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Abstract

AugmentedReality has now progressedto the point
whele real-time applications are being consideed and
neededAt the sametimeit is importantthat syntheticele-
mentsare rendeedandalignedin the scendan an accurate
andvisually acceptablevay In order to addresstheseis-
suesareal-time robustandef cient 3D model-basetrack-
ing algorithmis proposedor a 'videoseethrough' monoc-
ular vision system. The tracking of objectsin the scene
amountsto calculating the posebetweenthe camen and
the objects. Virtual objectscan thenbe projectedinto the
sceneusingthe pose Here, non-linearposecomputations
formulatedby meansof a virtual visual servoingapproach.
In this contet, thederivationof point-to-curvesnteraction
matricesare givenfor differentfeaturesincludinglines,cir-
cles,cylindersandsphees.A local moving edgestracker is
usedin orderto providereal-timetradking of pointsnormal
to the objectcontouss. A methods proposedor combining
local position uncertaintyand global poseuncertaintyin
an efcient and accurate way by propagating uncertainty
Rolustnesds obtainedby integrating a M-estimatorinto
the visual control law via an iteratively re-weightedeast
squaesimplementation.The methodpresentedn this pa-
perhasbeenvalidatedon several compleximage sequences
including outdoorervironments.Resultsshowthe method
to berobustto occlusionchangesin illuminationandmiss-
tracking.

1. Intr oduction

This paperaddresseshe problem of markerlessreal-
time augmentedeality (AR). Many differenttypesof sen-
sorshave beenusedto achieve this including: GPS,gy-
roscopesgamerashybrid vision, accelerometerandmary
morewhich have beensummarizedn [1, 2]. Althoughthe
implementatiororesentedhereis not restrictedto a partic-
ular displaytechnologythe problemis restrictedto the use
of a monocularvision sensor:a camera. This study will
focuson theregistrationtechniqueghatallow alignmentof
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real andvirtual worlds usingimagesacquiredin real-time
by a moving camera.ln suchsystemsAR is mainly a pose
(or viewpoint) computationissue. In this papera marker-

lessmodel-basedlgorithmis usedfor the trackingof 3D

objectsin monocularimage sequences.The main advan-
tageof a modelbasedmethodis thatthe knowledgeabout
thescengtheimplicit 3D information)allowsimprovement
of robustnesandperformancdy beingableto predicthid-

denmovementof theobjectandactsto reducethe effectsof

outlier dataintroducedn 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 based26], the
latter shaws how the size of the marker contributesto ro-

bustnessand easeof use. In the relatedcomputervision

literature geometricprimitives consideredor the estima-
tion areoften points[13, 7], segmentg[9], lines[20], con-
toursor pointson the contours[21, 24, 10], conics[28, 6],

cylindrical objects[8] or a combinationof thesedifferent
features[25]. Anotherimportantissueis the registration
problem.Purely geometric(eg, [9]), or numericalanditer-

ative[7] approachemaybeconsideredLinearappmadces
usealeast-squaremethodto estimatethe pose.Full-scale
non-linearoptimizationtechniquege.g., [21, 23, 10]) con-
sistsof minimizing the error betweenthe obsenation and
theforward-projectiorof themodel.In thiscaseminimiza-
tion is handledusingnumericaliterative algorithmssuchas
Newton-Raphsoror Levenbeg-Marquard. The main ad-
vantageof theseapproachesretheir accurag. The main
drawbackis thatthey may be subjectto local minimaand,
worse, divergence. It is importantto note that other ap-
proachedo on-line augmentedeality do not rely on pose
estimatiorbut onrelative cameranotion[5], planarhomog-
raphyestimatior[30] or optical o w basedechnique$26].

Thesemethodshave beenshavn to work in real-timeand
in outdoorervironmentshowever, they arerestrictedo pla-
narsurfacesvhichmaybeproblematidn complex environ-

ments.



Statistically robust tracking. To handle occlusion,
changesn illumination andmiss-trackinga statisticallyro-
bust estimationof the posehasto be considered. In re-
lated computervision and statisticsliterature mary dif-
ferent approachesxist to treat external sourcesof error.
Amongstthe robust outlier rejectionalgorithms,methods
in computewision have includedthe HoughTransformand
RANSAC [12]. Theseapproachegreatsthe standardievi-
ationof theinlier data(scale)asa constanto betuned.On
the otherhandthe statisticalmethodssuchasLeastMedian
Square(LMedS) and M-estimators[16] have beendevel-
opedwhich treatscaleas somethingto be estimated. Up
to presenimostapproachefocusonly on a singlegeomet-
ric error functionandrejectary outliers which do not cor-
respondto this de nition. The readeris referredto [31]
for areview of differentrobusttechniquesappliedto com-
puter vision. Statistically robust posecomputationalgo-
rithm, suitablefor real-timeAR techniqueshave beencon-
sidered. Most of theseapproachesre relateddirectly to
computervision literature[12, 13, 22, 20].

Outline of the paper and contributions In this paper
posecomputationis formulatedin termsof afull scalenon-
linearoptimization: Virtual Visual Senwoing (VVS). In this
way the AR posecomputationproblemis consideredas
similar to 2D visual senoing asproposedn [32, 25]. 2D
visual serwing or image-basedameracontrol[17, 11, 14]

allows control of a eye-in-handcamerawrt. to its environ-
ment.More preciselyit consistsn specifyingatask(mainly
positioningor targettrackingtasks)astheregulationin the
imageof a setof visual features. A setof constraintsare
de ned in theimagespace.A closed-loopcontrollaw that
minimizesthe error betweenthe currentand desiredposi-
tion of thesevisual featurescanthenbe built which deter

minesautomaticallythe motion the camerahasto realize.
This papertakesthisframevork andbuilds animagefeature
basedsystenwhichis capableof treatingcomple« scenesn

real-timewithout the needfor markers. Contritutionscan
beexhibitedat threedifferentlevels:

the derivation of the Jacobiarfor complex visual fea-
tures including ellipses, cylinders, points, distances
andary combinatiorof theses easilyobtained Deter
mininganaccurateapproximatiorof theJacobianalso
calledinteractionmatrix, is essentiato obtainthecon-
vergenceof thevisual senoing. In this papera com-
plete derivation of interactionmatricesfor distances
to lines, ellipsesand cylinders are given. A general
frameawork for derivationis obtainedby takingadwan-
tageof the duality of visual serwing methodologies.
Furthermore computationakf ciencies are obtained
by 'stacking' Jacobiansand using a constantinterac-
tion matrix.
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thewidely acceptedtatisticatechnique®f robustM-
estimation[16] areemployed. This is introduceddi-
rectly in the virtual visual senoing control law by
weightingthe con denceon eachfeature.TheMedian
Absolute Deviation (MAD) is usedas an estimateof
the standardleviation of theinlier data.

this formulationfor tracking objectsis dependenbn
correspondencesetweenlocal featuresin the image
andthe objectmodel. In animagestreamthesecor
respondenceare given by the local tracking of fea-
turesin the image. In this paperlow level tracking
of the contoursis implementedvia the Moving Edges
algorithm[4]. A local approachsuchasthis is ide-
ally suitedto real-time tracking due to an efcient
1D searchnormal to a contourin the image. In a
'realworld' scenariccomefeatureamaybeincorrectly
tracked,dueto occlusion,changesn illumination and
miss-tracking. Sincemary point-to-curne correspon-
dencesaremade the methodgivenherehasmary re-
dundantfeatureswvhich favorsthe useof robuststatis-
tics. Furthermorea methodis proposedor propagat-
ing uncertaintyfrom thelocal edgefeaturego aglobal
posedeterminatioralgorithmwhich meanghatno ar-
bitrary predetermine@dgedetectionthresholds nec-
essary

It shouldbe notedthat Drummondand Cipolla [10] have
recentlyproposeda similar approactho robustcomplex ob-
ject tracking. Even thoughthe formulation basedon Lie
Algebrais very different, it is alsoa full scalenon-linear
posecomputation. It is alsobasedon a 1D searchalong
the edgenormalin subsequentrames,aswell asa robust
M-estimation,however, only polyhedralobjectswerecon-
sidered. The analyticalform of the featureJacobianwas
notdeterminededgedetectionthresholdsvereneededand
the orientationof the edgeswverenot consideredThe latter
degradesthe performanceof the systemin termsof accu-
ragy of initial measureandsubsequentomputationaéf -
ciengy.

In the remainderof this paper Section2.1 presentghe
principle of the approach.In Section2.2 the detailsof the
robustvisual serwing control law are shovn anda stabil-
ity analysisis presentedin Section2.3the computatiorof
thecon dencein thelocalfeaturesxtractionis introduced.
Section3 dealswith the choservisual featuresconsidered
in thetrackingprocessFirstly theanalyticalformulationof
theinteractionmatricedfor variousfeaturesarederivedand
thenthe algorithmusedfor trackinglocal featuresis pre-
sented.n Section4, severalexperimentaresultsincluding
visualserwing experimentsaredemonstrated.



2. Robust virtual visual sewoing
2.1 Overview and motivations

As alreadystated the fundamentaprinciple of the pro-
posedapproaclis to de ne the posecomputationproblem
asthedualproblemof 2D visualserwing[11, 17]. In visual
senwoing, the goalis to move a cameran orderto obsene
anobjectat a givenpositionin theimage. This is achieved
by minimizing the error betweenra desiredstateof the im-
agefeaturess andthecurrentstates. If thevectorof visual
featureds well chosenthereis only one nal positionof the
camerahatallowsthis minimizationto beachieved. An ex-
planationwill now begivenasto why the posecomputation
problemis very similar.

To illustratethe principle, considerthe caseof anobject
with various 3D featuresP (for instance,°P arethe 3D
coordinatef thesefeaturesin the objectframe). A vir-
tual camerais de ned whosepositionin the objectframe
is de ned by r. The approachconsistsin estimatingthe
real poseby minimizing theerror  betweenthe obsened
datas (usuallythe positionof a setof featuresin theim-
age)andthe positions of the samefeaturescomputedby
forward-projectioraccordingo the currentpose:

s(r) pr (r°P) (1)

wherepr (r;°P) is the projectionmodelaccordingto the

intrinsic parameters and cameraposer. It is supposed
herethatintrinsic parameters areavailablebut it is possi-

ble, usingthe sameapproacho alsoestimatetheseparam-
eters.

In this formulation of the problem,a virtual camerais
moved(initially atr;) usingavisualsenoingcontrollaw in
orderto minimizethiserror . At corvergencethevirtual
camerareacheghe positionr 4 which minimizesthis error
(rq will betherealcamergpose).

Consideringthats is computedfrom the image)with
sufcient precisionis an important assumption. In vi-
sualserwing, the control law that performsthe minimiza-
tion of is usually handledusing a least squaresap-
proach[11][17]. However, whenoutliersarepresenin the
measuresa robustestimations required.M-estimatorscan
be considerecasa more generalform of maximumlik eli-
hoodestimatord16]. They aremoregeneralbecausehey
permitthe useof differentminimizationfunctionsnot nec-
essarilycorrespondindo normally distributed data. Many
functionshave beenproposedn the literaturewhich allow
uncertairmeasure$o belesslik ely consideredindin some
casescompletelyrejected. In other words, the objective
functionis modi ed toreducehesensitvity to outliers.The
robustoptimizationproblemis thengivenby:

= s =

S

R = s 2)

s(r)
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where (u) is a robust function [16] that grows sub-
guadraticallyandis monotonicallynondecreasingvith in-
creasinguj. Iteratively Re-weighted_eastSquaregIRLS)
is a commonmethodof applyingthe M-estimator It con-
vertsthe M-estimationprobleminto anequivalentweighted
least-squaregroblem.

To embedrobust minimization into visual serwing, a
modi cation of the controllaw is requiredto allow outlier
rejection.

2.2 Robust Control Law

The objectve of the control schemes to minimize the
objectve functiongivenin equation(2). Thisnew objectve
is incorporatednto the controllaw in theform of aweight
whichis givento specifya con dencein eachfeatureloca-
tion. Thus,thetaskfunctionto beregulatedto O is de ned
as:

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).this matrix allowsto considemorevisual
featureghanthe numberof controlledd.o.f.

e=CD(s(r) s);

D is adiagonalweightingmatrix givenby

0 1
W1 0
D=
0

X

Wi
The computatiorof weightsw; is describedn Section2.3.

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

@@d_r = CDL gv;

@ @ dt
v is the cameravelocity scrav andL s is calledtheimage
Jacobian[17] or interactionmatrix [11] relatedto s. This
matrix dependson the value of the image featuress and
theircorrespondinglepthZ in thescengwhichis available
here). If anexponentialdecreas®f the taskfunctione is
speci ed:

e_:

(4)

e_:

®)

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

€

v= (CDE) ‘e (6)

whereE ¢ is a modelor an approximationof the real ma-
trix Lg and® achosermodelfor D.



To simplify the controllaw, C canbe chosento be the
pseudoinverse(BE¢)* of BE,. This givesCBE, =
(Ib Eqs)* BE = I,,, which nally leadsto:

v= (DEY'D s(r) s ; )

If b andE ¢ wereconstantasufcient criteriato ensure
global asymptoticstability of the systemwould be given
by [29]:

(DES)*DLs> 0 (8)

As usual,in image-basesisualsenoing, it isimpossibleto
demonstrateéhe global stability. It is, however, possibleto
obtainthelocal stability for two casesf E andB:

the rst caseis to usethe currentvalueof theweights,
an estimateof the depthat eachiterationandthe cur-
rentfeature:

(BEy)* = DLy(s;2) " ()
This choiceallows the systemto follow, ascloselyas
possible the intendedbehaior (e = e). However,
evenwhencondition(8) is satis ed,only local stability
canbedemonstratedinceD andL s arenot constant
(referto (4) thathasbeenusedto derive (8)).

In the secondcasea constantJacobianis considered
usingtheinitial depthZ;, theinitial valueof the fea-
turess; andthe rst value of the weighting matrix

:|m.

(BE)" = Lo(si;Zi) (10)
This choiceleadsto a simplercontrollaw:
V= Es+e: Ls(si;Zi)*D s s (11)
anda simplercorvergencecriteria:
Ls(si;Zi)*DLs> O (12)

Note alsothat, evenif the model(10) is constantthe
evolution of the weightsduring the realizationof the
control law is taken into accountthrough the com-
putationof e, asin (11). Furthermorethe weights
w;(0) couldbecomputednsteadof choosingthemto
be equalto 1, however, theseinitial weightsmay be
equallyincorrect. Onceagain,only the local stability
of the systemcanbe demonstratedinceequation(12)
is only satis ed arounds;. In theresultspresentedn
sectiond4, we have usedthis secondsolution.

Of coursat is alsonecessarto ensurghatasufcient num-
berof featureswill notberejectedsothatDL g is alwaysof
full rank(6 to estimatehepose).
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It hasbeenshownn thatonly local stability canbedemon-
strated. This meansthat the corvergencemay not be ob-
tainedif theerrors s istoolarge. However,in tracking
applicationss andr areobtainedfrom the previousimage,
thusthe motionbetweertwo successie imagesacquiredat
video rateis sufciently smallto ensurethe cornvergence.
In practiceit hasbeenobsenedthatthe corvergences ob-
tained, in general,when the cameradisplacementasan
orientationerrorlessthat30° on eachaxis. Thus,potential
problemsonly appearfor thevery rst imagewheretheini-
tial valuefor r maybetoo coarse.In the currentalgorithm
theinitialization is donemanually

2.3 Computing con dence
The weightsw;, which representhe differentelements

of theD matrix andre ect the con denceof eachfeature,
areusuallygivenby [16]:

—~
1
~

Wi = ; (13)

=@ G (is thein uence function)

and ; is the normalizedresiduegiven by ;| = i
Med() (whereMed() isthemedianoperator).

Of the variousloss and correspondingn uence func-
tionsthatexist in the literatureTukey's hardre-descending
functionis consideredTukey's functioncompletelyrejects
outliersand givesthema zeroweight. This is of interest
in trackingapplicationssothata detectedutlier hasno ef-
fect on the virtual cameramotion. This in uence function
is givenby:

where

u(C? C

0

u?)? ; if juj

(u) =  elsg (14)
where the proportionality factor for Tukey's function is
C = 4:6851andrepresent®5% ef ciency in the caseof
GaussiariNoise.

In orderto obtain a robust objective function, a value
describingthe certainty of the measuress required. The
scale isthestandarddeviation of theinlier dataandis an
importantvaluefor the ef ciency of the method. In non-
linearregressiorfor posecomputationthis estimateof the
scalecanvary dramaticallyduring corvergence Scalemay
bemanuallychoserasatuningvariableor maybeestimated
online. Onerohust statisticusedto estimatescaleis the
MedianAbsoluteDeviation (MAD), givenby:

1 . .
= M . M . : 1
where () is the cumulative normal distribution function
and ﬁ = 1:48 representne standarddeviation



of the normal distribution. To date,a cornvergenceproof
for non-linearregressionusing the MAD only exists if it
is calculatedonceasan ancillary scaleestimatedueto the
medians lack of asymptoticpropertieg15]. However, al-
thoughcorvergencehasyet to be proved, experimentalre-
sultsshawv thatrecomputingheMAD ateachiterationgives
betterresults(seeSection4).

3. Visual features
3.1 Interaction matrices

Any kind of geometricalfeature can be considered
within the proposedctontrol law assoonasit is possibleto
computeits correspondingnteractionmatrixL s. In [11], a
generafframavork to computel ¢ is proposedindeedit is
possibleto computethe posefrom a large setof imagein-
formation(points,lines,circles,quadraticsgistancesgtc...)
within thesamdramework. It is alsoeasyto shaw thatcom-
bining differentfeaturescanbe achievedby addingfeatures
to vectors andby “stacking”the correspondingnteraction
matrices.Furthermoref the numberor the natureof visual
featuress modi ed overtime, theinteractionmatrixL s and
thevectorerrors is easilymodi ed consequentlyln [25],
classicabeometricafeaturegpoint,straightline, circleand
cylinder) have beenconsidered.

In this paper a new distancefeature’s' is considered
asa setof distancedetweenlocal point featuresobtained
fromafastimageprocessingtepandthecontoursf amore
global CAD model. In this casethe desiredfeature's ' is
consideredzero. The assumptioris madethatthe contours
of theobjectin theimagecanbedescribedspiecaviselin-
earsegmentsor portionsof ellipses.All distancesrethen
treatedaccordingo their correspondingegmentor ellipse.

Caseof adistanceto aline. Thederivationof theinterac-
tion matrix thatlinks the variationof the distancebetween
a x ed point anda moving line to the virtual cameramo-
tion is now given. In Figurel p is thetracked pointfeature
positionandl(r) is thecurrentline featureposition.

The positionof theline is givenby its polarcoordinates
representation,

Xcos +ysin = ; 8(x;y) 2 I(r);
The distancebetweenpoint p andline I(r) canbe charac-
terizedby thedistanced, perpendiculatotheline. In other
wordsthedistanceparallelto thesegmentdoesnothold ary

usefulinformationunlessa correspondencexists between
apointontheline andp (whichis notthe case).Thusthe

distancdeaturefrom aline is givenby:

di = d- (p;1(r)) = (I(r))

(16)

di (17)
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Figure 1. Distance of a point to aline

where

d = XgCOS + ygsin ; (18)

with x4 andyy beingthe coordinatef the tracked point.
Thus,

d+_: 4= _+ (19)
where = Xq4Sin Y4 cos . Deductionfrom (19) gives
Lg = L + L . Theinteractionmatrixrelatecdto d; canbe
thusderivedfrom theinteractionmatrix relatedto a straight

line givenby (see[11] for its completederivation):

-

L = cos sin cos sin 1

L= cos sin (1+ »sin  (1+ ?)cos O
(20)

where = (Azsin B,cos )=D,, = (A, cos +

B, sin + Cz):Dz, andA,X + BoY + C,Z+ Dy =0
is theequationof a 3D planewhich theline belongso.
From(19) and(20) thefollowing is obtained:

0 1
4, COS
d, Sin
_ di .
La = (1+ 2)sin cos ’ (1)
(1+ ?)cos sin
where ¢4, = + .

Letit benotedthatthecaseof adistancebetweerapoint
andthe projectionof 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 projectionin the image plane of a moving cir-
cle or a moving sphere.If the ellipseis parameterizedhy
its centerof gravity and by the momentsof order 2 (that



iS (Xg;Yg; 02; 20; 11)), thedistanced. betweena point
p(x; y) andanellipseis de ned by the ellipseequation:

de = 02X%+ 20¥% 2 uxy+ 2( 11yg  02Xg)X
+2( 11Xg  20¥g)Y + 02XG+ 20¥5
2 uXgYg+ H 20 02
(22)

Thevariationthedistancedueto the variationof the ellipse
parametergrethusgivenby:

1-0
20 uly Y9+ oalxg X)) | Xg
2( 20(yg Y+ 11(Xx Xg)) Yg
de = Yy Y9)? o) 20
2(Yg(X + Xg) + Xgy + 11) i
| ((x  xg)? L{270) y @
= LdeLcV e (23)

whereL . is theinteractionmatrix relatedto anellipseand
is givenin [11].

3.2 Tracking visual features

When dealingwith image processingthe normal dis-
placementsreevaluatedalongthe projectionof the object
modelcontourausingthespatio-temporaWloving Edgesal-
gorithm(ME) [4]. Oneof theadvantage®f the ME method
is thatit doesnot requireary prior edgeextraction. Only

point coordinatesand image intensitiesare manipulated.

For corveniencethe word “contour” is usedto referto the
list of tracked points. The ME algorithm can be imple-
mentedwith cornvolution ef ciency, andleadsto real-time
computationf4, 24]. The processconsistsin searchingor
the“correspondentp'*? inimagel '*1 of eachpointp!. A
1D searchintenval fQ;;j 2 [ J;J]g is determinedn the
direction of thenormalto the contour(seeFigure2). For
eachpoint p* andfor eachentire positionQ; lying in the
direction a criterion correspondingdo the squareroot of
alog-likelihoodratio ; is computed.This ratio is nothing
but the absolutesum of the convolution values,computed
atp' andQj, usinga pre-determinednaskM function of
the orientationof the contour This improvesaccuray and
subsequeref ciency of thetrackingby only nding edges
with the sameorientationandnot all edgesn the path.
Thenew positionp!*! is givenby:

+1

=
Q -argjzma @)

Cwith =it t
[J>;<J],W|thJ-JI o) M I

M ]
(:) is the neighborhoof the consideredpixel. At this
step,alist of k pixelsexistsfrom which distancesy or Sge
to their correspondin@D modelfeatureprojectioncanbe
computedThisis performedor eachnew frameandnever
requiresheextractionof new contours.
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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 (c-d) 2 out of 180 3x3
predetermined masks (in practice 7x7 masks
are used) (c) 18(° (d) 45°.

3.3 Uncertainty Propagation

The local ME methoddescribedin Section3.2 deter
minespointsalongthe normalof a contourusinga maxi-
mum likelihood approach. The decisionasto whetheror
not a spatio-temporaédgeexists is madeby thresholding
thelocal likelihoodvalue. ; is choserto beanedgepro-
viding thatit is greaterthanathreshold . Thisthresholds
usuallychosemanuallyandit depend®n boththecontrast
of the contoursin theimageaswell asthe sizeof the mask
beingapplied.A methodis presentedhereto propagatehe
locallikelihoodof the pointsto the globallikelihoodof the
pose. Assumingthat the local measureof uncertainty
is independenbf the global measuref uncertaintyw;, the
weightsarethusgivenby:

Wy,

= Wi i (24)

wherewy, is thepropagatedveight. Matrix D is thengiven
b
y 0
Wp,

®

0

o !
X

n

Wp

This hasthe effect of giving the mostcertaintyto strong
contoursn termsof thelocal likelihoodandamongsthose
correspondencethe M-estimator corverges upon those
which conform globally to the 3D shapeof the object.
Effectively the robust estimatorchooseswvhich correspon-
dencesshouldbe considerednsteadof a manuallychosen
threshold. This is advantageousvhendifferentscenesare
considerea@longwith differentsizemasks.



4. Experimental results

In the four experimentsgpresented,“realimagesareac-
quiredusinga commercialdigital camera. In suchexper
iments,the imageprocessings potentially very complex.
Indeedextractingandtrackingreliable pointsin real ervi-
ronmentis a non trivial issue. The use of more complex
featuresuchasthe distanceo the projectionof 3D circles,
lines,andcylindersis demonstratedn all experimentsthe
distancesrecomputedusingthe Moving Edgesalgorithm
previously described.Trackingis always performedat be-
low framerate.

Tracking in an indoor ervironment. In the rst experi-

mentthe resultof the trackingof four 3D circlesis shown.
Thislong sequencémorethan2000images)containsmul-
tiple occlusionsof someof thesecircles. Althoughtheim-
agesarequitesimplein thisexperimentjf norobustestima-
tion is consideredrackingfails aftera few imagesbecause
theminimizationprocessasto dealwith miss-trackingand
problemsdueto occlusion.

Figure 3. Tracking 3D circles. Four circles
are tracked along a 2000 images sequence .
This sequence features multiple occlusions
of some of these circles.

In the secondexperimentanobjectwhosemodelis com-
posedof acylinder, acircle andtwo straightlinesis consid-
ered(SeeFigure4). This illustratesthe capabilitiesof our
algorithmto considewariousfeatureswithin the samemin-
imization process. This long sequencdeaturesnumerous
occlusions.

Tracking in an outdoor ernvironment In thethird exper
iment(seeFigure5), anoutdoorscends consideredHere,
distanceto the projectionof a cylinder andto two straight
linesareusedto computethe pose.Despitevery noisyim-
ages(wind in the trees, multiple occlusions,etc.) track-
ing is achievzed alonga 1400imagesequenceTheimages
displaythe tracked lines and cylinder limbs aswell as3D
informationinsertedafter the posecomputation(the refer
enceframeandthe projectionof the cylinder andlines (in
blue)). In Figure6 this approactwasappliedto areal-time
augmentedeality application. Theseimagesare extracted
from thesequencaftertheinsertionof virtual objects.Due
to boththe introductionof the robustestimationandto the
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Figure 4. Tracking considering a circle, a
cylinder and two straight lines and the result-
ing AR sequence .

high redundang of visualfeaturesyisualalignmentis sat-
isfactoryto thehumaneye.

An augmentedreality application for system mainte-
nance Inthisexampleascenarias givenfor guidedmain-
tenanceof anairconditioningsystem.Many lineswith dif-
ferentcontrastsalongwith two circlesareconsideredn the
posecomputationLargeimagesof size768x576pixelsare
usedin the trackingandreal-timeperformances still ob-
tainedThescenariadealswith heary occlusionsaandtheef-
fectsof videointerlacing. In the imagesdisplayedin Fig-
ure 8a,reddotscorrespondo inlier data,white dotscorre-
spondto datarejectedby the ME algorithmandgreendots
correspondo the outliers rejectedby M-estimation. For-
wardprojectionof themodelappearsn blue. On Figure8c,
one can seethat most of the dots on the right part of the
objectare correctlydetectedasoutliers. Despitethis large
occlusiontrackingis correctlyhandled.Theimagesn Fig-
ure8bdisplaytheresultsof asimpleAR scenario.

Tracking in a 3D visual sewvoing experiment. A posi-
tioningtaskusinga CCD cameramountedon theendeffec-
tor of asix d.o.frobothasbeenconsideredThisapplication
requiresboth a fastandreliable trackingalgorithm. From
aninitial position,therobothasto reacha desiredposition
expressedas a desiredposition of the objectin the image
(depictedin blue in theimages). The objectof interestin

this experimentwasa micro-controllerdevice. To provethe



in an outdoor environ-
ment. Despite multiple occlusions and dis-
turbances, tracking is still very reliable and
handled in real-time .

Figure 5. Tracking

Figure 6. Tracking considering a cylinder and

two straight lines with application to aug-

mented reality .
robustnessf thealgorithm themicro-controllewasplaced
in a highly texturedervironmentasshown in Fig. 7. Track-
ing and positioningtaskswere correctlyachieved. Images
wereacquiredandprocesseatvideorate(25Hz). Multiple
temporaryand partial occlusionsby an handand various
toolsaswell asmodi cation of thelighting conditionswere
imposedduringtherealizationof the positioningtask.

5. Conclusionand Futur e Perspectives

This paperhaspresentedin accurateandef cient real-
time AR algorithmthatis robustto mary source®f external
error. Advantagesf the virtual visual senoing formula-
tion aredemonstratedby consideringa wide rangeof per
formancefactors. Notably the accurag, ef ciency, stabil-
ity, androbustnessssueshave beenaddressednddemon-
stratedto performin highly complex scenes.In particulay
the interactionmatricesthatlink the virtual cameraveloc-
ity to the variation of a distancein the imagewere deter
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Figure 7. Tracking in comple x environment
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) partial occlusion
with hand, (c) lighting variation, (d) nal im-
age with various occlusions

mined. The generalityof theformulationwasshavn by de-

terminingdistancefeaturesor more complex objectssuch
asstraightlines, spheresandcylinders. A new robustcon-

trol law thatintegratesan M-estimatorhasbeenproposed.
The resulting posecomputationalgorithm is thus able to

dealef ciently with incorrectlytrackedfeatureghatusually
contributeto a compoundeffect which degradeghe system
until failure. Experimentalresultsobtainedusing several

cameraslens,andernvironmentswerepresentedThealgo-

rithm hasbeentestedon variousimagessequenceandfor

variousapplicationgvisual senoing, augmentedeality,...)

which demonstratea real usability of this approach Each
timetrackingis handledn real-time.

In perspectie, the algorithmpresentederehasseveral
limitationsthatneedto be addresseth thefuture. Firstly it
relieson a coarsemanuallocalizationof 4 pointsto initial-
izethepose.Theexperimentatoneof corvergences about
30° andthe maximumspeedof the cameraor the object
relieson a trade-of betweernreal-timecalculationandthe
searchdistancenormalto the contour With currentcom-
puting power this distanceis very large (10 to 15 pixels).
A lack of contrastaroundcontoursandtoo largeocclusions
areclassicafailuremodes Finally, thismethodusesaCAD
modelwhich is approximatelycreatedoy handanda piece-
wise parametricrepresentationf the object. Futurework
will be devotedto addressingheseissuesby considering
deformableobjectsandthereconstructiomf parametriob-
jectsmodels.



e

Figure 8. Tracking and AR for a constructed maintenance scenario. Even with heavy occlusion and
disturbances, tracking is still very reliable and handled in real-time . (a-d) Tracking results (e-f) AR
sequences corresponding to image a (resp ¢)
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In this study the spatio-temporahspectof the tracking
processhasnot beenconsideredn depth. Indeedrobust-
nesscanalsobe handledfrom onetime-stepto another(as
is possiblein a Bayesianframeawork, suchaswith the Ex-
tentedKalmanFilter e.g.[27] or aparticle Iter [18]). The
measurementprovided by our algorithm could then be-
come part of the measurementnodel for suchapproach.
Such lters may be consideredn a future implementation
of oursystem.
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