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Abstract

This paperpresentsa frameavork to achieve real-timeaugmentedeality applications.\e proposea frameawvork
basedon the visual servoingappmoac well knownin robotics.\We considerposeor viewpointcomputationasa
similar problemto visualservoing It allowsoneto take advantae of all thereseach thathasbeencarried outin
this domainin the past. The proposedmethodfeatuies simplicity, accuracy, ef ciency, and scalabilitywrt. to the
camen modelaswell aswrt. the featuesextractedfromthe image. We illustrate the ef ciency of our appoac
on augmentedeality applicationswith variousreal image sequences.

1. Intr oduction

We considerin this paperthe problem of real-time aug-
mentedreality (AR) 2. We do not restrictourselfto a par
ticular displaytechnologyandwe restrictthe problemto the
useof auniquevision sensora cameraNow thatlittle cam-
erassuchaswebcamsareavailableat low costfor ary per
sonalcomputer a vision-basedaugmentedeality systemis
anattractve interfacefor variousapplicationssuchasvideo
games architecturejnterior design,etc. We will therefore
focuson theregistrationtechniqueghatallow alignmentof
real and virtual worlds usingimagesacquiredin real-time
by a moving cameraln suchsystemsAR is mainly a pose
(or viewpoint) computationissue.In this paperwe will ad-
dresgheposecomputatiorproblemasavirtual visualseno-
ing problem.Thoughsomenew interestingapproacheavoid
consideringthat cameraposition and parametersare avail-
able15, mostof vision-based\R systemgely on the avail-
ability of thisinformation.

Most approachesonsiderthe posecomputatiorasa reg-
istration problemthat consistsof determiningthe relation-

ship between3D coordinatesof points (or other features:

lines, ellipses,...) andtheir 2D projectionsonto the image
plane.The position of these3D featuresin a world frame
have to be known with a good accurag. They canbe part
of aknown pattern but mayalsoresultin the knowledgeof
theenvironmentblueprints. Computingposeleadsto thees-
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timation of the positionand orientationof the camerawith
respecto aparticularworld or objectframe.

Mary approachebave beendevelopedto estimatehe po-
sitionof acamerawith respecto anobjectby consideringts
projectionin theimageplane. Thegeometrigrimitivescon-
sideredfor the estimationof the poseare often points 1% 6,
segments?, contoursté 9, conics?3 4, or cylindrical objects’.
However, even thoughcombining differenttypesof prim-
itives is fundamentalto computethe viewpoint in a real
ervironment,very few methodsproposesuchcombination
(see?2 for the joint useof points and straightlines). We
will addresghis issuein the presentpaper Anotherimpor-
tantissueis the registrationproblem.Purely geometric(eg,
8), or numericaland iterative ¢ approachesnay be consid-
ered.Linear appmoacdes usealeast-squaresiethodto esti-
matethepose Full-scalenon-linearoptimizationtechniques
(e.g., 1617.24) consistsof minimizing the error betweerthe
obsenrationandtheback-projectiorof themodel.Minimiza-
tion is handledusing numericaliterative algorithmssuch
asNewton-Raphsoror Levenbeg-Marquartd The mainad-
vantageof theseapproachesre their accurag. The main
dravbackis thatthey may be subjectto local minima and,
worse, divergence.Thereforethey usually require a good
guessof the solutionto ensurecorrectconvergence.How-
ever, sincethe cameralisplacemenbetweertwo successie
imagesds small,dealingwith augmentedeality applications
the risk of divergenceis quite noneistent. Another draw-
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backis that theseapproachesequirethe estimationof the
explicit computatiorof a JacobianAn analyticalderivation

of thisJacobiam€mmaybeacomple« anderrorpronetaskwhile

its on-line estimationmay leadto a lessef cient andlonger
minimization.We shaw in this paperthatthe presentedor-

mulationallows easilyconsideratiorf alargenumberof Ja-
cobiang(calledherelnteractionmatrices)availablefor vari-

ousvisualfeaturesPartial 3D modelsof the scenearenec-
essaryin most of theseapproachesThoughthey can be
obtainedusing the sameapproachegeg °) we do not ad-
dressthisissuein this papersincewe seeka sequentiabnd
real-timecomputationof the cameraviewpoint. Indeedap-
proacheghatallow simultaneougstimationof the poseand
the structureof the scenerequiremorethat oneimageand
arethereforemorededicatedo postproductionapplications
thanto real-timeapplications.

In this paperwe proposea formulation of posecompu-
tationinvolving afull scalenon-linearoptimization:Virtual
Visual Senoing (VVS). We considerthe posecomputation
problemas similar to 2D visual sernwing 25. Visual seno-
ing or image-basedameracontrol 13 1 12 gllows to control
a camerawrt. to its ervironment.More preciselyit consists
in specifyinga task (mainly positioning or target tracking
tasks)asthe regulationin the imageof a setof visual fea-
tures.A setof constraintsarede ned in theimagespaceA
controllaw thatminimizestheerrorbetweerthe currentand
desiredposition of thesevisual featurescan thenbe auto-
matically built. This approachhasprovento be anef cient
solutionto camerapositioningtaskwithin the roboticscon-
text (seepaperdn 12) andmorerecentlyin computergraph-
ics 21. Consideringposeasanimage-basedisual senoing
problemtakes advantageof all the backgroundknowledge
andtheresultsin thisresearclarealt allows usto proposea
very simpleandversatileformulationof thisimportantprob-
lem. Oneof the main advantagef this approachs that it
allows consideratiorof differentgeometricafeatureswithin
the sameprocessWe shav how this framework is easily
scaledwhenthe cameraparameterare unknavn or modi-

ed.

In theremaindeof this paperwe presenin Section2 the
principle of theapproactandits applicationto posecompu-
tation(Section3.1). In Sectiond we shav how thisapproach
scaleto the casewhen cameraparametersre unknavn or
modi ed. In Section5, we presentseveral experimentalre-
sults.

2. Principle

As alreadystatedthe basicideaof our approactis to de ne
the posecomputationproblemas the dual problemof 2D
visual senoing 1913, In visual sernwing, the goalis to move
thecameran orderto obsene anobjectatagivenpositionin
theimage.Thisis achie&zed by minimizingtheerrorbetween
adesiredstateof theimagefeaturegpy andthe currentstate
p. If thevectorof visualfeatureds well chosenthereis only

one nal positionof thecamerahatallowsthisminimization
to be achieved. We now explain why the posecomputation
problemis very similar.

To simply illustratethe principle, let us considerthe case
of an objectmadeof points.Let usde ne avirtual camera
with intrinsic parameterx locatedat a position suchthat
the objectframeis relatedto the cameraframe by the ho-
mogeneoug 4 matrix “Mo. °Mo de nes the posewhose
parametersre called extrinsic parametersThe position of
the objectpoint °P in the camerarameis de ned by:

°P= M°P @
andits projectionin thedigitizedimageby:

p= pr(°P) = pr(“Mo°P) )

wherepr,(:) is theprojectionmodelaccordingo theintrin-

sic parameters. Thegoal of the posecomputatiorproblem
is to estimatethe extrinsic parameterby minimizing theer-

ror betweenthe obsered datadenotedpy (usuallythe po-

sition of a setof featuresin the image)andthe positionp

of the samefeaturescomputedby back-projectionaccord-
ing to the currentextrinsic andintrinsic parametergasde-
ned in Equation?2). In orderto ensurethis minimization
we move thevirtual camerginitially in ©M ) usinga visual
serwing control law. When the minimization is achieved,
the parametersf the virtual camerawill be ¢"Mo. We have

illustratedthis examplewith points. For othergeometrical
features,equations(1) and (2) are obviously different but

theprinciple remainsidentical. This processs illustratedin

Figurel wherestraightlinesareconsidered.

3. Virtual visual sewvoing
3.1. Visual sewoing and pose

For posecomputationjntrinsic camergparametersnustbe
known, therefore we considerthat the position of the fea-
turesareexpressedn the metric space We denotepmy the
featuresxtractedfrom therealimageandpm the samefea-
turescomputedoy back-projection.

The goal is to minimize the error kpm  pmgk. As in
classicalvisual senoing, we de ne ataskfunction e to be
achieved by therelation:

e= C(pm(r) Pmgq) 3)

wherer arethe cameraextrinsic parametersnatrix (i.e., the
cameraviewpoint). MatrixC calledthe combinationmatrix
is chosersuchthatCL p,, is full rank.lIt allows to take into
accountmorevisual featuresin p thanthe numberof con-
trolled degreesof freedom(6 in this case) We have:

Tefr

e= —— =CLp,T 4

ﬂr ﬂt Pm'!cC ( )
Matrix L p,, is classicallycalledtheinteractionmatrix or im-
ageJacobiarnin thevisualserwing community3 10, It links
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Figure 1: Posecomputatiorby virtual visual servoing The principle of our algorithmis to iteratively modifyusinga visual
servoingcontmol law thepositionof a virtual camea in orderto registerthedesiedfeatuesextractedfromtheimage (in green)
and the current one obtainedby bad-projectionof the objectmodel(in blue)for a givenpose Image (a) correspondgo the
initialization while in image (d) registration hasbeenachievedandtheposeis computed.This gur eillustratestheregistration
corvergencefor oneimage. It alsoillustratesthe minor in uence of theinitialization, indeedtheinitial position/orientatiorof
thecamer is verydifferentfromthe nal computedne In this example straightlinesare consideedto computepose

themotionof thefeaturesn theimageto thecameravelocity
Te:

- ﬂpmg_

o odt LpmTe (5)

Pm

If we specifyan exponentiallydecouplediecreas®f the
errore, thatis:

e= le (6)

wherel is a proportionalcoefcient that tunesthe decay
rate,we canderive the controllaw. Indeed using(6) and(4)
we obtain:

Clp,Tc= le @
which leadsto theideal controllaw:
Te= | (CLp,) ‘e 8)

Wewill seein thenext sectionthattheinteractionmatrix de-
pendsonthe posebetweerthe cameraandthetargetandon
thevalueof thevisualfeatureL p,, = Lp,(pr;r). In practice,
amodelLp,, of Lp,, is used,andwe obtain:

Te= | CLp, ‘e )

We will seelater on the different possiblechoicesfor Epm
andC.

Convergenceandstability areimportantissuesn dealing
with suchcontrol law. Using (9) in (4) the behaior of the
closedloop systemis obtained:

e= | (CLp,) CLp, ‘e (10)
Thepositivity condition:
(CLpy) CLp, >0 (11)

is thussufcient to ensurethe decayof kek which implies
the global asymptoticstability and the cornvergenceof the
system.Let us now considerthe differentpossiblechoices
of CandLp,,.

In all the experimentsreportedhere,the dimensionk of
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thevisual featurevectorp is greaterthané (i.e., the chosen
visual featuresare redundant).Since the combinationma-
trix hasto be of dimension6  k andof rank6, the simplest
choiceis to de ne C asthepseuddnverseof theinteraction
matrix used:

C=Lp, (12)

whereL* = (LTL) LT. In thatcasewhereCLp, = lg,
the stability conditionis givenby:

LpnLpm > 0 (13)

Let usnotethataccordingto this choicefor C, thecontrolis
simpli ed andis givenby:

Te= ILp,(Pm Pma) (14)

As already statedthe choice of L_pm is important. Many
choicesaretheoreticallypossible:

Lpm = Lpm(Pmg;rq): theinteractionmatrix is computed
only oncewith the nal valueof the poseandof thevisual
features.This choiceis the mostclassicalin robotics.It
ensureghelocal asymptoticstability of the systemsince
the positivity conditionis ensuredn the neighborhooaf
the desiredposition. That meansthat, if the error pm
pPmy is smallenough the convergenceof pm to pm, will
beobtainedHoweverin our casethoughpq is known, rg
is whattry to estimateandis thenunknawvn. This choice
is thusimpossiblefor AR applications.

Lpm = Lpm(Pm;r), theinteractionmatrix is computedat
eachiterationwith the currentvalueof the poseandof the
visual features We may think that the global stability is
demonstratedinceL p Lp, = ¢ > 0 whatever thevalue
of pm. However in thatcasematrix C is not constantand
equation(4) shouldthustake into accounthevariationof
C. Thisleadsto inextricablecomputationsandthus,once
again,only thelocal stability canbe obtained.

Lpm = Lpn(Pm;;ri) wherer; is the initial poseof the
virtual cameraand p; the initial value of the visual fea-
tures. This choiceis interestingsinceLEm is computed
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only once.Onceagain,positivity condition (13) will be
satis edonly if pm, pmq is small.

Thislastchoicecanbeusedin AR applicationsincepm, and
ri areavailable. However sincethe presentedesultsshav

thatcorvergenceis ensuredn few iterations,we have used
Lpm = Lpn(pm;r) this choice being not time consuming
whenthe numberof visualfeaturess small.

We have seenthat only local stability can be demon-
strated.lt meansthat the convergencemay not be reached
if theerrorpm  pmy is too large. However in AR applica-
tion, the motion betweertwo successie imagesacquiredat
videorateis smallenoughto ensurethe convergenceof the
control law if we useasinitialization of pm andr the re-
sult obtainedfrom the previous image.Indeedin practice,
it hasbeenshowvn with experimentakesultsin visual seno-
ing thatthecornvergencds alwaysobtainedvhenthecamera
displacemenhasan orientationerror lessthat 36° on each
axis. Potentialproblemsmay thus appearonly for the very

rst imagewheretheinitialization hasnotto betoo coarse.

3.2. The interaction matrices

Any kind of featurecan be consideredwithin this control
law as soonaswe are ableto computethe corresponding
interactionmatrix Lp,,. In 1°, a generalframework to com-
puteLp,, is proposedThisis oneof the advantagef this
approachwith respecto othernon-linearposecomputation
approachedndeedwe areableto performposecomputation
from a large setof imageinformation(points,lines, circles,
guadrics,distancesetc...)within the sameframevork. We
can also very easily mix different featuresby addingfea-
turesto vectorp andby “stacking” the correspondingnter-
actionmatrices Furthermoref the numberor the natureof
visual featuress modi ed over time, the interactionmatrix
L p,, andthevectorerrorp is modi ed consequentlyWe now
considerclassicalgeometricalfeatures(point, straightline,
circleandcylinder)whichwill beexaminedin theresultsec-
tion of this paper

Caseof points. Letusde ne M = (X;Y; Z)T thecoordinates
of a pointin the cameraframe. The coordinatef the per
spectve projectionof this pointin theimageplaneis given
bym= (xy)" with:

(15)

We have to usethe interactionmatrix L p,, thatlinks the
motionp = (x;y) of apointp = (x;y) in theimageto T¢. For
onepointLp, isa2 6 matrix. Theinteractionmatrix L p,,
thatrelatesthe motionof a pointin theimageto the camera
motionis well known 13 10 andis given by:

Xy  (1+x)
1+ y2 Xy X

Nl
NI<NIx

Let us note herethat dealingwith points, our approachis
very similar to the Lowe's approacH®.

Caseof straight line. A straightline canbe de ned asthe
intersectiorof two planes:
A1X+BY+CiZ=0 (17)
AoX+ ByY+ CoZ+ D=0
Theequatiorof theprojectedine in theimageplaneis given
by:

xcosq+ ysing r = 0: (18)

It is possibleto computethe interactionmatrix relatedto
pm = (qg;r). It is givenby 10:

Lg= lqgcosg |g4sing lqr rcosq r sinq 1
Lr= lrcosq |rsing lrr
(1+r?)sing  (1+r?cosq O

19)
wherel g = (Azsing  Bzcosg)=D; andl r = (Agr cosq+
Bor sing+ Cy)=D5.

Caseof circle and cylinder. A circleis de ned astheinter
sectionof a sphereand a plane.Theprojectionin the im-
age plane of a circle is an ellipse whose parametersare
Pm = (Xc; Ye; Ho2; Koo M11) - Xc; Y is the centerof the ellipse
while pgo; oo andpy 1 arethe order2 centerednomentsof
theellipsein 10.

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

4. Generalizationto unknown cameraparameters

When the cameraintrinsic parametersare unknavn (or
changeduring an experiment),computingthe poseis not
sufcient to allow realisticinsertionof virtual objects These
parameterfiave thento be estimatedThis calibrationpro-
cessmay be achieved off line using a calibration pattern
usingclassicalapproactor on-line usingthe approactpro-
posedn this Section.

4.1. Principle

For the poseproblem,the visualfeaturep canbe expressed
directly in the metric space(and were denotedpm). Now,
sincethe cameraparametersre unknavn, p can be only
computedn the digitized spaceandthe imagefeaturesare
now denotedop.

Within this contet, the currentpositionof the featurein
the image,obtainedby back-projectionjs also function of
the intrinsic parameterx. The error to be minimized, ex-
pressedn digitized space,is then de ned by kpp(r;x)
Ppyk andthe correspondingaskfunctionde ne by:

e= C(pp(r;X)  Ppy) (20)
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In this new casethe motion of thefeaturesn theimageare
relatedto thecameravelocity T¢ andto thetime variationof
theintrinsic parameterdy:

Tpp dx TPp
= + P70 = K
pp LppTc ﬂX dt where Lpp ﬂmepm (21)
thatcanberewritten as:
0 1
Tc
Ppp=HpV with Vv=@ A (22)
X
and
_ 1
Ho=  lpn 18 (23)

If Cis chosersuchasC = H* , we obtainas“control law”:
V= IHpe (24)

Thus,asufcient numberof primitiveshaveto beselected
in orderfor H be of full rank.Thisnumberdependslirectly
onthenumberof parametersonsideredn x (usually4 or 5)
andinr (6).

4.2. New Interaction matrices

We now determinehe analyticalform of Hp matriceswvhen
pointsandcirclesareconsideredStraightlinesor ary other
geometricalprimitive can be handledusing the sameap-
proach.We considerin this paperthe mostclassicalcamera
model(in 2°, morecomplex modelsinvolving lensdistortion
areconsidered).

Caseof point If we denote(u;V) the positionof the corre-
spondingpixel in thedigitizedimage this positionis related
to the coordinategx;y) in thenormalizedspaceby:

U= Ug+ pxX

V= Vot pyy
The four parametersto be estimated are thus x =
f px; Py; Uo; Vog where (up; Vo) are the coordinatesof the
principal point and px; py are the ratio betweenthe focal
lengthandthe sizeof a pixel.

(25)

Let usnotethatmoresimplemodelmaybeconsidereds
well. Indeed,in this contet, consideringup andvp asthe
centerof theimageandassumingox = a py, wherea is con-
stantgivenby thecameramanufctureris usuallysufcient.

We have to computethe Jacobianmaitrix Hp that links
the motionp = (u;Vv) of apointp = (u;V) in theimageto
[Tc x]'. ForonepointLp, isa2 6 matrix and % is a
2 4 matrix.

Theinteractionmaitrix L p, is givenby:

N
Lp =
Pp 0 Py
whereL p,, is givenby equation(16)

L pm (26)
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Furthermorefrom (25), differentiatingu andv for x leads
very easilyto:

o _

x 0 1 0
x 0y 01

@7

Caseof a circle. Let us note (uc; Vc; Mpo; Mo2; My 1) the pa-
rametersthat describean ellipsein the digitized image. It
canbe showvn thatthey arelinked to the metric representa-

tion (Xc; Ye; koo; Ho2; H11) by:

Uc= Upt+ PxXc Vc= Vot PyYc

28
Mpo = H20p>2< Mp2 = H02p32/ (28)

M1y = H11PxPy

fipp
Tom

givenby: px; py; pZ; P; pxpy - Dealingwith thecameran-

is thusa 5 5 diagonal matrix whose diagonalis

trinsic parametersye get % as:

1

(U ug)=px 0 10

Tiop _ O_ (v vo=py 0 1
= 2Mpo=px 0 00 (29)

fix 0 2mop=py 0 O

My1=Px mi=py 0 O

5. Experimental Results
5.1. Software architecture and Implementation

The architectureof our systemis similar to thoseproposed
in 3 or 14, Sinceourapproachs basednthevisualseroing
frameawork we rely on a library dedicatedo suchsystems
andcalledV1SP (Visual senoing platform) 8. This library
is written in C++ and proposeshoth the featuretracking
algorithmsand the posecomputationand calibrationalgo-
rithms. A new softwarecomponenbasedon Openlnventor
hasbeenwritten to allow the insertionof virtual objectsin
theimages.All the experimentspresentedn the next para-
graphhave beencarriedout on a simplePC with anNvidia
3D boardandan ImagingtechnologylC-Compframegrab-
ber

Most of theimagesconsideredn this paperarequitesim-
ple. Our goalwasindeedto illustratethe possibilityto com-
puteaprecisecameraviewpointand,if required cameran-
trinsic parametersvith variousimagefeatureqpoints,lines,
circle, cylinders,...) in real-timewith low costhardware. It
is obviousthatconsideringwvell contrastedmagesandpre-
cisepatternis helpful to achieve this goal,but consideringa
morecomplex imageprocessinglgorithmis alwayspossi-
ble dependingn theapplicationasreportedn 19 26,

5.2. Augmentedreality experiments

Comparisonwith other approaches.n this paragraptwe
presentesultsrelatedto theapplicationof thisframework to
augmentedeality. We rst compareour methodwith clas-
sicalalgorithmsproposedn theliterature:linearestimation,
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Figure 2: e report here two augmentedeality experimentshat useprecisepatternto computethe viewpoint. In (a) four
pointsand a circle are considerwhile in (b) two poseare computedor two different objects:the formeris computedusinga
pointanda circle andis relatedwith theinsertionof the“ghost” while thelater is computedisingfour pointsandis relatedto
theinsertionof the “gr aveyard” (the r stimage of row (b) showsthe srt image prior to its “augmentation” andthe resultof
theimage processinglgorithm).In bothexperimentposesandrenderingare computedat videorate (25Hz)with a oneframe
delay In applicationsud asinteractivevideogamespy moving and orientinga simplepatternthe playermaymodifyon line

andin realtimeits perceptionof thegame

residualerror(mm)

method imagel 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 servoingappmoach and three other
classicalmethods(linear posecomputation,Dementhor?,
anda nonlinear minimizationby the Levenbeg Marquartd
approadc (LM)). We showin this table the residual error
computedor ead methodin two differentimages. Thepat-
ternwasmadeof four coplanarpoints.

numericaliterative estimationby Dementhors Algorithm 6,
non-linearestimationusing a Levenbeg-Marquartdmini-
mization scheme(as proposedn 16 but restrictedto point
features).The target is madeof four coplanarpoints. We
consideiin this experimenttwo images For the secondone,
the image planeis nearly parallel to the target plane. Ta-
ble 1 displaysthe meanerror (kp  pgk) for thesevarious
methods.As expected,the VVS approachs similar to the
non-lineaminimizationby Levenbeg-Marquart'® but is far
moreef cient thanthelinearmethodor the Dementhorg al-
gorithm. A morecompleteanalysisof the algorithmbehar-
ior is proposedn 20 for the calibrationproblem.

Augmentedreality using precisepatterns. To begin with
we report augmentedeality experimentsthat use precise
patterngo estimatehecameraviewpoint. Suchexperiments
shawv thatthis approachmay be ef ciently usedin interac-
tive applicationsuchas(but notrestrictedo) a collaboratve
immersie workplace culturalheritageor architecturenter-
active visualizationinteractive video game(by moving and
orientinga simplepatternthe playermay modify online its
perceptiorof thegame).

Figure 2.a shaws the ef ciency of the algorithmalonga
1600imagesequencacquiredatvideorate.Poses com-
puted from four points (that appearin green)and one
circle (at the middle of the four points).Imageprocess-
ing andposecomputatiorarehandledin real-timethatis
25Hz (poseitself is computedin 3 ms). The statueand
thetexturedpolygonthat“augment’theinitial imagesare
very stablealongthe entiresequence.

in the next experiment(seeFigure 2.b), we shaw thata
limited numberof featuresare requiredto computethe
pose.Indeed the poserelatedto “ghost” is computedus-
ing two circles(the rst imagedepictstheresultof theim-
ageprocessingvheretherelatedcirclesappeain green).
An other object, a “virtual graveyard”, is also inserted.
Therefore anotherposeis computedor this objectusing
four points(the centerof eachblack dot). The two poses
andtherenderingof the scends handledat videorate.
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Figure 3: Posecomputatiorand augmentedeality in real ervironmentwithoutany landmarks.Sincereliable pointsfeatues
are dif cult to track in real ervironment,it is often usefulto considervariousfeatues sud as circles, lines or cylinder In

theseexperimentgeatuesare tracked usingthe moving edgesalgorithmin lessthan5 ms. Thewholeprocessfracking, pose
computationandrenderingis achievedin real-time(i.e., 25Hz).In (a) circlesandlinesare consideedin while in (b), (c) and
(d) cylindes andlines are used Figures(d) illustratesvariouscasef partial occlusionsThisillustratesthe versatility of the
virtual visualservoingprocessart. the choiceof thefeatuesextractedfromtheimage.

Augmented reality in non controlled situations. We
then consider“real” imagesacquiredusing a commercial
recorderIn suchexperimentstheimageprocessingnay be
very compl«. Indeedextractingandtrackingreliablepoints
in real ervironmentis a real issue.Thereforeit is impor

¢ TheEurographic#ssociationandBlackwell Publisher2002.

tantto considelimagefeaturesotherthansimplepoints.We
demonstrateéhe useof circles, lines,andcylinders.In vari-
ousexperimentsthe featuresaretracked usingthe Moving
edgesalgorithm18 atvideorate.
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In the rst experiment(seeresultsin Figure 3.a), the vi-
sualfeaturesconsideredn the posecomputatiorprocess
arelines andcircles. Speci caly, four non-coplanatines
andthreecircles(on the door) areconsideredo compute
the pose.The modelof the scenehasbeenroughly hand
made Thefeaturesaretrackedalonga60imagesequence
andthe imageshave beensuccessfullyaugmentedvith
variousobjects.Theleft imageof Figure3.adisplaieshe
trackedlinesandcylinderlimbsaswell as3D information
insertedafterthe posecomputation.

In Figure3.b a context that canbe encounteredh anin-
dustrialervironmentis consideredA cameras mounted
ontheend-efectorof a6 d.o.frobot. The primitivescon-
sideredin the virtual senoing processaretwo cylinders
anda straightline. Posecomputationis performedn less
than3 ms(exceptin thevery rst image).Notethatsome
featuresdisappeanover time. The size of the interaction
matrix andof theerrorvectoris modi ed consequently
In the third experiment,an outdoorsceneis considered.

2000

px

2000 [ i o 4

o
6Eo @5 e s6 366 i3 a4 16 1o D

Here again, a cylinder and two lines are usedto com-
pute the pose.Despitevery noisy images(wind in the
trees,etc.)trackingis achieved alonga 700and1400im-
agesequenceslheleft imageon Figure3.c displaiesthe
tracked lines andcylinder limbs aswell asthe 3D infor-
mationinsertedafterthe posecomputationthereference
frameandthe projectionof the cylinder). The otherim-
agesareextractedfrom thesequenceaftertheinsertionof

Figure 4: ARwith on-line calibration from pointsand cir-
cles: (a) augmentedscene (b) value of the camen param-
eters (notethat px and py, that re ect the focal length, are
modi ed)

projectionof the modelwith the dataextractedfrom theim-
agesWe presented@xperimentakesultsobtainedusingsev-
eralcameradens,andervironmentsThisapproacHeatures
mary advantages:

virtual objects.

Thefourthexperimentfeatureds asimilarexperimentout
featuresare only partially visible from the camera(left
andright image). The algorithm still generategup to a
certainlimit) acceptableesults.On the right imagenote
thatexplicit occlusionss not handled(this wasnot con-
sideredn the scopeof this paper).

Augmentedreality with unknown focal length. In the se-
guencepresentedn Figure4, importantvariationsareintro-
ducedn thefocallengthof thecamergfocallengthhasbeen
divided by nearlytwo andthenincreasedagain,seeFigure
4.b. Furthermoreheinitial camergparameterareunknavn.
Our goalis to computethe cameraparametersio; Vo; Px; Py
consideringpothpointsandellipsesasimagefeaturesThree
pointsandthreecirclesaretrackedalonganimagesequence.
Dueto thelow numberof featuresconsideredn the experi-
ment,the quality of the estimationof the camergparameters
is of coursdessaccuratehanconsideringarealoff-line cal-
ibration approach(althoughthis canbe achieved as shawvn
in 20, However, the quality of the obtainedresultsis far suf-
cient for AR.

6. Conclusion

We proposedn this paperan original formulation of pose
computatiorandits applicationto augmentedeality. It con-
sistedof modifying the parametersf a virtual camera(po-
sition, orientation andif necessaryntrinsic parametersis-
ing thevisualserwing paradigmn orderto registertheback

First of all, this algorithmis really simple.In 20, we give

a 20 linessourcecodeof the virtual serwing closed-loop
thatcomputeghe poseproposedn this paper;

Evenwith this simplicity, the obtainedresultsmay be fa-

vorably comparedo the bestalgorithmscurrently avail-

able.In particularthe computedboseis far better(consid-
eringtheresidualerror)thanlinearalgorithm.

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

Finally, it allows consideratiormf variousgeometricafea-
tureswithin the sameregistrationprocessThe resulting
interactionmatrix (or imageJacobian)s straightforvard

to derive thanksto thewide visualsenwoing literature. The
choice of adequatdeeaturesmay allow reductionof the
numberof landmarkdo betrackedin theimage.

Demonstration on-line. Most of the demostrationspre-
sentedn this papercanbefoundasmpey Im onthe WwWW
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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