xc; yc is thecenterof theellipse
while µ02;µ20 andµ11 aretheorder2 centeredmomentsof
theellipsein 10.

We also considerin the resultssectionthe caseof the
cylinder. Hereagainwe referthereaderto 10 for its parame-
terizationandtherelatedinteractionmatrix.

4. Generalization to unknown cameraparameters

When the cameraintrinsic parametersare unknown (or
changeduring an experiment),computingthe poseis not
suf�cient to allow realisticinsertionof virtual objects.These
parametershave thento be estimated.This calibrationpro-
cessmay be achieved off line using a calibrationpattern
usingclassicalapproachor on-lineusingtheapproachpro-
posedin this Section.

4.1. Principle

For theposeproblem,thevisual featurep canbeexpressed
directly in the metric space(andwere denotedpm). Now,
sincethe cameraparametersare unknown, p can be only
computedin the digitized spaceandthe imagefeaturesare
now denotedpp.

Within this context, thecurrentpositionof the featurein
the image,obtainedby back-projection,is also function of
the intrinsic parametersx. The error to be minimized,ex-
pressedin digitized space,is then de�ned by kpp(r ; x) �
ppdk andthecorrespondingtaskfunctionde�ne by:

e= C(pp(r ; x) � ppd) (20)
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In this new case,themotionof thefeaturesin theimageare
relatedto thecameravelocityTc andto thetimevariationof
theintrinsic parametersby:

�pp = LppTc +
¶pp

¶x
dx
dt

where Lpp =
¶pp

¶pm
Lpm (21)

thatcanberewritten as:

�pp = HpV with V =

0

@
Tc

�x

1

A (22)

and

Hp =
�

¶pp

¶pm
Lpm

¶p
¶x

�
(23)

If C is chosensuchasC = H+ , we obtainas“control law”:

V = � l H+
p e (24)

Thus,asuf�cient numberof primitiveshaveto beselected
in orderfor H beof full rank.Thisnumberdependsdirectly
onthenumberof parametersconsideredin x (usually4 or 5)
andin r (6).

4.2. New Interaction matrices

We now determinetheanalyticalform of Hp matriceswhen
pointsandcirclesareconsidered.Straightlinesor any other
geometricalprimitive can be handledusing the sameap-
proach.We considerin this paperthemostclassicalcamera
model(in 20, morecomplex modelsinvolving lensdistortion
areconsidered).

Caseof point If we denote(u;v) thepositionof thecorre-
spondingpixel in thedigitizedimage,thispositionis related
to thecoordinates(x;y) in thenormalizedspaceby:

�
u = u0 + pxx
v = v0 + pyy

(25)

The four parametersto be estimated are thus x =
f px; py;u0; v0g where (u0; v0) are the coordinatesof the
principal point and px; py are the ratio betweenthe focal
lengthandthesizeof a pixel.

Let usnotethatmoresimplemodelmaybeconsideredas
well. Indeed,in this context, consideringu0 and v0 as the
centerof theimageandassumingpx = a py, wherea is con-
stantgivenby thecameramanufacturer, is usuallysuf�cient.

We have to computethe Jacobianmatrix Hp that links
the motion �p = ( �u; �v) of a point p = (u;v) in the imageto
[Tc �x]T . For onepoint Lpp is a 2 � 6 matrix and ¶p

¶x is a
2� 4 matrix.

Theinteractionmatrix Lpp is givenby:

Lpp =
�

px 0
0 py

�
Lpm (26)

whereLpm is givenby equation(16)

Furthermore,from (25), differentiatingu andv for x leads
veryeasilyto:

¶p

¶x
=

�
x 0 1 0
0 y 0 1

�
(27)

Caseof a circle. Let us note(uc; vc;m20;m02;m11) the pa-
rametersthat describean ellipse in the digitized image.It
canbe shown that they arelinked to the metric representa-
tion (xc; yc;µ20;µ02;µ11) by:

uc = u0 + pxxc vc = v0 + pyyc

m20 = µ20p2
x m02 = µ02p2

y m11 = µ11pxpy
(28)

¶pp

¶pm
is thus a 5� 5 diagonalmatrix whosediagonal is

givenby:
�

px; py; p2
x; p2

y; pxpy

�
. Dealingwith thecamerain-

trinsicparameters,we get ¶pp

¶x as:

¶pp

¶x
=

0

B
B
B
B
@

(u� u0)=px 0 1 0
0 (v� v0)=py 0 1

2m20=px 0 0 0
0 2m02=py 0 0

m11=px m11=py 0 0

1

C
C
C
C
A

(29)

5. Experimental Results

5.1. Software architectureand Implementation

Thearchitectureof our systemis similar to thoseproposed
in 3 or 14. Sinceourapproachis basedonthevisualservoing
framework we rely on a library dedicatedto suchsystems
andcalledV ISP (Visualservoing platform) 18. This library
is written in C++ and proposesboth the featuretracking
algorithmsandthe posecomputationandcalibrationalgo-
rithms.A new softwarecomponentbasedon OpenInventor
hasbeenwritten to allow the insertionof virtual objectsin
the images.All theexperimentspresentedin thenext para-
graphhave beencarriedout on a simplePCwith anNvidia
3D boardandan ImagingtechnologyIC-Compframegrab-
ber.

Mostof theimagesconsideredin thispaperarequitesim-
ple.Our goalwasindeedto illustratethepossibilityto com-
putea precisecameraviewpointand,if required,camerain-
trinsicparameterswith variousimagefeatures(points,lines,
circle, cylinders,...) in real-timewith low costhardware.It
is obvious thatconsideringwell contrastedimagesandpre-
cisepatternis helpful to achieve this goal,but consideringa
morecomplex imageprocessingalgorithmis alwayspossi-
bledependingon theapplicationasreportedin 19; 26.

5.2. Augmentedreality experiments

Comparison with other approaches.In this paragraphwe
presentresultsrelatedto theapplicationof thisframework to
augmentedreality. We �rst compareour methodwith clas-
sicalalgorithmsproposedin theliterature:linearestimation,

c
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a

b

Figure 2: We report here two augmentedreality experimentsthat useprecisepattern to computethe viewpoint. In (a) four
pointsanda circle are considerwhile in (b) two poseare computedfor two differentobjects:the former is computedusinga
pointanda circleandis relatedwith theinsertionof the“ghost” while thelater is computedusingfour pointsandis relatedto
theinsertionof the“gr aveyard” (the�r st image of row (b) showsthe�srt image prior to its “augmentation” andtheresultof
theimage processingalgorithm).In bothexperimentsposesandrenderingare computedat videorate(25Hz)with a oneframe
delay. In applicationsuch asinteractivevideogames,by moving andorientinga simplepatterntheplayermaymodifyon line
andin real timeits perceptionof thegame.

residualerror(mm)
method image1 image2

linear 7.3441 1.1402
Dementhon 1.189 5.6942
LM 1.1425 0.7641
VVS 1.1316 0.7463

Table 1: Pose (viewpoint) computation:comparisonbe-
tweenthe virtual visual servoingapproach and threeother
classicalmethods(linear posecomputation,Dementhon6,
anda nonlinear minimizationby theLevenberg Marquartd
approach (LM)). We showin this table the residualerror
computedfor each methodin two different images.Thepat-
ternwasmadeof four coplanarpoints.

numericaliterativeestimationby Dementhon's Algorithm 6,
non-linearestimationusing a Levenberg-Marquartdmini-
mization scheme(as proposedin 16 but restrictedto point
features).The target is madeof four coplanarpoints. We
considerin this experimenttwo images.For thesecondone,
the imageplane is nearly parallel to the target plane.Ta-
ble 1 displaysthe meanerror (kp � pdk) for thesevarious
methods.As expected,the VVS approachis similar to the
non-linearminimizationby Levenberg-Marquart16 but is far
moreef�cient thanthelinearmethodor theDementhon'sal-
gorithm.A morecompleteanalysisof thealgorithmbehav-
ior is proposedin 20 for thecalibrationproblem.

Augmentedreality using precisepatterns. To begin with
we report augmentedreality experimentsthat use precise
patternsto estimatethecameraviewpoint.Suchexperiments
show that this approachmay be ef�ciently usedin interac-
tiveapplicationsuchas(but not restrictedto) acollaborative
immersiveworkplace,culturalheritageor architectureinter-
active visualizationinteractive videogame(by moving and
orientinga simplepatterntheplayermaymodify on line its
perceptionof thegame).

� Figure2.a shows the ef�ciency of the algorithmalonga
1600imagesequenceacquiredatvideorate.Poseis com-
puted from four points (that appearin green)and one
circle (at the middle of the four points). Imageprocess-
ing andposecomputationarehandledin real-timethat is
25Hz (poseitself is computedin 3 ms). The statueand
thetexturedpolygonthat“augment”theinitial imagesare
very stablealongtheentiresequence.

� in the next experiment(seeFigure2.b), we show that a
limited numberof featuresare requiredto computethe
pose.Indeed,theposerelatedto “ghost” is computedus-
ing two circles(the�rst imagedepictstheresultof theim-
ageprocessingwheretherelatedcirclesappearin green).
An other object, a “virtual graveyard”, is also inserted.
Therefore,anotherposeis computedfor thisobjectusing
four points(thecenterof eachblackdot). The two poses
andtherenderingof thesceneis handledat videorate.
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a

b

c

d

Figure 3: Posecomputationandaugmentedreality in real environmentwithoutany landmarks.Sincereliablepointsfeatures
are dif�cult to track in real environment,it is oftenusefulto considervarious features such as circles, lines or cylinder. In
theseexperimentsfeaturesare trackedusingthemoving edgesalgorithmin lessthan5 ms.Thewholeprocess,tracking, pose
computation,andrenderingis achievedin real-time(i.e., 25Hz).In (a) circlesandlinesare considered in while in (b), (c) and
(d) cylinders andlinesare used.Figures(d) illustratesvariouscasesof partial occlusions.Thisillustratestheversatility of the
virtual visualservoingprocesswrt. thechoiceof thefeaturesextractedfromtheimage.

Augmented reality in non controlled situations. We
then consider“real” imagesacquiredusing a commercial
recorder. In suchexperiments,theimageprocessingmaybe
verycomplex. Indeedextractingandtrackingreliablepoints
in real environment is a real issue.Thereforeit is impor-

tantto considerimagefeaturesotherthansimplepoints.We
demonstratetheuseof circles,lines,andcylinders.In vari-
ousexperiments,the featuresaretracked usingtheMoving
edgesalgorithm18 at videorate.
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� In the �rst experiment(seeresultsin Figure3.a), the vi-
sualfeaturesconsideredin theposecomputationprocess
arelinesandcircles.Speci�caly, four non-coplanarlines
andthreecircles(on thedoor)areconsideredto compute
thepose.The modelof thescenehasbeenroughlyhand
made.Thefeaturesaretrackedalonga60imagesequence
and the imageshave beensuccessfullyaugmentedwith
variousobjects.Theleft imageof Figure3.adisplaiesthe
trackedlinesandcylinderlimbsaswell as3D information
insertedaftertheposecomputation.

� In Figure3.b a context that canbeencounteredin an in-
dustrialenvironmentis considered.A camerais mounted
on theend-effectorof a 6 d.o.f robot.Theprimitivescon-
sideredin the virtual servoing processaretwo cylinders
anda straightline. Posecomputationis performedin less
than3 ms(exceptin thevery �rst image).Notethatsome
featuresdisappearover time. The sizeof the interaction
matrix andof theerrorvectoris modi�ed consequently.

� In the third experiment,an outdoorsceneis considered.
Here again,a cylinder and two lines are usedto com-
pute the pose.Despitevery noisy images(wind in the
trees,etc.)trackingis achievedalonga 700and1400im-
agesequences.Theleft imageon Figure3.c displaiesthe
tracked lines andcylinder limbs aswell asthe 3D infor-
mationinsertedaftertheposecomputation(thereference
frameandthe projectionof the cylinder). The other im-
agesareextractedfrom thesequenceaftertheinsertionof
virtual objects.

� Thefourthexperimentfeaturesis asimilarexperimentbut
featuresare only partially visible from the camera(left
and right image).The algorithm still generates(up to a
certainlimit) acceptableresults.On the right imagenote
thatexplicit occlusionsis not handled(this wasnot con-
sideredin thescopeof thispaper).

Augmentedreality with unknown focal length. In these-
quencepresentedin Figure4, importantvariationsareintro-
ducedin thefocallengthof thecamera(focallengthhasbeen
dividedby nearlytwo andthenincreasedagain,seeFigure
4.b. Furthermoretheinitial cameraparametersareunknown.
Our goal is to computethecameraparametersu0; v0; px; py
consideringbothpointsandellipsesasimagefeatures.Three
pointsandthreecirclesaretrackedalonganimagesequence.
Dueto thelow numberof featuresconsideredin theexperi-
ment,thequalityof theestimationof thecameraparameters
is of courselessaccuratethanconsideringarealoff-line cal-
ibration approach(althoughthis canbe achieved asshown
in 20. However, thequality of theobtainedresultsis far suf-
�cient for AR.

6. Conclusion

We proposedin this paperan original formulationof pose
computationandits applicationto augmentedreality. It con-
sistedof modifying theparametersof a virtual camera(po-
sition,orientation,andif necessaryintrinsic parameters)us-
ing thevisualservoingparadigmin orderto registertheback

a

0

500

1000

1500

2000

2500

3000

0 20 40 60 80 100 120 140 160 180

u0
v0
px
py

b

Figure 4: ARwith on-linecalibration frompointsandcir-
cles: (a) augmentedscene, (b) valueof the camera param-
eters (notethat px and py, that re�ect the focal length,are
modi�ed)

projectionof themodelwith thedataextractedfrom theim-
ages.Wepresentedexperimentalresultsobtainedusingsev-
eralcameras,lens,andenvironments.Thisapproachfeatures
many advantages:

� First of all, this algorithmis really simple.In 20, we give
a 20 linessourcecodeof thevirtual servoing closed-loop
thatcomputestheposeproposedin this paper;

� Evenwith this simplicity, theobtainedresultsmaybefa-
vorably comparedto the bestalgorithmscurrentlyavail-
able.In particularthecomputedposeis farbetter(consid-
eringtheresidualerror)thanlinearalgorithm.

� Although it is an iterative minimization process,pose
computationmaybehandledin real-time.

� Finally, it allowsconsiderationof variousgeometricalfea-
tureswithin the sameregistrationprocess.The resulting
interactionmatrix (or imageJacobian)is straightforward
to derivethanksto thewidevisualservoingliterature.The
choiceof adequatefeaturesmay allow reductionof the
numberof landmarksto betrackedin theimage.

Demonstration on-line. Most of the demostrationspre-
sentedin thispapercanbefoundasmpeg �lm ontheWWW
page (http://www.irisa.fr/prive/marchand
then follow the “demo” link). A pseudo code of
pose computation algorithm is also given. Contact:
Eric.marchand@irisa.fr .
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