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Abstract

Augmented Reality (AR) is the process of integrating virelaments in reality, often by mixing
computer graphics into a live video stream of a real sceneqftires registration of the target
object with respect to the cameras. To this end, some appesaely on dedicated hardware,
such as magnetic trackers or infra-red cameras, but thefoarexpensive and cumbersome to
reach a large public. Others are based on speci cally designarkers which usually look like
bar-codes. However, they alter the look of objects to be aumged, thereby hindering their
use in application for which visual design matters. Recewaaces in Computer Vision have
made it possible to track and detect objects by relying oarahfeatures. However, no such
method is commonly used in the AR community, because therityatd available packages is
not suf cient yet. As far as deformable surfaces are conegfithe choice is even more limited,
mainly because initialization is so dif cult.

Our main contribution is therefore a new AR framework that peoperly augment deforming
surfaces in real-time. Its target platform is a standard P& asingle webcam. It does not
require any complex calibration procedure, making it petifesuitable for novice end-users.
To satisfy to the most demanding application designers,framework does not require any
scene engineering, renders virtual objects illuminatedebylight, and let real elements occlude
virtual ones. To meet this challenge, we developed sevenaliative technigues.

Our approach to real-time registration of a deforming stefes based on wide-baseline fea-
ture matching. However, traditional outlier eliminatia@chniques such as RANSAC are unable
to handle the non-rigid surface's large number of degredseeflom. We therefore proposed a
new robust estimation scheme that allows both 2—-D and 3—Erig@hsurface registration.

Another issue of critical importance in AR to achieve realis illumination handling, for
which existing techniques often require setup procedurafevices such as re ective spheres.
By contrast, our framework includes methods to estimatanihation for rendering purposes
without sacri cing ease of use.

Finally, several existing approaches to handling occhsia AR rely on multiple cameras or
can only deal with occluding objects modeled beforehandr r@guires only one camera and
models occluding objects at runtime.

We incorporated these components in a consistent and ekibmework. We used it to aug-
ment many different objects such as a deforming T-shirt dreesof paper, under challenging
conditions, in real-time, and with correct handling of itiination and occlusions. We also used
our non-rigid surface registration technique to measueestiape of deformed sails. We vali-
dated the ease of deployment of our framework by distrilgutirsoftware package and letting
an artist use it to create two AR applications.

Keywords: Augmented Reality, non-rigid surfaces registration, defable object detection,
geometric and photometric camera calibration, occlusegnsentation.






Réalité augmentée pour surfaces non
rigides

Le terme réalité augmentée désigne l'intégration d'élémenrtuels dans la réalité. Dans
la majorité des cas, elle consiste a insérer des images dieésgndans une vidéo Imée en
temps réel. La réalité augmentée implique le repérageadpiil'objet & augmenter par rap-
port a la caméra. Des capteurs spéci ques, comme des ssiveagnétiques ou des caméras
infra-rouges, peuvent effectuer ce repérage. Cependamhatériel est colteux et compliqué a
utiliser. Il reste donc dif cile d'accés pour le grand publid'autres méthodes se basent sur des
marqueurs d'apparence similaire a des code-barres. Eiseptent néanmoins un inconvénient
majeur lorsque l'aspect visuel est important, car elledraiit I'apparence des objets a augmen-
ter. Dans ce contexte, des progrés récents en vision parabedir rendent possible le suivi et la
détection d'objets en exploitant uniquement leurs caretigues propres. Cette technique reste
encore peu répandue en réalité augmentée, a cause de liténaigore insuf sante des logi-
ciels disponibles. En outre, aucune de ces méthodes ne fdertragtement ef cace de surfaces
déformables, linitialisation étant particuli@remenbptématique.

La contribution principale de nos travaux est donc un nouaateme de réalité augmentée
gérant correctement, et en temps réel, des surfaces quifeengdt. Le matériel nécessaire
se réduit a un ordinateur standard et & une webcam. De plirg systéme ne requiert pas
de procédure de calibration compliguée, il convient dormatament au grand public. Notre
systéme peut aussi satisfaire les concepteurs d'applicaies plus exigeants. En effet, il ne
nécessite aucune modi cation de la scéne a augmenter, @fehobjets virtuels éclairés par la
lumiere réelle et permet a des éléments réels de masqudémaerés virtuels.

Pour atteindre cet objectif ambitieux, nous avons dévelqgpsieurs techniques innovantes :

— Notre approche de détection en temps réel d'une surfacerdéé se base sur la mise en

correspondance de points entre une image modéle et I'imayemant de la caméra. La
mise en correspondance est automatique, mais imparfaggjge donc I'élimination des

données aberrantes. Mais les algorithmes traditionnefante RANSAC, sont incapables
de gérer le nombre important de degrés de liberté d'une sairfformable. Nous pro-

posons donc un nouvel algorithme d'estimation robuste quingt le repérage spatial de
surfaces déformables, a la fois en deux et en trois dimesision

— Le réalisme en réalité augmentée exige également une lgeston de I'éclairage des

objets virtuels par la lumiére réelle. Les techniques arigs ont souvent besoin de procé-
dures compliquées de mise en place, ou d'outils comme désesphé échissantes. Notre
systeme intégre également des méthodes d'estimationdaitdge, mais sans sacri er sa
facilité d'utilisation. La réalité augmentée résultangt @onc a la fois accessible au grand



public et réaliste.

— Notre approche permet de masquer partiellement |'objgtieli lorsqu'un élément réel le
cache. Les approches habituelles de gestion d'occulsaterbasent sur plusieurs caméras
ou ne peuvent gérer que des occultations causées par dés moo@élisés a l'avance. La
nbtre ne nécessite par contre qu'une seule caméra et moddisemps réel les objets
occultants.

Nous avons intégré ces trois composants dans un systemeabbe exible. Nous I'avons uti-
lisé pour augmenter des objets variés, comme un T-shirt edfaurille de papier. Notre systeme
augmente des surfaces pendant gu'elles se déforment, darsodditions dif ciles, en temps
réel et avec une gestion correcte de I'éclairage et destatians. Nous avons également utilisé
notre technique de detection de surfaces non rigides posumaela forme de voiles déformées.
Finalement, nous avons validé la facilité de déploiememtalee systéme en distribuant un logi-
ciel. Il a été utilisé entre autres par une artiste pour créaxapplications de réalité augmentée.

Mots-clés :  Réalité augmentée, repérage spatial de surfaces nongjgiéeection d'objets
déformables, calibration géométrique et photométriqueasieéra, segmentation d'occultations.
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Notations

Scalar i,r
Point Individual 3-D or 2D points are noted with Roman charactprv.

Correspondence A single correspondence between 2-D poitgsand ¢; is written: ¢ =
fco, c10

Set of correspondences capital:C = C1; 5 G
Vector Bold: v

Matrix Roman capitalM

Parameter vector
vi Vertex numbei
" Energy function

q= T (p) The surface to screen transformation: <? ! < 2 sends the poinp lying on the
original surface to screen locatiop The transformation is parameterized hy

b (p) Barycentric coordinates of poipton the undeformed model.
r Radius of con dence
(;r) Robust estimator

m The model image, also called reference or template image pixXel at locatiorp is written
m p .

u The input image.
s The augmented image showing synthetic geometry or surfaed@

€ The irradiance reaching surface pomt

11
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List of Abbreviations

AR

CG
CVPR
DoF
E-M
FPS
GLSL
GMM
GPL
GPU
ICCV
ISMAR
PC
PDA
pdf
RANSAC
ROC
SLAM
VR

Augmented Reality

Computer Graphics

Computer Vision and Pattern Recognition
Degrees of Freedom
Expectation-Maximization

Frame Per Second

OpenGL Shading Language

Gaussian Mixture Model

GNU General Public License

Graphic Processing Unit

International Conference on Computer Vision
International Symposium on Mixed and Augmented Reality
Personal Computer

Personal Digital Assistant

Probability Density Function

Random Sample Consensus

Receiver Operating Characteristic
Simultaneous Localization and Mapping

Virtual Reality
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1. Introduction

The popularity of Augmented Reality (AR) has been growingrduthe last two decades, helped
along by the increasing power of computer graphics hardwhesdecreasing prices of webcams
and camcorders, and, last but not least, the increasingtdss of computer vision algorithms.
This is particularly true of recent approaches to rigid objgetection and tracking for which
many effective and real-time solutions have been propo8€d63,[88/ 61]. These methods
have reached the maturity necessary for augmented repfitications that require automation,
robustness, accuracy, and speed. By contrast, soundragigistof non-rigid surfaces still lags
behind, which limits the range of objects that can be handlddn-rigid tracking solutions
exist [5,[40[ 24, 21,13], but they tend to be slow and automiigelization remains an issue for
which there is no convincing real-time solution.

This is the problem we address in this thesis. We proposaveefiark for augmenting images
of a non-rigid surface Imed with a standard camera. Becayemmetric registration is only one
of the steps required by augmented reality, our framewatluigtes vision-based tools not only
for geometric registration of deformable surfaces, bub &s recovering illumination, allowing
real light to affect virtual objects, and for handling ocgilin to allow real objects to hide virtual
ones.

The resulting framework lets us augment fast and realitidmages of non-rigid surfaces
acquired by an ordinary camera. We took a particular carensure its genericity and ease
of deployment. It was successfully used by augmented reafiplication designers, such as
artists, allowing them to concentrate on application dgsigther than dealing with technical
issues[[9b]. Furthermore, the algorithms we developed pplicable in a wider context that
includes 3-D surface measurement and video surveillance.

1.1. Contributions

Prior to our work, no AR system could properly augment a defille surface seen by a single
ordinary camera. Our key contribution is therefore to malk pgossible and realistic in such a
challenging context: we augment in real-time images of igilog surfaces using a camera as
the sole sensor. We achieve this ambitious goal by devajogénweral new algorithms, which,
together, form a consistent and exible AR framework. Its mabmponents are geometric
registration, both in two and three dimensions, illumioathandling, and occlusion handling.
Compliance to a common set of constraints ensures goopeeability between the compo-
nents. They can all handle both rigid and non-rigid surfa@égy do not require any engineering
of the scene. They run in real-time. They require a singleerarbut can take advantage of ad-
ditional ones, if available. Finally, they deliver high wa quality without sacri cing ease of
use, both for end-users and for application designers.

15



1. Introduction

Achieving this has required a number of technical advaneesmulse state-of-the-art tech-
nigues were not up to the challenge:

Registration We propose a method to fast and robust nod-sigiface detection. To run in real-
time, our method relies on wide-baseline matching of 2—Ruieapoints. Given
such correspondences, if the target object were rigid,ctlate it and estimating
its pose could be implemented using a robust estimator ssdRANSAC [34].
However, for a deformable object, the problem becomes faernomplex because
not only pose but also a large number of deformation paraetast be estimated.
We therefore contribute a robust optimization scheme desigo work in these
conditions, resulting in an accurate, fast, and robust nigid-surface registration
algorithm.

lllumination We propose new approaches to allowing virtugéots to re ect real light. For full
3-D virtual objects, we construct a radiance map. For aaird+D layer lying on
the real surface, we locally estimate illumination. Theeltvof these approaches
comes from the fact that neither requires speci ¢ devicesanplex calibration
steps, as most state-of-the-art approaches do. Thereforejethods allow novice
end-users to enjoy virtual objects shaded by real illunidmat

Occlusion We push visual quality for AR even further by aliog/real objects to hide virtual
ones. Our contribution consists in a new solution to ocolusegmentation that
does not require multiple views or any other device, anddhathandle unmodelled
occluding objects.

Combining these methods results in a framework able to angnmmn-rigid surfaces, re ecting
real illumination on virtual elements, and respecting thelasions caused by real objects.

1.2. Organization of this Document

The thesis is organized as follows. The next chapter revisRdasics, investigates its require-
ments, and sketches a generic framework. Chdpter 3 disctissemportance of augmenting
non-rigid surfaces and de nes assumptions on top of whichdesigned solutions that t into
our framework. Chaptdi 4 introduces our approach to geaenegistration and calibration,
notably our robust estimation scheme. Chapler 5 covemiitiation issues. ChaptEl 6 shows
how real objects can be made to occlude virtual ones. ChHEppeesents the results obtained
with our framework. Chaptdi 8 discusses the impact andaditioits of our work and concludes
the thesis.

As opposed to a traditional habit, we review related workhat beginning of each chapter,
rather than in a separate one. Thus, a broad overview ofctdl® art methods for AR is
presented in Sectidn 2.3, while more Computer Vision relatethods for registration are re-
viewed in Sectiofi4]1, for handling illumination in Sectidl, and for handling occlusions in
Sectiof&.1.

16



2. About Augmented Reality

Virtual Reality has become popular and widespread durie@thlast years, thanks in particular
to the rapid improvement of computer graphics. It is now matemough to immerse users
in virtual environments and allows video-game players tohevin complex and realistic but
entirely arti cial worlds. By contrast, AR combines realdwirtual by adding synthetic elements
to the real world, or by altering or hiding real ones. More @pmally, in video-based AR, a
camera captures a scene, a computer then analyzes the iamaesnders the virtual objects at
the correct location and under the appropriate lightingdétioms. The resulting image is shown
to the user who can then interact with both real and virtuaispaf the scene.

2.1. Applications

We begin by presenting the most representative applicatdithis technology. Some of them
have already been demonstrated and used. We believe thahtire soon will be.

Home Entertainment A recent example illustrates the interest of this businessatig-
mented reality: The video gamihe Eye of Judgmemublished in 2007 by Sony Computer
Entertainment Inc for the PlayStation 3 console (Fiduré.2lf)this game, playing cards are
augmented with virtual creatures. The software relies atlblnd white patterns printed on
cards border to detect them and compute their orientati@indJiuch patterns is acceptable in
this context because the target audience is fond of emetgaimology.

mScope On * Back |

T

Figure 2.1..The Eye of Judgmeng Sony game that mixes virtual creatures and cards using
augmented reality. A camera Ims the game board on which #e disposes cards.
On the TV screen, virtual characters come to life and stanthemeal cards.

17



2. About Augmented Reality

Figure 2.2.: Mobile phones and other embedded systems sarmafjment reality. Courtesy of
Daniel Wagner[I115].

Mobile Applications  As depicted by FigurE—2.2, the recent increase in perforemaficno-
bile devices, such as PDAs or mobile phones, allows themgpast AR applications[114]. AR
reaching such common and ubiquitous devices will lead toeroos applications. Imagine a
mobile device acting as an electronic guide for touristat dould augment street signs with their
translations, or monuments with visual annotations. Theigbcould also use a conventional
paper map showing static information at a very high resotytand see an augmented object
by pointing the device towards the place of interest. In otherds, AR is a powerful way to
supplement a paper map with dynamic and interactive content

Augmented reality on a mobile platform also offers advertient opportunities. By pointing
the device towards an advertisement displayed in a straetemacould see a live augmentation
presenting further information. This would turn a simplatit display into an animated and
interactive one.

Tourism and Culture  In theme parks and in museums, visitors can be made to experien
virtual objects or characters in a real environment. Augtimgnantique ruins with a virtual re-
construction of the original building can help visitors tagp the magni cence of past cities,
without altering the ruinsI113]. Virtual characters dregsn historical costumes playing in an
ancient residence can also greatly improve visitor's eigpee, as demonstrated in the Norwe-
gian Museum of Cultural History. A method to superimposdquial artwork with projected
imagery is proposed i [10]. It allows overlaid graphics andrations to tell stories about a
painting.

The French company Total Immersion designed a show calledFlihare is Wild for the
theme park Futuroscope, in Poitiers, France. It allowsafisito experience a virtual safari,
set in the world as it might be 200 millions years from now. Tremals of the future are
superimposed on reality. They come to life in their surrdogdand react to visitors gestures.

Augmented reality has a strong potential to impress sparstal herefore, it can be integrated
into company presentations, university lectures, or olilsercommunication events. For exam-
ple, a narrator can present a real object which is then autpddive in the background. It is
precisely what Intel did in January 2008 at the Consumer Eleitt Show, Las Vegas, to unveil
a range of new processors, including chips designed foatleet"mobile Internet devices". The
impact of the demonstration was guaranteed because theolegly did not require any marker

18



2.1. Applications

Figure 2.3.: The depicted AR system is commercially avélamd allows training remen in
realistic yet safe situation. Users see in their head moludigplay harmless and
virtual re and smoke. Courtesy of Resolve Fire & Hazard Resge Inc.

or visible elements beside a PDA equipped with a camera.

For such applications, an unintrusive and realistic augetkreality is best. The better real
visual effects such as illumination and occlusion are rdpeed on virtual objects, the more
natural will be user's feeling.

TV and Movie Industry  Adding virtual elements in TV shows is very popular. For arste,
the company Orad proposes solutions for augmenting speetg®with advertisement or addi-
tional information, such as distance measures on a socter e

Augmented reality is a convenient way of providing realgispecial effects preview for Im
making. Thus, directors can quickly have a clear idea of the result, without having to wait
that the computer graphics team nishes its work.

Training, Visualization and Maintenance Training re ghters, policemen, or rst-aid
workers to handle emergency situations can also bene t fAiRn As depicted by Figur€2.3,
the trainees can be shown catastrophic but virtual eveperisnposed on the real environment,
such as a virtual re in a real building, or a virtual ood in aal city.

Augmented reality can also be used to visualize inaccessltjects. For example, city work-
ers could see augmented pipes in the streets before staotidig a hole. In another context,
augmenting a patient's skin with virtual organs and tumarlddielp a surgeon in his work, as
depicted by Figurg214.

Augmented reality can also be used to give maintenanceiaigin. The instructions to repair
a complex device such as a printer or a car engine can be ptitough AR, as depicted by
FigurelZh. The direct overlay of instructions over the phihterest can be much more ef cient
than reading documentation on paper.

This AR application list is of course not exhaustive, and ynarore are still to be invented.
Because many elds can bene t from AR and because young amdbiture technology already
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2. About Augmented Reality

Figure 2.4.: An application of AR to surgery. This prototyp®poses to use AR to display 3-D
data during endoscopic surgery. Courtesy of ChristophIBiefer [9].

Figure 2.5.: An application using AR to show maintenancerircsions directly on the broken
device. Courtesy of Gerhard Reitmayr[87].
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2.2. Challenges

meets success, we believe that AR techniques will improwhémext years, allowing larger
diffusion and popularity.

2.2. Challenges

In spite of all these potential applications, AR is not yet bigjuitous as Virtual Reality, mostly
because the technology is far less mature and AR researtike MR research, still focuses
more on developing basic techniques rather than their egdfns. This is because integrating
virtual elements in a real picture is far more complex thantlsgsizing an image from scratch:
The real world is uncontrolled and has to be sensed and “sta&t”, while virtual worlds are
simply built to suit the application's requirements. Thexuirement for automated machine
understanding of reality is one of the great challenges ofahR is worth explaining in more
details.

A typical video-based AR system repeatedly performs tHewiohg steps: Image acquisition,
scene modeling, virtual object rendering, and display. [&/ttie loop is running, the user can
interact with real objects and see results on both real aridalielements. As we will see,
additional sensors can be used to make the job easier, bcarhera remains the most important
one.

Given these sensory inputs, the AR system must perform thigeal tasks:

Registration  To properly draw a virtual object in a picture, it is necegsarknow where to
draw it, at what size, and under which perspective. Theegfan AR system must constantly
model the position of the scene with respect to the cameris i$tknown as registration and
must be accurate because little errors quickly produce egalistic effect.

lllumination Modeling Rendering a virtual object in a real scene will lack realiihdoes
not re ect the real illumination environment. Thereforepractical AR solution must be able to
model real illumination conditions.

Occlusion Handling If something real lies between the camera and the virtualcbbile
latter should only appear partially in the augmented imdgethis end, the system either needs
knowledge of the 3—D scene, which is costly to provide, or g twalecide at runtime what parts
of the virtual object are occluded.

Registration, illumination modeling, and occlusion hamgllhave to be performed on-line,
since camera motion, illumination and object visibilitynoehange non deterministically. They
also have to be obtained in real time and with delays as shgbssible to permit comfortable
interaction. In most cases, if the user had to wait even hatcargd for the system to react, he
would probably quickly loose interest in using it.
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2. About Augmented Reality

Figure 2.6.: An AR application based on ARTagl[32] that regidar code-like markers. The
user wears a special costume which is augmented with a hatoeor.

2.3. Related Work

Having identi ed three challenges that video-based AR &yst must meet, we brie y review
current techniques dedicated to solving them.

Registration ~ An abundant literature is available about registration.r Qual here is not to
give a complete review but rather to describe classes ofisnhi

To measure the pose of a moving object or camera, one car dttata dedicated sensor
to measure pose and orientation. Among such sensors thatduaeessfully been used for
AR purposes are magnetic sensors, inertial measuremeastthat combine accelerometers and
gyroscopes, and retro-re ective markers Imed using infead cameras. They offer robustness.
However, they are expensive, cumbersome to setup, and tigky hmit the volume in which
tracking is possible. Moreover, their accuracy is not alsvayf cient for AR, and video-based
techniques have to complement them.

Computer vision based approaches directly analyze thedroagtent to infer the camera pose
and rotation with respect to an object visible in the image. ofvtion is therefore to introduce
in the scene one or more object that are speci cally desigonecdutomated detection. Many
augmented reality systems rely on such markers that oftek like bar-codes. Registration
of natural and known objects is also possible, often by efiptptheir 3-D model. Some ap-
proaches use the edges of a CAD model [57]. Others are basth@ ¢exture naturally present
on the object([63].

Some tracking algorithms do not even need to know what theyamking at; They simul-
taneously track the camera movements and reconstruct a€prBsentation of the scerle [58].
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These approaches solve a problem often called Simultanamadisation and Mapping and can
only deal with rigid environments.

lllumination  Inlaying a virtual object into a real picture requires somewledge of the real
illumination. In the pioneering work of /8], geographic ftam, date and time of picture acqui-
sition was used to determine sun's orientation, allowingréalistic shading of outdoor scenes.
Some approaches estimate the environment beforehandrimgom full 3—D model of the visi-
ble scene, which usually implies some manual interven@h68/41]. Others rather make use
of speci ¢ instruments. Debevec takes several picturessgteerical mirror under different ex-
posures[[23]; Sato et al use a pair of images taken with steig®-angle camera$ [03]. Bimber
et al use projectors and cameras to capture re ectancenvation from diffuse real objects and
to illuminate them under new synthetic lighting conditidag]).

On-line estimation of dynamic illumination environmengiso possible, for example by com-
bining a spherical mirror on a marker. Image analysis of sudbvice provides both the pose of
the virtual object and its light environmeni [55].

Occlusion  One possible way AR systems have to let a real object occluddual one is
to use a depth sensor attached to the camera. The depth ationnis then used as a Z-buffer:
Pixels showing a real object closer than the virtual one aefeunmodi ed. Depth sensors
include stereo pairs [118,142], trifocal cameras, and lesgge scanners.

Other methods assume that potentially occluding objeaskaown and modeled in 3-D.
Their registration allows the system to compute a Z-buffdrich solves the problem. However,
this presumes that the environment is static and has beepletaty modeled beforehand.

Finally, some approaches do not rely on computing depthebufiistead, they use reasoning
on contours[|B] or semi-interactive outlining of occludiabjects [60].

2.4. A Generic Framework for Augmented Reality

We have seen that a variety of approaches is possible tossldiR issues, each with strengths
and weaknesses. When designing a speci ¢ AR applicatiand#dveloper has several options
to choose from. This choice should be conditioned by the arsto the following questions:

Devices What are the available devices? Is a single, uninstrumerseti@ the only available
device for registration? Or is it possible to use multiplesnand dedicated sensors?

Scene engineering Is it permissible to engineer or instrument the scene to angnfar ex-
ample by painting a marker on the augmented object?

Visual quality How important is it to account accurately for illuminatioffeets and occlu-
sions?

Ease of use How knowledgeable are the end users expected to be?
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2. About Augmented Reality

Single | Noscene| Visual Ease of
camera | engineer-| Quality use
ing
Home applications ++ + + ++
Museums + ++ + ++
TV/Movie + ++ +
Mobile ++ + + ++
Shows ++ +
Training, Visualization + ++

Table 2.1.: The requirements of augmented reality apjdicat A “++” in a cell denotes that the
corresponding criterion is necessary for the applicatidri+” denotes an optional
criterion: The application would bene t from satisfyingettonstraint, but it is pos-
sible without it. An empty cell denotes an irrelevant ciiber Obviously, real-time
registration is a requirement shared by all augmentedtyestiplications.

In this work, we did not attempt to design a single AR applmatiinstead, we created generic
building blocks that could serve in any AR context. Our geabiallow AR application designers
to concentrate on authoring rather than on solving techigsaes by letting them use generic
off-the-shelf solutions that are as widely applicable assgge. With this goal in mind, we
answered the guestions introduced above in the followingrmea

We want to develop methods that work without specializedstegion devices. Only
a single standard camera is required. If more cameras arkalaleaithey can improve
accuracy, but that must remain optional.

We want to handle natural objects without having to instrantiee scene.

To achieve realism, the visual quality should be high and kaukl model the effect of
real light on virtual objects and their occlusion by realeatig.

The end users should not have to be experts and should notdélow complex cali-
bration procedures or to perform manual tracker initidlza

On top of these requirements remains of course the time reamist AR application should be
interactive, completely automated, and real-time.

An AR system that could do all this reliably would certainlg generic. Table—211 highlights
this by listing the requirements of different applicatidasses and by rating the importance of
each one of these constraints. It states for example thaglestamera is the only acceptable
device for home and mobile applications, for practical andn®mic reasons. A discreet AR
technology that does not require visible markers is usefubfl kind of applications, but spe-
cially for museums and for shows. In a museum, the originadatbjshould not be altered. For
best impact during a show, AR technology should remain iibkdgo give more visibility to the
result. Visual quality is similarly important everywherxcept for technical visualization which
prefers clarity to realism. Ease of use is important in afilagation involving untrained users.
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2.4. A Generic Framework for Augmented Reality

Table[Z1 summarizes the requirements and con rms that anget AR system would suit
many application classes. In this work, we therefore triettdep these constraints in mind
when developing algorithms.

From the AR application author point of view, such geneyician have a cost: An overcon-
strained system might not reach the performances of an addiotion. However, we will show
that this performance loss can be minimized by using wesigieed algorithms. Furthermore,
the ease of deploying a generic system as opposed to dewglapspeci ¢ solution usually
outweighs any drawbacks, since it allows designers to spar@on authoring the application,
rather than solving its technical issues.
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3. Augmenting Deformable Surfaces

By contrast to AR involving rigid objects, we are not awareaofy interactive AR application
involving deformable surfaces that predate our publicatin2005 [84]. Yet, it is an important
topic, as evidenced by the many papers published on this sipce then[[11€, 66, 28,147,140,
[123,50].

In this chapter, we start by distinguishing 2—D from 3-D ajggttes to deformable surface
augmentation and discuss their respective strengths aalingseses. We then review the dif-
culties that must be overcome to achieve real-time AR fon#id surfaces and then list its
most important applications. Finally, we de ne the goald assumptions we base our work on.

3.1. The Third Dimension

Augmented reality can be achieved either in two or in threeeatisions. In 2-D, the goal is
to modify the color and texture of real objects without chiaggtheir geometry. In 3-D, the
augmented objects do not have to lie on existing ones: Batimgey and texture can be virtual.
Figured 31l anf32 depict 2-D and 3—-D augmented reality.

Choosing two or three dimensions has strong implicationgevelesigning an augmented re-
ality system, most obviously for registration. Recovering—D geometric transformation from
an image is far less ambiguous than a 3—D one. In pathologisals; several very different 3—
D con gurations can lead to very similar image projectiongking recovery by minimization
subject to many local minima. Moreover, a 2-D geometricstegiion does not require camera
calibration, because it handles pose and projection tegefis a single problem. In 3-D both
are dissociated, and recovering pose and shape requir@drihsic parameters of the camera,

Figure 3.1.: Augmenting a deforming sheet of paper with a 2aBoon character. Left: Input
image. Right: Augmented image. The virtual drawing bendth whe paper, is
shaded appropriately and is partially occluded by the handitg the page.
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3. Augmenting Deformable Surfaces

i

Figure 3.2.: Augmenting a deforming sheet of paper with 3HRcts. In this application, the
user can change the path of the electric arc connecting ttuabpoles by deforming
the sheet of paper.

adding complexity. However, working in object space ratien in image space also has ad-
vantages. 3-D surface deformations have a true physicatinggaunlike their 2—-D projection.
This makes handling self-occlusions much easier. A 3—-D ineillbe able to correctly predict
and locate hidden areas just by observing visible ones. Byrast, a 2-D model will often let
the hidden part oat.

lllumination handling is also easier in 2-D, because illuation information is present in
each frame. The real surface required for retexturing @dljure ects real light. Thus, when
augmenting a single pixel showing a particular surface,dlieanination can be deduced from
the original pixel itself. In 3—-D, by contrast, virtual objealo not have a real counterpart and
therefore do not re ect real light. In this case, an estimdt¢he illumination environment is
necessary to illuminate virtual objects appropriately.

Handling occlusions is also more complex in 3—D than in 2—[MeWa real object occludes a
virtual one that lies on a real surface, observing whethestirface is visible or not is suf cient.
In 3-D, there is no real surface to observe. Virtual and re@aib can intersect. Thus, a depth
estimation is required for proper occlusion handling.

Because the choice of working in two or three dimensions aép@n the application, we
present methods for both. In cases for which modifying thautexof real objects is enough, our
2-D algorithms provide ef cient registration, illuminai, and occlusion to virtual elements. In
cases of augmentation with a 3—-D virtual object whose gegnaletes not match any real one,
our set of 3-D algorithms can be used.

3.2. Required Developments

To understand the implications of augmenting deformabitasas, we rst review the dif cul-
ties to overcome and then see what are applications of thieitigns.

Registration  To the best of our knowledge, no algorithm published bef@@52could prop-
erly detect and register non-rigid surfaces. Some ctnaldk them, given the position in the
previous frame, but all require manual intervention or geshed starting location for initial-
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3.2. Required Developments

ization [19,4[ B[ 17,-26, 43]. A few couldetecta non-rigid surface and register it without an
initial estimate, but not accurately and ef ciently enoughaugmented reality purposes [5]31].
Fast and automated initialization is crucial for AR, sintésikey to uent interaction. This
unresolved initialization issue might seem surprisingegithat registration of rigid or articu-
lated objects has been extensively studied. We believagiiecause non-rigid surfaces raise
several dif cult issues, the most important of which is tlaege number of degrees of freedom
required to represent their deformations. Furthermoregvering the con guration of a known,
deformable surface from a single view is ambiguous becaiffereht shapes might produce
similar image projections.

What can we rely on to address these issues and achieve geomegistration fast enough for
interactive applications? Modeling possible shape dedtions with physical surface properties
or statistical learning greatly help reducing the numbedefrees of freedom. The original
shakes and their extensions to surfaces did this by intindupiadratic regularization terms 156,
38]. An alternative is to use dimensionality reduction taglies to learn shape models from
training databases$ [20]. In this work, we used both methodsadgatic regularization terms
are suf cient for 2—D non-rigid registration. Training firo automatically generated databases
allows handling of the third dimension.

We also relied on some Computer Vision advances, such awidstbaseline feature match-
ing techniques that have been successfully used for rigjecololetection [[63]. The process
of establishing correspondences does not change much vdieg fjom rigid objects to de-
formable ones. However, a novel approach was required taiyetregister the surface based on
these correspondences, because traditional robust psatien algorithms used in the rigid
case do not trivially extend to the non-rigid one. In Chaplewd introduce this new approach
to robust estimation that can handle the added degreeseafdne.

lllumination  Recovering illumination for augmented reality is not anyeask. In the case of
a deforming object, the problem is made even more complekdyact that surface orientation
changes inhomogeneously. The object may also cast comipéedows on itself. Moreover,
we operate in a framework that forbids dedicated hardwardlfmmination estimation, which

eliminates many existing techniques.

Because we use a single camera as sensor, we do not attemytdta thull illumination
model. Instead, we simply observe illumination effects aaddbe them as they are. This is
particularly appropriate for retexturing, in which augntegion is achieved by only modifying
the texture of real objects. In that case, the geometry ofaedlvirtual scenes are identical
and illumination at a particular surface point can be reoegdy examining the corresponding
pixel. lllumination can then be reproduced on the augmeanidb realistically change the object
color. This simple approach, presented in Chagter 5, isadelpted to monocular augmentation
of non-rigid surfaces, because it can handle complex sffect

Occlusion  Because we want a system that can work using a single canigeaniog depth

data for occluding virtual objects is dif cult. However,\gn a known surface that we can reg-
ister, rendering it produces an image comparable to the mameput. By comparing these two
images, we can segment occluded areas and occlude virjeat®bppropriately. In ChaptEl 6,
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3. Augmenting Deformable Surfaces

Figure 3.3.: Our non-rigid augmented reality technology ba used to augment the same logo
printed on different surfaces. Here, the ICCV 2003 logo iedetd as well on a
T-Shirt as on a mug.

we introduce the corresponding segmentation algorithm.

3.3. Applications

In the previous chapter, we have introduced a number of agishR applications. We now
discuss a range of new ones that our ability to handle defolersurfaces will make possible.

Medical Applications Medical imaging techniques such as Computer Tomographyag-M
netic Resonance Imaging have changed the way surgery isgqulaamd executed. They reveal,
without intrusion, the inside of a patient, resulting ingaramounts of 3—D data whose visual-
ization is an important issue. Due to data size and complesitrgeons can only observe the
images during the operation preparation phase. Duringesyrthe practitioner has to mentally
link the images with the patient body, as a traveller recogmiandmarks to locate himself on a
map. This process might lack accuracy and, in case of engdimssargery, is made even more
dif cult because the only available view is limited. As ah@y explored more than ten years
ago [2,44] and more recentlZ [35], AR can play an importamé in this domain by showing
the surgeon information automatically registered with plagient body. He could for instance
virtually see organs through the patient skin, therebyihglhim to drive his endoscope towards
the target location.

Visualization of medical data with AR has the advantagesrgistration can be automated
and that dynamic data can be displayed live. However, ragjiieh is complex because a body
is not rigid. Even under complete narcosis, breath causgsnerto move within the body.
Therefore, proper augmentation requires non-rigid skirtking, from which the location of
organs can be deduced. I[n[79], an experiment conducted lircoeditions showed that an
average precision of 9.5mm can be reached with a rigid modsing non-rigid registration
techniques such as ours could clearly improve accuracy gi§tration, thereby making AR
practical for medical operations implying a deforming body
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3.3. Applications

Augmenting the human body has more medical applicationayrafithem are only practical
if deformations are properly handled.

Advertisement  Live insertion of advertisement during sport event broaticaepresents an
important market. Companies such as Orad proposes conahsatitions to this end. How-
ever, their system is limited to planar area of uniform col@ur approach to non-rigid AR
could extend target surfaces to player clothes. For instahshirts of football players could be
augmented with dynamic advertisement.

AR also offers advertisement opportunities through mopilenes. Nowadays, almost every
mobile phone is equipped with a camera. Users could poirit ti@ady to an advertisement
board showing a particular logo. After detection and regigtn, the device could show virtual
elements enhancing the original advertisement. Detedatidhis case is made dif cult by the
fact that the logo could be printed on a planar board, a ckittatlone or other merchandising
goods such as a T-shirt or a mug. However, our non-rigid ARéaork can treat the logo
as deformable and detect it wherever printed. Figuré 3.3cteepow our system detected and
registered a logo printed both on a mug and on a T-shirt.

Entertainment  Video games such aBhe Eye of Judgmemtemonstrated the entertainment
capability and commercial viability of traditional AR. Aagenting non-rigid surfaces such as
clothes or deforming paper is then a natural extension. iguiebcam-based communication,
users could wear virtual elements such as jewels, compayty lor animated cartoons. Video
games could also animate pictures on paper, mimicking thengictures othe Daily Prophet
newspaper, in the Harry Potter movies. The possibility @maeanting non-rigid surfaces opens
many new perspectives.

Deformation Measurement  Our non-rigid detection algorithm has potential applicas
beside augmented reality. It can serve as a measuremeninsisteompute the shape of a
non-instrumented, known, deformable surface, simply fuptures. An example of such a
use is at the origin of this work: Measuring the shape of arsiar during navigation. This
is challenging, because the spinnaker is about 500 squatersndt keeps deforming. It is
partially elastic. It is not possible to instrument it, besaudnstrumentation weight would bias
the measures. Lasers have dif culties to handle sun liglt twe sail's semi-transparency. It
is also dif cult to nd a viewing angle to shoot the spinnakentirely on the same image, due
to its semi-circular shape. However, thanks to our nordridetection algorithm, measuring
such a sail is now possible for Alinghi, the Swiss team for Almeerica's cup. As depicted by
Figure[34, an off-line study of pictures can bring accutaie sparse measures for improving
sail design. On-board, real-time measurements can hdlrsad optimize trimmings. Our
method is adapted to both cases.

Sails are not the only surfaces whose deformation can beurezhs A car during a crash
test can also be considered as a deformable surface. Amrfplwings also deform during
ight. Automatic observation of watch straps during weastteis another potential application.
Our vision-based approach is a powerful deformation megseant tool. It has the important
advantage not to require any instrumentation of the obsgesueface.
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3. Augmenting Deformable Surfaces

Figure 3.4.: The author and his colleague André Mazzoni ovaas the shape of a Spinnaker.
Photo: Alain Herzog.

As we have seen, several elds can directly bene t from augtimg non-rigid surfaces. Since
we now have a rough idea of how it extends the AR perspectivegan de ne our goals more
precisely.

3.4. Thesis Goal and Basic Assumptions

The goal of this Thesis is to solve the registration, illuation, and occlusion problems for non-
rigid surfaces augmentation under the constraints stat&kctiolC’ZH: Using a single camera
and, optionally, additional ones, not engineering the scg@noviding both visual quality and
ease of use. We made our design choices to come up with s@utiat satisfy these constraints.
The rst choice is to rely on fast wide-baseline matching alsasis for registration[[63,"81,
[80,[62]. Since it requires a textured model to train the systere focus on a single known
objecﬂ. We then achieve tracking by detecting the pattern in eaid; thus avoiding manual
initialization and drift.

To establish feature correspondences, the object has textaréd. To satisfy our con-
straints, the procedure to create the textured model shoelldasy. In our implementation,
this is achieved by taking a single picture of the surfacekn@vn con guration, which is easy
enough for a novice user.

To handle non-rigid surfaces effectively, we place a fewst@ints on their geometry. The
rstis linked to wide-baseline matching; It requires thefsge to be locally planar, which is true

1This contrasts with Simultaneous Localization and Mappiig\8) approaches that build a world representation
at runtime [58], but usually assume the world to be rigid adila typically discard non-rigid surfaces as outliers.
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(@) (b)

(© (d)

Figure 3.5.: Suitability of some objects for augmentati@@).Our framework might have trouble
with the lack of texture of the chair. (b) Considering thenplas locally planar is
not a good approximation; our framework is thus unable tonserg it. (c) and

(d) Several common objects that perfectly ful Il condit®rior augmentation or
measurement.
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3. Augmenting Deformable Surfaces

for most non-rigid surfaces. The second constraint appliise surface topology: We work with
surfaces without holes. Such surfaces have some integgstiperties. They are continuous and
their span of possible shapes can be modeled ef ciently végular hexagonal 2D meshes or
with a linear combination of deformation modes. These awire generic enough to cover a
wide range of objects, such as those depicted in Figuie 3.5(b

In short, we assume that the texture of the target surfacedskrand abundant and that its
geometry is know, locally planar, and continuous. These@raptions are suf cient to create
methods that works for most applications we presented above
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4. Geometric Registration

Our goal is to superimpose virtual material over a real arteémqaally non-rigid object in such a
way that the virtual elements appear to be glued to the rezd.ofxchieving this requires perfect
recovery of the 2-D or 3—-D motions and deformations of thgebobject. This is the issue
we address in this chapter, bearing in mind that we wantisolsithat t in the framework we
de ned in Sectio ZW. It states that the only mandatory tegfion device is a single camera.
Multiple ones, if available, can improve accuracy but remaptional. It also assumes that
the object geometry and its texture are known. Moreoverraged reality requires real-time
registration. Thanks to recent computer vision developgmehis challenging problem can be
addressed using wide-baseline feature matching.

In the following, we review related work and explain the gehgrinciples of using wide-
baseline correspondences to detect objects. We then preselpust estimation scheme that is
able to eliminate outliers while handling the large numbfedlegrees of freedom of deformable
objects. We will see that it makes both 2-D and 3-D non-rigidese detection possible. As
we have seen in Secti@n B.1, the choice of working with twdoed dimensions depends on the
application. It has a signi cant impact on the algorithms aveltherefore present different ones
for both cases.

4.1. Related work

Many approaches to registering a model on an image have vepoged. Some feature-based
algorithms rst establish correspondences and then ndabst transformation explaining them,
while eliminating outliers. Others simultaneously solee both correspondence and registra-
tion, without the need for correspondences and with or withgsing feature characterization.
Finally, some techniques do not even rely on features. Wewerelated techniques brie y
below and discuss why they have not yet been shown to be kuftabreal-time detection of
deformable objects.

4.1.1. Feature-Based Registration

These approaches rely on establishing correspondencesdreimage-features of the target
object and those that can be found in an input image in whishtd be detected. These corre-
spondences are then used to estimate the transformatiamee 1 depicts detected features
on an image, and Figufe~%.2 the correspondences obtainedtohimg them with the ones of
another view.
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4. Geometric Registration

Figure 4.1.: Detecting feature points on an image. Theastdize represents the pyramid level
at which points have been detected.

Establishing Correspondences Our method relies on establishing wide-baseline corre-
spondences between a training image and an input one. Tcehd, rrespondences have to
be insensitive to light and viewpoint changes, as well a®tnesamount of non-rigid deforma-
tion.

Among the many matching techniques that exist, we testetH8IFT [69], shape context
descriptorsl[7], and a classi cation-based method dedaiteAppendix[A and published in 180,
62,063].

Even if these algorithms differ in speed, number of correslemces, and quality, our ex-
periments show that the effectiveness of our robust estimacheme is independent from the
speci ¢ technigue used to establish the point correspooelen However, only the classi ca-
tion based technique has proved fast enough for our purpeasketime detection without loss of
accuracy.

From Correspondences to Detection Whatever the matching technique used, the cor-
respondences can then be used to detect the object in diffieeys. Since matching is never
perfect, they require robustness to potential outliers.

The simplest is to eliminate outliers and nd a globally cistent interpretation using a ro-
bust estimator. Having each local match vote for a globalsfi@mation is the approach used by
the Hough transform and its many variations. This is eféecfor rigid objects but impractical
for deformable ones because it would require far too manyegegjof freedom to represent all
possible transformations into a vote accumulator. The ssanée said of the popul®&aNSAC
algorithm [34]: With 25% of outliers and 100 degrees of freer] 10*? samples are required to
guarantee with 90% probability that at least one sample doesontain outliers[[48]. As illus-
trated by Figurd_Z]3, RANSAC complexity is exponential widspect to degrees of freedom,
because it relies on drawing a minimal group of correspooegnfree of error.

36



4.1. Related work

Figure 4.2.: Correspondences established automaticadlyalidated with a RANSAC process
that nds the homography relating the model image (left) ahd target image

(right).
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Figure 4.3.: This plot shows the number of RANSAC iteratioeguired to reach a 95% prob-
ability of success, as a function of the minimum number of @asrequired to
estimate model parameters. The three curves account for 26%, and 35% of
outliers in the correspondence set. In practice, we oftere haweal with even
higher rate.
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An alternative strategy is to proceed iteratively. TPS-RRMn plate spline - robust point
matching, [1¥]) and EM-ICP (expectation maximization -atare closest point, [43, 26]) are
two well-known representatives of the family of algoriththat simultaneously solve for both
correspondence and transformation using an iterativeegscAt each step, the current trans-
formation estimate is rst used to establish correspondsrand assign weights to them, and,
then, is re ned using those correspondences. These metlsmdan entropy term—be it called
temperature parameter, scale or blurring factor, or vaganthat is progressively reduced. It
controls the assignment of weights to the correspondenwdas an important role in insuring
convergence towards a desirable solution. As will be disedsn more detail in Sectidn4.2.2,
our algorithm follows a similar strategy but makes use ofilocharacterization to reduce the
correspondence problem dif culty and to achieve real-tipegformance.

In [IZ], a method designed to compute a distance between slmpessented. Shape con-
text descriptors provide correspondences which are esit@ll one to one using bipartite graph
matching. Although this method copes with some outlierssligghtly different numbers of fea-
tures detected on both shapes, it is not designed to extofextte from a cluttered background
or to handle scale changes.

Image exploration[I31] is another strategy that hooks on &set of correspondences and
then gradually explores the surrounding area, trying taldisth more matches. It can handle
deformable objects but this complex process is slow andstakgeral minutes on a 1.4 GHz
computer.

4.1.2. Pixel Level Registration

For objects such as faces whose deformations are well uoddrand can be modeled in terms
of arelatively small number of deformation parameterdndtdirectly to the image data without
using features is an attractive alternative to using cpordences because it allows the use of
global constraints to guide the search. This has been sfalgsdlemonstrated in the context
of non-rigid tracking [24/-211,13."97,_40] but typically reges a good initialization because the
criteria being minimized tend to have many local minima.

These methods are complementary to the one proposed hegg:ekploit more of the tex-
ture and therefore tend to be more accurate. However, thigyreethe initial estimate such as
the one our algorithm can provide. There are in fact relatifew others that can do this for
deformable objects. One of them has been proposed In [46EQuires that the whole outline
be detected, which severely limits its scope. Another isttheking of [66] that exploits the
repeating properties of a near regular texture to discoger texture tiles in new frames.

Finally, the recent work presented in [116] is related tosoartwo ways. First, it registers
a texture composed of a few colors, typically 3 or 4, by conmgacolor histograms. Then,
it modi es the texture on the deformed surface, while hamgllillumination changes. This
approach to retexturing differs from ours in that we avoiditing the number of colors present
on the surface by introducing some irradiance smoothingchviields real-time performance
on both color or gray level images.
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4.2. 2-D Non-rigid Surface Detection

Figure 4.4.: In order to achieve surface detection, we usedehimage (a). Then, our method
computes a function mapping the model to an input image (l)illdstrate this
mapping, we nd the contours of the model using a simple gratdoperator and we
use them as a validation texture (c) which is overlaid on tipeii image using the
recovered transformation (d). Additional results are otatd in different conditions
(e to i). Note that in all cases, including the one where thahift is replaced by a
cup (j), the white outlines project almost exactly at théatiglace, thus indicating a
correct registration and shape estimation. The registigirocess, including image
acquisition, takes aboutO0 ms and does not require any initialization aipriori
pose information.

4.2. 2-D Non-rigid Surface Detection

To detect a potentially deformable object, we rely on eshlrig correspondences between a
model image in which the deformations are small and an inpagk in which they may be large.
To this end, we use the fast wide-baseline matching algoridiscussed in Appendix]A. Given
a setC of correspondences between the two images, many of whichtrbig erroneous, our
problem can be formally stated as follows: We are lookingtfar transformatiorms mapping
the undeformed model surfaé# into the deformed target oflgs (M ) and for the subsés C

of correct matches such that the sum of the squared distéetegen corresponding points in
G is minimized while the deformations remain as smooth asiplessFigure[4.} depicts some
of such transformations our system is able to recover.

4.2.1. 2-D Surface Meshes

We represent our modéll as a triangulated 2—D mesh of hexagonally connected versigeh
as the one shown in Figufe #.5. The position of a vevies speci ed by its image coordinates
(xj;yj). The overall shape is therefore controlled by a state vectbat is the vector of alk
andy coordinates. Given and the barycentric coordinategp) of image pointp that belongs
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@ (b) (© (d)

Figure 4.5.: Comparing three different keypoint matchitgpéathms. (a) Model image and val-
idation texture shown in white. Results using: (b) Realetiohassi cation trees, (c)
shape context descriptor reimplementation, and (d) SIFT.

Vi Vk

@ (b) (©

Figure 4.6.: 2D mesh models. (a) Vertex neighborhood in ateformed hexagonal mesh. (b)
Two deformations that are not penalized. (c) Two penalizefdrdhations. Defor-
mations resulting from perspective projection resemhbsé¢hn (b) and are therefore
much less severely penalized than those resulting froomeawas matches.
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4.2. 2-D Non-rigid Surface Detection

to a speci c facet(vy; vy; v3) of the undeformed mesh, we de ne the mapping

X Xi .
TE= b . (4.1)
. Vi
i=1
wherex; andy; are vertex coordinates of the deformed mesh.
The mesh deforms to minimize the objective function

()= o"p( )+ "c(); (4.2)

where"¢ is a data term that takes point correspondences into agcoynis a deformation
energy that should be rotationally invariant and tend te@nee the regularity of the mesh, and

p Is a constant discussed later. We give in Sedfion4.2.4 adkayanterpretation of( ) and
the following derivations.

We take"p ( ) to be an approximation of the sum over the surface of the sgsacond
derivatives with respect to theandy coordinates. More speci cally, |€E be the set of vertex
index triplets(i; j; k ) such thatv 1; v2; v3) form two connected and collinear edges, as illustrated
by Figure[Z.6(a). Since the undeformed m&kthas equidistant vertices, we have

8(ibkK)2E:vi vj=vj v ; (4.3)
and therefore write
" 1 X 2 2
()= 5 ( Xi+2%; x)°+( Yi+2y; y) (4.4)
(i;k )2E

"p () approximates the squared directional curvature of theasarfis long as the vertices re-
main roughly equidistant and its value grows with the lendjtference of every two collinear
connected edges.

This regularization term serves a dual purpose. Firsbitvexi esthe energy landscape and
improves the convergence properties of the optimizati@tedure. Second, in the presence of
erroneous correspondences, some amount of smoothinguseddo prevent the mesh from
over tting the data, and wrinkling the surface excessived illustrated by Figuré~416(b,c)p
is appropriate for this purpose because it tolerates 2—-Deamotions but penalizes shape de-
formations. Of course, both those produced by perspecistertdons and by the actual surface
deformation tend to increa$g . However, this increase is insigni cant when compared tusth
that spurious deformations resulting from erroneous netacould produce.

Equatior 44 can be rewritten in matrix form as

1
"o()= 3 XTKIK& +yTKOKY (4.5)
whereK %is a matrix containing one row per triplet Band one column per mesh vertex. The

row corresponding to triple(i; j; k ) is lled with zeroes except for locations, j andk that
contain -1, 2, and -1, respectively. By replaciig= K % K %in EquatioriZp, we have:

"0()= SXTKx +yTKy) : 46)
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4. Geometric Registration

To minimize"( ), we use the semi-implicit scheme so successfully introducehe original
shake papei[56]: We look for a minimum of the energy and fleeecfor solutions of

_ @'_ @t ,

. " @"+KX,
0 = = ZEC 4 Kky 4.7
@ @+ Y *.7)

SinceK is positive but not de nite, given initial vectorsg andy, this can be solved by in-
troducing a viscosity parameter and iteratively solving at each time step the two coupled
eqguations

C
Kx¢+ (X¢ Xt 1)+ —=- = 0
@ X=Xt L,Y=Yt 1
@Il
Ky e+ (Yo yi 1)+ —= = 0;
@ X=Xt 1,Y=Yt 1
which implies
(K+ Dxt = Xt1 @ X
@X X=Xt 1;y=yt 1
@Il
K+ DYy = yi1 —
@ X=Xt 1,Y=Yt 1

Because is sparse and regular, solving these linear equations wdindecomposition is fast
and upon convergencg X; i andy; Y; 1. Thisiterative scheme therefore quickly yields
a solution of Equatiof 417, even when starting with comjija@ndom guesses forg andy g as
will be shown in SectioiZ4.215.

4.2.2. Correspondence Energy

Minimizing "¢, the data term of Equatidn4.2, tends to deform the mesh s$at timatches the
target object in the input image. This is achieved as follows

Let Cbe a set otorrespondencebetween the model and the input image. Its elements are
of the formc = fcp; c1g 2 C, wherecy represents the 2-D coordinates of a feature point in the
model image and; the coordinates of its match in the input image. For the sékgoerality,
we allow potential matches between a point in the rst image mnultiple points in the second,
so that the correspondirgy may appear in several elements®fWe write

X
c = we (ker T (co)k;r) ; (4.8)
c2C

where is a robust estimator whosadius of con dencéasr andw, 2 [0; 1] a weight associated
to each correspondence. In our experience the choiceiotritical to ensure the elimination
of outliers and convergence towards the desired minimuntevthe choice of thev. has much

less impact, as will be discussed in Secfion4.2.5.
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4.2. 2-D Non-rigid Surface Detection

The robust estimator r

0.025
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Radius of confidence [pixels] 0 -600 Reprojection error [pixels]

Figure 4.7.: The function of Equatioi 419 is quadratic for distances smalhean the radius of
con dence, elsewhere it is zero.
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4. Geometric Registration

We take the robust estimator to be
(o2 2
3(r .
e X <

o (4.9)
0 otherwise

As shown in Figuré417, its shape is that of a quadratic rithgé gets narrower and taller when

r decreases. In other wordsacts as a con dence measure. When it is large, most correspon
dences, potentially including poor ones, fall within thieédridge of con denceand are given
some weight. Ag diminishes, becomes more peaked and selective. This formulation has the
following advantages:

The quadratic behavior of within the ridge of con dence yields a functiohc that is
easy to minimize.

is normalized so tha?i (x;r)dx =1 8r > 0 ;which means that thec term
computed with any values remain commensurate to thg"p term of Equatior"4]12.
Therefore, we do not need to adjust either the parameter or thev. weights of Equa-
tion[48. This is in contrast to methods such as SoftAs€ighi1d7] in which the surface
rigidity must be progressively reduced according to a solethat is not necessarily easy
to synchronize with the annealing ofand may change from case to case.

has nite support so that correspondences that fall out8ideradius of con dence are
completely ignored and can be tagged as invalid.

These properties of theestimator are what make the straightforward approach tionigztion
described below so effective.

4.2.3. Optimization Schedule

Minimizing " therefore results in a mesh that moves towards the desidetiocsobut whose
progression can be blocked by outliers. To overcome thisimveduce a simple optimization
schedule in which the initialadius of con dence o = 1000[pixels] is progressively reduced at
a constant rate = 0:5: ry = r{ 1. For each value of, we minimize" and use the result as
the initial state for the next minimization.

As discussed in Sectidn 4.2.1, at each iteration of our $epilicit optimization scheme, we
evaluate the derivatives 6t . In this context, the fact thathas derivatives whose magnitude is
inversely proportional to is very bene cial: At the beginning whenis large, the gradients of
"p are comparatively larger than those'gf, thus preventing erroneous matches from crumpling
the surface while allowing correct and consistent ones edyee the right global deformation.
As the optimization progresses andecreases, thederivatives and consequently the gradients
of "¢ become larger. The triangulation starts bending as apiatepand the in uence of the
outliers progressively decreases.

The algorithm stops whenreaches a value close to the expected precision of the nsadshe
pressed in pixels, typically one or two. Such a determiniatjjorithm is guaranteed to converge
but the result might be wrong, for example because the talgjett is completely occluded. To
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4.2. 2-D Non-rigid Surface Detection

decide whether or not to believe the result, we simply coattumber of correspondences that
fall within the ridge of con dence of our estimator. As will be shown in Sectidn 4.5, this
criterion is surprisingly effective at distinguishing sesses from failures.

4.2.4. A Probabilistic Interpretation

We compute thd mapping from the undeformed model surface into the defortasgkt one
by minimizing the"( ) energy of Equatiofi’4l2. From a strictly theoretical point/i@w, this is
the right thing to do if'( ) is proportional to the negative log-likelihood p{T | I), wherel
represents the current image.

In practice, there is no feasible way to precisely estinpf€ j |) in general. However
we show that under a very reasonable and limited set of hgge#i( ) is indeed a good ap-
proximation of the log-likelihood. Since they are close &y satis ed in the real world, this
clari es the assumptions that our algorithm makes and hekpdain why it actually works.

Approximating the Log-Likelihood Bayes' formula yields

p(T j )/ p(ljT)p(T), (4.10)
logp(T j1)= logp(l j T) logp(T ); (4.11)

up to a constant. Taking the logp(T ) to be the"p deformation energy of Equatidn_4.6
amounts to giving a higher prior to smooth surfaces, whidgtasdard practice when modeling
deformable surfaces. The relationship between thegp(l j T ) term and the' ¢ energy of
EquatiorTZ.B is less obvious and needs to be examined matiltar
Since the position of the keypoints in the input image depeasrdy on the deformation that
the surface undergoes, it is legitimate to treat each p[ﬂiimm the input image as independent
from each other givefm . If the target object is suf ciently textured, we can alsowsg that
the information provided by the keypoints extracted frbis suf cient to condition it. We can
therefore write Y
p(ljT)=pchuscdd jT = pdcjT (4.12)
|

Eachp cil j T term can be computed as the disjunction over the matchirgjlplities :

. P o .
PCiT = ;pcici$cjT +

17 _ (4.13)
p cj; ¢ unmatchablg T ;

whereci1 $ C'O denotes the binary variable (S‘i corresponding to the poim% on the model?”.
¢} can either correspond to any keypoint extracted from theehindage or be a keypoint that
is on the background or on the target object but not detectdle model image. We write
p(c}; ¢, unmatchablg T ) as a uniform distribution of parameter which allows for outlier

matches. We have
d:c s djT
Pras %l o (4.14)
= pcdjc$cyT pc$chjT
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In our implementation, we take the second tgrnc; $ c:"0 j T tobeequaltolwhenitis

likely that ¢} corresponds ta,,, 0 otherwise. This choice is based solely on appearancesand i
made by our feature point recognizer[63]. A more complexreggion measuring how similar
the points look could have be retained, but we chose thisargrhplicity. Note that severat,

points can yield ci1 $ c"0 j T since we retain multiple correspondences for a single point
The rsttermp ¢, j ¢, $ d; T istaken to be equal th (T (ch) j ci; ), and models

the geometric relation and represents the uncertaintytiregdrom mappingch on ¢, according

to T as a normal distribution of covariance;, and mearc}. Its theoretical value could be
derived using standard covariance propagation formulasgs Jt 1 J7 +Jg 0, t 0
whereJ¢, = %, Jr = %, and o is the expected uncertainty of the extracted keypoint
locations. Representing the uncertainty of the curreninegé of T as a normal distribution of
covariance 1 then yields an analytical expression of, as a function of 1 . In short, we
can rewrite the logarithm of the probability of Equation 3 ds

logp ¢, j T = logN(T (df)jc; o)+ (4.15)
k=1

where thecl are the potential matches df.

The expression of Equatidn_4]115 being unwieldy for optiriiara purposes, we seek an ap-
proximation with a quadratic formulation to ensure the gbetiavior of the minimization pro-
cess.

Let us rst consider the case when‘-; has only one potential match, which meadws =
1 in Equation[ZIb. The log-likelihood can then be approxedagither by the Tukey robust
estimator([51L] or even more simply as

logp ¢, j T / _
ke, T (c)k® ifkd, T (cHk®<r? (4.16)
r2 otherwise ’

wherer is a threshold that depends on,. This is justi ed by the fact that when computed
suf ciently far from the mean, the Gaussian value is negligiwith respect to . Because ¢,

is depending on values dif cult to estimate, namely and 7 , it is dif cult to have a good
estimate of ,, and in practice, a xed threshold is used. However it is eted that the error
onT represented by 1 is reduced after each iteration. Our method, by regularjucing
the radius of our robust estimator, enforces this fact whitsuring convergence. Our robust
estimator is a scaled and translated version of the classictibn of Equatiol416. Large
radius values correspond to spread, low Gaussian disoiband large errors fof , and small
radius values correspond to peaked, high Gaussian digtriband small errors fof .

Whenc] can potentially have multiple matches, which mehiis> 1 in Equation 215, we
have shown experimentally that all of the schemes discuss8éction[4.2F yield similar re-
sults. They correspond to different ways of computing theopbilityp ¢} j T . Itis relatively
easy to see that taking all the weightsequal to 1 assumes that the different Gaussians do not
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4.2. 2-D Non-rigid Surface Detection

overlap when they are not negligible compared td his is obviously wrong particularly at the

beginning of the minimization when the radius is large, biotpractice and in our synthetic ex-

periments. Apparently it does not really affect the miniatian. The ICP and EM-ICP methods
both take into account the different hypotheses for one inpaiat: ICP takes the input image

feature closestlgp the reprojected model points. The EM-I€&Bion normalizes the probabilities

suchthaBm : ;p ¢;$ cg j T = 1. InSoftAssign, the normalization is not only done
over all image points, but also over all model points, thUsing one to one correspondences.
This method is more accurate but takes more time to compute.

Validity of our Hypotheses The above derivation highlights the implicit hypotheseat th
our choice of energy function entails. Some are standardvéddly accepted: For textured
objects, the image information can be summarized by keypdtirat are assumed to be indepen-
dent from one another given a transformation, and the priathe shape parameters favors the
smoothest deformations. In fact, we effectively make only hen-standard assumptions:

1. We assume that the uncertainty on the estimaie oégularly decreases as the minimiza-
tion progresses, whereas previous approaches aim at éatjntizis uncertainty from the
optimization result. Not only is it legitimate to assume theertainty is reduced dur-
ing optimization, but our experiments make us think it attyulaelps the optimization to
converge. This is corroborated by the results’id [88].

2. Our implementation implicitly assumes that the uncaties associated to several pos-
sible matches of a keypoint are independent, which cleartpd strong an assumption.
However, as shown by the experiments of Sediion ¥.2.5, weadsét increases the com-
putational cost without signi cantly improving performea.

4.2.5. Algorithm Properties

In this section, we use synthetic data to illustrate the &ffesess of our implementation choices.
More speci cally we show that our algorithm is insensitivegarameter choices, insensitive to
initial conditions, and effective at rejecting false magsh

Figure[48 depicts our approach to creating synthetic datéhese experiments. We fed our
algorithm with manually established correspondences éetva model image in which the sheet
of paper is at, and the image of Figute#1.8(a) until we obéairthe 600-vertex deformed mesh
of Figure[48(b), which projects correctly over its wholafage. We treat this mesh as our
reference, which can be viewed as the ideal result that caxjpected from our algorithm. In
the remainder of this section we will use different sets afegpondences, randomized initial
conditions, and modi ed parameter settings. They produifferdnt results that can then be
compared to our reference. Proceeding in this manner ensoat the deviations we measure
are strictly related to what we are trying to measure, as segpdo pose dependent problems.

Measuring Success  We de ne three objective success criteria:

C1 90% of the mesh vertices are within 2 pixels of those in theresfce mesh.
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@) (b) (©

Figure 4.8.: Image and meshes used for our synthetic expetsmea) Original image. (b)
Reference mesh computed using hand-picked corresporgigad@ random initial
con guration.

C» 50% of the mesh vertices are within 2 pixels of those in thersgfce mesh.

C3 Atleast 90% of the valid correspondences given as input@rectly labeled as such by
the robust estimator, as discussed in Sedilon4.2.2.

Given that the test image is of dimensi®824 768 C; andC rate the algorithm's accuracy
andC s its ability to discriminate valid correspondences from rspus ones. The 90% gure
in C, eliminates cases where a substantial part of the mesh isrétly reconstructed, even
though the algorithm may have done a good job on the rest,eathatC , labels as correct.

To test our algorithm, we ran it about one hundred thousanddiwith random initial condi-
tions, such as the one of Figurel4.8(c) that is very far froengblution, and using synthetic sets
of correspondences containing varying numbers of valicchrest and percentages of erroneous
ones.

Accuracy and Robustness Figure[4.9 depicts the success rates according t€theC,,
andC 3 criteria introduced above as a function of the number ofvatirrespondences and of the
outlier rate. In each plot, the color depicts the percentdgesults that meet the corresponding
criterion. The black wiggly lines represent level lines fist probability landscape. Note that
in all three plots, they are nearly vertical for outlier tep to 90%, thus indicating that the
performance does not signi cantly degrade before then.eGithatC 1 is much more stringent
thanC,, itis natural that it requires more valid matches to achibeaequired level of precision.
To recover 50% mesh vertices location, 40 matches are enaug120 for 90%. This is very
encouraging considering that the mesh has 600 verticegshwiould imply 1200 degrees of
freedom in the absence of regularization constrain®s; is the less demanding of the three
criteria and requires less than 15 to 20 valid corresporeenidowever, success in terms@g
does not guarantee accuracy for large outlier rates because though the algorithm still nds
most of the inliers, it starts mistakenly tagging outliessvalid matches, which degrades the
precision.
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Probability of having 90% mesh vertices within 2 pixels of the solution Probability of having 50% mesh vertices within 2 pixels of the solution

Outliers rate in input matches

60 80 100 20 40 60 80 100 120 140 160 180
Number of good input matches Number of good input matches

(a)C1 criterion (b) C» criterion

Probability of finding at least 90% of good input matches

Outliers rate in input matches

L L L L L L L L
0 40 60 80 100 120 140 160 180
Number of good input matches

(c) C3 criterion

Figure 4.9.: Probability of success according to the thréer@ of Sectiol4.Zl5 as a function
of the number of valid input matches, on the horizontal axigl the outlier rate, on
the vertical axis. White indicates values close to one aadktlose to zero.
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ROC Curve for success decision

percentage of real positive found

at least 90% true matches found
0.1n — - — 50% mesh vertices within 2 pixels
90% mesh vertices within 2 pixels

O Il Il Il Il Il Il Il Il Il J
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

False positive rate

Figure 4.10.: Self diagnostic ROC curves. We accept a detestsult based on the number of
matches tagged as valid by our robust estimator. We plot aneedor each one
of the three criteria of Sectidn_4.2.5. For each one, as ttestiold for accepting
a result is lowered, both the false-positive rate, on th&ig;and the true-positive
rate, on the y-axis, increase.

Self Diagnostic ~ So far, we have compared our results against a manuallynalataeference
mesh. In practice, the algorithm has to self-diagnose itssaawnesses and failures in the absence
of any such reference. As a substitute, we use the absolatbenof matches that are tagged as
valid by the estimator of Equatiof”4l9 as a measure of success. In othésyaur algorithm
declares a successful detection when the number of validmesis above a given threshold. In
Figure[Z1D, we plot the corresponding ROC curves accordii@);, C,, andC 3. These curves
indicate an excellent correlation between “objective” @ss, as measured by comparison to
a reference result, and “subjective” success, as measyrdtelnumber of matches tagged as
valid.

One limitation of the current approach, however, is that wly omnplemented a global success
measure: The surface is either completely found or not atfall interesting extension would
be to measure partial success, for example in cases whemutfaee is partly occluded, by
checking sub-areas as opposed to the whole surface.
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Disambiguating Multiple Matches Recall from Sectioi’ 4212 that a point from the model
image can have several potential matches in the input im@ge. can simply rely on the pro-
gressively decreasing radius of con dence of the estimator to disambiguate those cases.
Alternatively one could use a more sophisticated weighsicigeme, an option we explore here
by setting thew; weights of Equatidn4l8 in one of the ve following ways:

1. we = 1 for all correspondences,
2. w; = 1 for the closest match, and zero to all others as in ICP,

3. asin EM-ICPI[[4B], with = %:
exp(k c1 T (co)k?=2 2)

WC: P 2 2 !
42 :do=c o EXP( K d1 T (do)k?=2 2)

4. avariation of EM-ICP in which the Gaussian is replaced by

(kca T (co)kir) .
d2C:do=c o (kdp T (do)k;r)’

we = B

5. aweight computed by normalizing rows and columns of thheespondence matrix, as in
SoftAssign [17].

Figure[£T1 summarizes the result of this experiment. Wel u&® valid matches and a
variable number of spurious matches. We plot success ratesding to theC ; criterion as a
function of the percentage of outliers. Note that these esiicorrespond to a vertical slice of
Figure[4.9(a) and are very close to each other. For our spgairpose, but obviously not in a
more general context, their respective performances aneslindistinguishable, but not their
computational costs. In our real-time implementation, werafore use the simplest one and set
all w¢ to one.

Parameters and Initial Conditions

We now turn to the in uence of our parameter choices and ofitiiteal conditions. We show
that they in uence the speed at which the algorithm convemech more than its nal result.

Regularization Weight  In the"( ) total energy of Equatiof4.2, the relative in uence of
the regularization and observation terms is controlledhay {5 parameter. It represents surface
stiffness: The larger it is, the more deformations are pgeed! If it is too large, legitimate
bending might be prevented. If it is too small, the mesh mawnkie excessively and treat some
spurious correspondence as valid. In Figure4.12, we agaia used number of valid matches
and plot success rates according to @e criterion as a function of the percentage of outliers
and of the p value used to perform the computation. For outlier rateevw&0%, and even up

to 80%, p can be chosen in a very wide range without signi cantly dffeg the results. As

the outlier rate increases, largep values appear to give better results. It is to emphasize these
large values of p that we chose to plo{% on the vertical axis of the graph.
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Figure 4.11.: Comparing weighting schemes. Success raéuestion of erroneous correspon-
dences percentage, for each one of the ve schemes desnilssttion2.25.
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and Outliers  90% vertices within 2 pixels probability
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Influence of Eta for one particular optimization

1000

] e e

10 Eta=0.300000—— |\ S Lo
Eta=0.400000----- | | s ;

Eta=0.500000- - - - - -
Eta=0.600000--
Eta=0.700000--—-—-
Eta=0.800000- -~ -

Radius of confidence (pixels)

BHEEERIT

[

90 -80 -70 -60 -50 -40 -30 -20 -10 0
Iterations until convergence

@)

Optimizing from different initial states, with eta=0.5

1000 |
= -
o [
X
3 L
3
S 100
a) -
kel :
"’E n
o L
(&)
$ i
i 10 H
ke} C
(‘5 L
i -
1
-120 -100 -80 -60 -40 20 0

Iterations number
(b)

Figure 4.13.: Number of individual Levenberg-Marquardépst to achieve convergence. (a)
For several values of, number of steps required to minimize the total-energy of
EquatioZ.P for each successive value ofb) Similar plot for nine initial states,
chosen to be increasingly far from the reference mesh.
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Deterministic Radius Reduction In our algorithm, the con dence radiusof EquatiolZ.P
is decreased by a factorafter each minimization. Even though this deterministiprapch
might seem simplistic, we prefer it because, in practices ¥ery hard to evaluate a new radius
from currently valid matches. For example, a similar problis solved in[88] using an expec-
tation minimization (E-M) approach and the authors havegio€e' a kick downwardsto their
blurring factor when E-M converges too early. Here we shoat the value of has relatively
little impact on the optimizer's behavior.

To this end, we randomly chose one patrticular set of cormedgaces and ran the optimizer
several times using values ranging 0.3 and 0.8. In Figure~4.13(a), for each twal plot the
number of individual optimization steps performed to miidenthe total-energy of Equatidn #.2
for each successive valuerfNote how similar the curves are. The total number of optation
steps required to locate the surface does not change mudhe tadius decreases slowly, the
optimizer will use more radius values but will require fewtarations at each. If the radius
decreases faster, the situation is reversed but the glolebme is similar.

Sensitivity to Initial Conditions Because our algorithm appears to be very effective at
avoiding local minima, the choice of initial condition hatslé bearing on success or failure. It
does however have an in uence on the time required to acliemeergence.

To demonstrate this, we again randomly picked a set of qooredences and ran the opti-
mizer several times using nine different initial condipichosen to be increasingly far from the
reference mesh. The algorithm yielded the same result inaskés and Figude_4113(b) depicts
the number of individual optimization steps performed faclke successive value ofduring
each run. Starting close to the solution saves iterationsafge values of but not for small
ones. Nevertheless, this behavior could obviously be é@eagldn a tracking context where a
good initial estimate is usually available.

4.2.6. Results

The method has been tested in conjunction with three diffefieature point recognizers: The
publicly available SIFT implementatioh [69], a reimplemnegitn of shape context characteriza-
tion [[4], and a classi cation-based methad [63]. SIFT pra/fdwer but more accurate matches
than shape contexts. The classi cation-based approaatiupes correspondences comparable
to SIFT but does it faster. Because our technique is robuetrdhults are almost indistin-
guishable whatever the matching method used, as shown imef§%. However, because the
classi cation-based method is much faster than the otligsspnly when using it that we obtain
true real-time performance. In this example, the algorithmsrat 10 frames per second on a 2.3
GHz laptop. Furthermore, because the point matcher isivelatinsensitive to light changes
and motion blur, they do not hinder the registration process

Since we work in each frame individually, we can nd objectssaon as they become visible
and our method is robust to both perspective distortion amwdre deformations. In the example
of Figure[4.%, theccv logo on the shirt is detected very quickly and well beforalggormation
has become roughly planar. Similarly, the logo is equallyl detected when worn by different

55



4. Geometric Registration

people or seen on thecv mug. Figurd 214 depicts similar speed and robustness tordaf
tions when detecting a piece of foam. For well textured dbjewe get no false positives and
only false negatives when the deformations or occlusioassarsevere that the target object is
almost impossible to make out.
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4.2. 2-D Non-rigid Surface Detection

Figure 4.14.: Deforming a piece of foam. The model image (&f) was used to produce the
validation texture (top right) which is overlaid on the riéswf the right column.
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4.3. 3—-D Non-rigid Surface Detection

We will show that the robust estimation scheme of previoati@e is not restricted to 2-D. It is
possible to replace the 2-D hexagonal mesh of SeLfion 4ith8-D surface parameterization
and a camera projection model, resulting in a system thiit fatovers 3—-D deformations.
However, without a strong model, 3—-D detection and shapevexg of a non-rigid surface from
monocular images is a severely underconstrained problem.

First, the three-dimensional problem has many more degréé®edom. The six camera
pose parameters add to the ones accounting for 3—-D shapend&atifferent 3—D shape and
pose con guration can lead to very similar 2—-D projectionsaking detection from a single
view ambiguous.

Extension to 3-D therefore requires a sound deformationeildtreduces the deformation
search space, ideally restraining it to the only physicadigsible shapes. Hereafter, we combine
Salzmann's surface parameterization rst publishedlin][&03d our robust estimation scheme.
It yields an ef cient algorithm that is still sometimes undenstrained if the number of wide-
baseline matches is too low, for example because some siafaa lacks texture. We quickly
explain how to use frame-to-frame feature matching anaséite detection to improve results.
Finally, we present evaluation and results at the end ofd¢htan.

4.3.1. Related Work

Detecting and tracking 3-D surface deformations in morarcuideo sequences requires de-
formable models to constrain the search space and makedhkepr tractable.

Such models have been created for feature point-basedus&foom motion [10B[ 107, 67,
120] by tracking feature points and using them to learn bbdps and motion. While effective,
these algorithms assume that a xed set of feature pointsbeareliably tracked and are not
designed to exploit other sources of image information ouge known surface properties to
recover the shape far away from those feature points. Tipisdily requires explicit surface
modeling using as few degrees of freedom as possible.

One way to achieve this is to only consider the motion of a fewtl points. Free-form
deformations|[[98,_30, T7] are a good example of this kind gfragch but there is currently
no automated way to create appropriate sets of deformatmafemor control points. Physics-
based models are potentially more generic. The originak B€&] were 2—D and have been
shown to be effective for 2-D deformable surface regisirafl5]. They were soon adapted
for 3—D surface modeling purposes by using deformable sueirics [ 105l 75], triangulated
surfaces[[18], or thin-plate splines_]74]. In this frameworkodeling generic 3-D surfaces
often requires many degrees of freedom that are coupled daylarézation terms. In practice,
this coupling implicitly reduces the number of degrees ekftom, which makes these models
robust to noise and is one of the reasons for their immensealaay. This reduction can also
be explicitly achieved via modal analysis [82] (8, 25]. Thaagraphic work of[[3B] represents
3-D surfaces as hexagonal meshes that deform to minimizeexgyethat was the sum of an
image-data term and a quadratic regularization term. Titmggs very effective for cartographic
modeling, which is essentially 2.5-D as opposed to fully 3B, it turns out to be insuf cient
for robust monocular video-based tracking of deformabléases.
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4.3. 3—-D Non-rigid Surface Detection

Since accurately capturing the physics of deformable sagfdn a dynamical model is dif -
cult, example-based approaches are an attractive afignahey involve creating a database of
representative shapes and using them in conjunction witmargsionality reduction technique
to learn a low-dimensional model. Active appearance mofd&l$ pioneered this approach in
the 2-D case and have since been extended to BID [73]. Mdephaimels [14] rely on the
same philosophy to build 3-D face models: The database i€ mh8-D meshes that were
tted to laser scans and then registered to each other. &imgproaches were successfully used
to learn models of articulated motion 113, 101]. Howeveralithese cases, gathering and reg-
istering enough examples to build a meaningful databasesepted a very signi cant amount
of work. The dif culties involved in creating the databaseave limited the spread of these
example-based approaches.

4.3.2. 3-D Surface Parameterization

Dimensionality reduction is key to make 3-D non-rigid régiton tractable and greatly helps
towards canceling the ambiguities inherent in monoculdd 8covery. The approach df [92]
creates low-dimensional models of deformable 3-D surfdlcat can be represented as 3-D
meshes of genus zero. Given the possibly non-planar repeabfathe mesh, constraining its
edges to retain their original lengths implies that all jldesdeformations are entirely speci ed
by a small subset of the angles between its facets. Thisésifitiat the manifold of all possible
deformations can be effectively sampled by randomly sgttifimited number of angles. This,
in turn, generates a database of deformed shapes withddetdpologies. A standard dimen-
sionality reduction technique produces the low-dimeraid+D deformation models that we
need for tracking and detection purposes.

The inextensible triangulations we consider can be thoafpolyhedra made of metal plates
and whose edges have been replaced by hinges. Such polytadrdeen extensively used in
the classroom to teach elementary geometry but not in odl. Rlevertheless, they can assume a
surprisingly large range of shapes and, therefore, prodemesentative shape databases. Thus
this approach can be used to recover the deforming 3—-D sHagqg&ch diverse objects as a T-
shirt, a sheet of paper, a sail, or an elastic surface. Eergtithese have very different physical
properties, the model has the right degrees of freedom tuatheir deformations, even when
they are not isometrid [54], and to take full advantage oflalsée image information.

The angle-based parameterization[ofl [92] reduces the nuafilparameters required to spec-
ify the shape of an inextensible mesh. However, it is notigaerly well adapted to tting
surfaces to images. It is therefore only used as an interreetbaresentation that samples the
set of possible shapes by randomly drawing the angles fronifarm distribution between two
bounds. Since all the resulting deformed meshes have the &gralogy, we form &V vector
for each one by concatenating the coordinates o¥itgertices in the vectov. By running
PCA on these vectors and retaining only the Mt << 3V principal components, we can
approximate the vector of coordinates of any mesh as

e

S( 1;:5 Ng)= S+ KSk ; (4.17)
k=1
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@) (b)

Figure 4.15.: Hexagonal triangulations. (a) Rectangulesimused to model the piece of paper.
(b) Triangular mesh used to model the spinnaker. (c) Stitghirectangular patch
for the body part and two triangular ones for the sleevesustsnodel the T-shirt.

wheres is the vector corresponding to an undeformed meshsthage the principal components
or modes, and they are weights that specify the surface shape. In other wordsshipe of a
mesh can now be expressed as a function of the vecter f 1;::;; nN.O.

Figure[4.16 depicts the in uence of two of the most signi tamodes in the case of the meshes
of Figure[4Tb. Giving weight to the rst produces bendinglato the second, extension. The
presence of extension modes may seem surprising sinceeadlatmples we used to learn the
model are instances of the same inextensible mesh. Howgiven that the deformations are
not linear when expressed in terms of 3-D coordinates, tisene reason for the manifold of
all resulting shapes to lie on a hyperplane. Intuitively, tsing PCA, we consider thbl .-
dimensional ellipsoid that includes this manifold withdnating limited to it. This produces not
only extension modes but also rigid modes that we discard.

In practice, the presence of these extension modes makesethedrmore general: On the
one hand, if the surface whose deformations we seek to recewily inextensible, we can
incorporate a term that prevents extension or shrinking our optimization scheme. On the
other hand, the presence of the extension terms lets udiefigcmodel stretchable materials
using a low-dimensional deformation model.

Any point p lying on the rest surface can be expressed with its barycentric coordinates
b (p) and the three vertices forming the facetf, on whichp lies. Given some deformation
parameter , the pointp follows the surface to reach the point

X
f(p)= B(P)si( ) : (4.18)

i2F

Sinces( ) forms a linear combination (see Equation 4.15()) = s andfo(p) = p. The
functionf , parameterized with , densely transforms all poin{son the rest surface to some
location of the deformed surface. Next section shows howtegrate this parameterization into
an optimization scheme that recovers the shape from one @ waws of the surface.
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Figure 4.16.: The deformation modes of the meshes of Fig®, 4omputed by PCA of gen-
erated example§ [92]. In all gures the average mesh is thallmidne. The other
two are obtained by taking a single to be non zero. Positive and negative values
of that , yields the shown meshes. (a) Bending and extension modés oit
rectangular mesh, (b) the triangular spinnaker, and (cYthkirt.

4.3.3. Optimization Scheme

The shape of the mesh is controlled by thevector of weights assigned to the PCA modes. To
handle the potentially moving camera, or cameras, we ingea vector of extrinsic parameters
for each one and de ne the state vector

s=( 1 oo ) (4.19)

whereC is the number of cameras being used. Note that this fornomlatan handle both one
single camera and multiple cameras that may move with rédpeeach other. A camerg
whose rotation and translation are parameterizedbgan project a 3—D poirgt on the image
pointg = (p). Therefore, the projection of the deformed pdint (p) on camera is

0 1

. X
TP = i(f )= @ BpEsi( A ; (4.20)

i2Fp

which is a function mapping surface points to image pointspldys the same role as thie
function of Equatioi4l1 in the 2-D case. The expression@tthrespondence energy term in
the 3-D case is then: X
"c( 3) = we (kep T 5 (cok;r) ;
c2C

where () andr are the robust estimator and the deterministically redwaddis of con dence,
both discussed in Sectién#.2.

A deformation energy term is required to favor, within thedar space of deformations, the
ones that do not stretch or compress the surface. As we saw\viops section, a linear combi-
nation of principal components can result in a mesh thatmokpar shrinks. To model surfaces
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boolean detect_surface_on_frame (f)

{
wbm = compute_widebaseline_matches (f)
Ifm = compute_last _frame_matches (f)
for (r = 1000; r>1; r =0.57r)
{
sm = compute_silhouette_matches (f)
m = apply_rho(r, wbm + Ifm + sm)
optimize_with_LevenbergMarquardt (m)
}
if (size(m) > threshold)
return success
else
return failure
}

Algorithm 4.1: Overview of the 3—D complete detection algon.

that do not stretch, a deformation energy term favors, withe linear space of deformations,
the ones that preserve edge lengths:
X
"p(3) = (ks( ) s( )k L) (4.21)
(i )2E
whereE represents the set of all edges dngl is the initial edge length. As in the 2-D case, the
nal energy term is de ned by:

"()= o"p( )+ "c(): (4.22)

The non-linear nature of the deformation energy term isnmgatible with the semi-implicit
optimization algorithm we used in the 2-D case (Sediionll. Ve therefore use the Levenberg-
Marquardt algorithm to optimiz&( ) [[71]. As we have seen in Sectibn 412.3, mismatches elim-
ination and optimization are alternated, with a radius af dence r reduced at each iteration.
Algorithm 4] summarizes the process.

The Levenberg-Marquardt optimization ‘6§ is, compared to the 2-D case, more sensitive
to initialization issues, because the problem is more aothig. Fortunately, wide-baseline
matching eases convergence, even when starting with awezy fnitialization. We used several
approaches. One of them is to assume a standard initial pAsesoon as the surface gets
close enough to it, detection is successful and, since gation starts from the previous frame
con guration, the user can bring the target object far framinitial pose. Another strategy is
to compute an initial guess using the P3P algorithm, assymingid surface([39, 86]. If the
deformation is not too large, the result is close enough ttéhie optimization converge to the
global minimum. The last strategy, very recently developgdSalzmann et al, consist in a
closed form computation of the pose and shapé [91].
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< >

\. J \. J

Figure 4.17.: Bidirectional feature matching. When maighiwo consecutive frames, matches
are established back and forth, and only agreeing matckdeept.

Figure 4.18.: Frame-to-frame correspondences, as detalSection[4.3}4. Only inliers kept
within the nal radius of con dence are shown.

4.3.4. Temporal Consistency

Up to now, feature points are the only exploited image infation. However, features are sparse.
Despite the shape parameterization of previous sectionyeging the 3—D pose of a monocular
camera, together with the surface shape, is sometimes amisgSeveral 3—D poses and shapes
could explain the observed image. In that case, if detecsiomade on a video sequence without
any temporal consistency, the system will hesitate betwmrsible solutions. A very small
change in image can cause the optimization to jump to ansthiation. The resulting camera
pose estimation thus presents jitter. Therefore, enfgri@mporal consistency is required. One
possibility is to measure motion ow.

On the one hand, wide-baseline correspondences are sparz@¥ide very strong clues and
are not subject to drift. On the other hand, frame-to-franagafming of features estimates motion
ow, is easier to compute, denser, and induces drift. Botthtéques are complementary and
their combining, when detecting an object in a video segeeather than in a single image,
leads to a stable and jitter free tracking. In ambiguous casisducing frame-to-frame corre-
spondences in the set of correspondericémces the optimizer to stick to a particular solution,
rather than jumping from one to the other at each frame. Ofsmuhere is no guarantee that
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the chosen solution is the correct one. Fortunately, tragks stable in the sense that even if it
drifts slightly, the wide-baseline correspondences wirgually bring the tracking back to the
correct position.

Frame-to-frame correspondences are obtained by detdetiigres on two consecutive frames,
and by comparing features neighborhood. The matching psoisevery similar to the one de-
scribed in [122], except that epipolar geometry is meamisglin the presence of a non-rigid
surface. As illustrated by Figufe 4117, features are matdiaek and forth: Frame 1is com-
pared to frame, and then frameé witht 1. Incompatible matches are eliminated. Eig_%.18
depicts typical correspondences obtained when matchiogbmsecutive frames.

Once a correspondence is established, its location on the last frame is backprojected on
the surface, to obtain the 3—D coordingte 1. Obviously, the projection op; ; on framet
should lie neac;. This constraint can be enforced by the correspondencaetierof Equa-
tion[438, by inserting all frame-to-frame correspondenicgs the setC of wide-baseline corre-
spondences. Our robust estimation scheme takes care afialing outliers.

4.3.5. Exploiting Silhouettes

When projecting a 3—D surface on a planar image, the bourimdvyeen the background and the
surface forms a silhouette on the image. Back projectingitheuette on the 3—D surface yield
a curve separating visible and hidden areas. The silhoakthe real object often correspond to
a change in appearance on the image. Therefore, aligningrtiiection of the 3—D occluding
contour with image transitions can improve 3-D shape ragowe our framework, this process
ts well the optimization, by summing an additional energyrh in the objective function.

The approach works as follow. The rst step consists in dateing the 3-D occluding
contour, based on the current 3—D shape and camera posecdihisbe achieved accurately
with implicit meshes[[52], or more naively by simply commgithe boundary between visible
and hidden facets.

The 3-D occluding contour is then projected on the imagddiyig a 2D curve which is
regularly sampled. Texture changes are then searched fromsample, perpendicularly to the
curve. One way of performing this search, proposed_iri [99¢ a statistical model of texture
features. A simpler and faster approach just searches fensity transitions. FigurE—Z.119(c)
shows an example of such silhouette scans.

An energy term'g is taken to be the sum of square Euclidean distances betweeadge
projections and their corresponding image transition. Tdimist estimator of Equation[4.P
eliminates outliers. As explained in[112], keeping mu#ipypotheses can also improve results.

For speed considerations, the edge matching is not donetieaeithe minimizer updates the
state vector. Instead, it is done each time the radius of camcdr is decreased.

4.3.6. Results

We tested our deformation measurement method in two canteideo sequences and still pic-
tures. On the one hand, the goal of working with a video secgiénto analyze the behavior of a
surface intime, while it is deforming. On the other hand, kirag with just a few pictures allows

to have a snapshot of a surface shape at the time the pictsraken. From a computation point
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Texture
boundary .

Figure 4.19.: Image data. (a) An image from an input sequeigeOne of 15 images used
to build a textured 3—D model of the spinnaker. For our experits, we added
black scotch tape on the otherwise white parts of the saiélp bur wide-baseline
algorithm to nd correspondences between model and inpaig@s such as those
depicted by the black lines. (c) Contours detected as extoundaries. Even
though the boundary is not correct everywhere, thanks tartbdel and robust
estimation we still recover the correct shape.

of view, both problem are very similar, except that framdrtone matches are unavailable in
still images. From an application point of view, there isaal-off between spacial and temporal
resolution. We also tested the suitability of our technitmaugmented reality by implementing
a toy application in which the user deforms a paper augmewitidvirtual poles producing
electric arcs. This application is presented in Chalgter 7.

Deformation Recovery from Video Sequences Here we demonstrate the capabilities
of our system using the four very different kinds of objecépidted by FigureE-4.20, 41 and
B23. They cover a wide range of physical properties andrttages have been acquired using
ordinary camcorders. In all four cases, we rst created a 3exdured model of ine using one
or more static images acquired independently of the videos.

We then optimized the criterion of Equatin_4.22 using mddemage correspondences,
correspondences with the previous image, and optiondhypwsétte information. As shown in
the gures of this section, the resulting shapes are acewabugh for correct reprojection.

We represent both the sheet of paper and the elastic suvfaaeh was cut out of an in atable
balloon, of Figurd 421 arld4P2 a8@ 20rectangular grid. We model the spinnaker using a
153-vertex triangle. The T-shirt mesh is made of 2 sleevatdte 45-vertex equilateral triangle
attachedto & 25rectangular grid. We used 45 PCA modes to track the sheetpafrph0 for
the balloon, 40 for the spinnaker and 50 for the T-Shirt.

The rest shape of the spinnaker is not planar and Voiles P8iyias sailmaking company,
gave us the CAD model that was used to design it, thus allowintp t a triangular mesh to
it. This gave us the initial shape from which we computed tefoation modes. To create
the textured model needed for automated run-time operatierdeveloped a software tool that
allows us to manually supply a few image-to-model corregigoges in images such as those of
Figure[4.ZB, which daot belong to the test video. By feeding these correspondenorg with
automatically detected silhouettes into the optimizaframework of Sectiol 4313, we recover
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Figure 4.20.: Tracking a spinnaker with either one or two eems. (a,b) Two synchronized im-
ages from independently moving cameras, with recoverathsger reprojection.
(c) Tracking using only one camera. Note that once reprefecin the images,
the results are almost indistinguishable. (d) 3—-D resuith wo cameras. Both
camera positions are also retrieved. (e) Superposed 3-i@shatrieved using ei-
ther one (red) or two (blue) cameras. Note that both shapegesy similar, which
indicates that the deformation model provides a good ajypration when data are

missing.

Figure 4.21.: Tracking a deforming sheet of paper and Tshirboth cases, we show the de-
formed 3-D mesh overlaid on the original images in the top amsl then seen

from a different viewpoint in the bottom row.
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the spinnaker's shape into the images and, thus, a textuoel@lmin the speci ¢ case depicted
by Figure[4.2B, we only supplied 10 correspondences peremabich did not take long to do.
In short, our deformation modes not only lead to robust andraated run-time operation but
can also be used to limit the required amount of manual ietgion during model building.

These experiments display several strengths of our metlkadt, as shown in the videos
corresponding to the deforming sheet of paper of Figurel] drtllspinnaker of Figule-Z.R0, our
system is robust enough to process sequences of more tharfratles acquired both indoors
and outdoors without getting lost or drifting. When the iragata is too weak, 3—D shape
recovery becomes temporarily less accurate but the sysiemrgcovers.

Deformation Recovery from Still pictures Our system also works with still pictures,
such as the one of Figute_4124. We developed a graphical niegfaice to quickly click corre-
spondences between a 3-D CAD model and pictures, allowiitl gieformation measure and
shape comparison, as illustrated by Figure 4.25.

Detection precision increases with the number of simuttaseviews used. To estimate our
system's accuracy, we used a nite element simulation toegate a possible sail shape. We
then generated a set of synthetic pictures on which we applie method. To compare shapes,
we rst reduce them to a restricted set of parameters: Diadt@mber at curves 25% and 50%
of the spinnaker's height, as depicted by Figlire ¥.26. Sakbrs are used to deal with this
kind of measures. We can then compare draft and camber negasotr with our ground truth
and use it as an estimation of the system's accuracy. The aigop is visible on FigurEZ4.27.
Unsurprisingly, the accuracy improves when using multipeavs. Results obtain from a single
image are noisy but still meaningful.

4.4. Conclusion

This chapter presented a method making fast and robustigichsurface detection possible.
Based on wide-baseline feature matching, our robust estimacheme is able to simultane-
ously eliminate outliers and to compute deformation patamse Since our approach requires
a geometric model, we combined it with a 2-D regular hexaoresh. It allowed us to con-
veniently model non-rigid surfaces and required little garation costs. However, since its
vertices lie in the image plane, no depth or orientation impgoted, making impossible augmen-
tation with 3—D objects. Therefore, we also tested a 3—-D gademmodel that both handles
camera pose and a linear deformation basis. It allowed 3—bnantgd reality on deforming
surfaces. However, AR does not reduce to geometric retistrand the next chapter proposes
solutions to improve virtual object rendering by approgaia handling illumination.
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Figure 4.22.: Tracking an extensible surface undergoirigoamopic deformations. In the top
row, we show the original images and, in the bottom row, welayehe recovered
3-D grid that stretches appropriately.

Figure 4.23.: 3—D model of the spinnaker overlaid on thedlimeages used to compute its refer-
ence texture. In each image, we speci ed 10 correspondenitbauCAD model
of the spinnaker and used them, along with automaticallgaet! silhouettes, to
deform it. The texture is then exploited to measure the sivafige remaining of
the video sequence.
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Figure 4.24.: Measuring the shape of a spinnaker. The bilaek show the deformed and repro-
jected design shape.
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Figure 4.25.: Comparing three shapes of the same spinndker.design shape is on the left.
Our system computed the shape of the two others, one of whielsible on Fig-
ure[4.24. They are manufactured with different materials.
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Figure 4.26.: To evaluate the shape of a spinnaker with ofggvameasures, sailmakers de ne
curves at different height, such as the ones depicted at 368%,and 75%. From
these curves, camber is de ned ﬁ% and draft aso%c.
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Figure 4.27.: Average absolute error of draft and cambersorea from a varying number of
synthetic images. As expected, the error decreases quidkéyn using multiple
views. Monocular measurement, although noisy, is still mregful.
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5. Handling lllumination

Convincingly adding virtual objects into a scene not onlyuiees proper geometric registration,
which is what the techniques of Chapkér 4 provide, but alsmghetric modeling so that they
can be relighted correctly and properly blend into the emvinent. We propose to differentiate
two cases: Retexturing, which augments a surface by ajtésrappearance while preserving its
geometry, and 3—-D augmented reality for which virtual getynis added. Both cases require
different approaches. In the retexturing case, since thengty of the scene is preserved, the
lighting information required to augment a particular sad point is present on the observed
image. Therefore, the process rst evaluate the changekél iptensity between the reference
image and the input image and reproduce them on the virtwadree The information about
where the light is coming from is not necessary, as opposdtaaase of added geometry.
When rendering a virtual facet without a real counterpdmg, $ystem needs a representation of
the real illumination environment for realistic shadingalso requires knowledge of the target
object 3-D pose and orientation, as well as geometric edldor. The intrinsic and extrinsic
parameters of the camera.

Most existing techniques perform geometric and photometilibration as independent steps,
which is incompatible with our framework of Sectién12.4. Byntrast, our approach relies on
the very same set of images to perform both kinds of calinatthe geometric part of which
is relatively standard and detailed in Appenfix B. For eaamera, as long as the lighting and
camera settings do not change, the pixel intensities witiencalibration pattern depend only
on its normal. In other words, each image in which the pattemeitected provides a number
of samples corresponding to one individual surface orienia Because we can easily and
automatically collect many such samples, we can simultaslgaecover the gain and bias of
each camera and create an environmental lighting modetéimebe used for relighting purposes.

In the rest of the chapter, we review the related work, pregentetexturing case and nally
the photometric calibration required for adding virtuabgeetry.

5.1. Related Work

A pioneering approach to realistic shading for AR relies @ogyaphic location and date to
compute the sun position 78] and to insert virtual buildirig a picture of a real landscape.
Real-world illumination can be captured using calibratmvjects such as re ective spheres.
This can be done as a preprocessing step [23] if the illunoinaemains unchanged. It can
also be done in real-timé [55] using a calibration objecitbay adding a mirror ball to a 2—

D square marker. While effective, this approach is much naifeult to deploy than ours

since constructing such an object is much more involved Hiaply using a textured pattern.
Similarly, [93] relies on omni-directional stereo cameraich requires specialized hardware
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5. Handling Illlumination

instead of the ordinary cameras we use. The photometribraesibn we get may not be as
accurate as those obtained with such lighting probes but Wehloew that it is amply suf cient
to synthesize realistic augmented images while being muarie fight-weight.

Another class of approaches [27] 41] focuses on interactivdering of illumination changes
caused by virtual objects in the real scene. However, tipie@ly involves a 3—D scene model,
which is cumbersome to acquire.

Our approach to creating an environmental lighting map lated to the inverse lighting
framework of [72] that involves an object of constant albesial known shape. If the object
surface contains a suf ciently large number of differentiyiented normals, it is possible to
relate a lighting contribution to each direction of a disized lighting sphere. Regularized
deconvolution then allows us to estimate the light sourcestipn. In our case, as the grid
moves in front of the cameras, it samples the spaces of nerngihce we precisely compute
those normals, we can directly exploit the observed chaimggsxel intensities to model the
illumination using a very similar approach. However, weuieg a textured surface rather than
a constant albedo.

5.2. lllumination Model

In practice, if we wish to build a versatile system that can bendnstrated in uncontrolled
environments, we cannot make strong assumptions aboutd@mirces that are present when
acquiring the input video. There can be many and their rés@eintensities and spectral prop-
erties are unknown, which can result in complex shadingi®@lvang, and color effects. To avoid
the latter, we work independently on the red, green, and lisdunels of color images.

We consider a potentially in nite number of sources that veswane to be both directional
and outside the capture volume. For our purposes, this gesva satisfactory approximation of
extended light sources.

The irradiancee at surface poinp and timet can therefore be written as

NS
€pit = O p;t Max (np;tdl;o) I s (5.1)
1=0

where | represents the radiosity, or power, of soutcel, its direction, ando;p:+ a binary
variable that takes the valdeif and only if light sourcd is visible from pointp at timet. We
assume a Lambertian surface and a linear response for therasuaind write the pixel intensity
| (c;p;t) of pointp in the image acquired by camerat timet as

I (C;p;t) = Qeapepy + I (5.2)

wherea,, is the surface albedo at poipt g the camera gain, art its bias.

We propose two ways of exploiting this illumination model fngmented reality. We will rst
show how to create an augmented image by modifying the sudtiedaoa,, while preserving
the surface normal and position. We then explain how to caeplative gains and biases of
several cameras and how to compute the irradiacas a function of the surface normal. It
results in a light map that can shade virtual objects.
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5.3. Realistic Retexturing

Equation[5.2 assumes that all pixels have the same gain asdwhich is wrong in case
of vignetting: Poor lenses tend to make image corners daheer its center. This issue is
not a problem in the retexturing case, since the irradiacele evaluated for each pixel and
can therefore account for vignetting. However, when insgrhew geometry in the scene, the
evaluation of the irradiance is done over many frames andvhese on the input images. A
strong vignetting might cause some artifacts. In practioegrof our experiments suffered from
this issue.

5.3. Realistic Retexturing

In Chapte, we have shown that we could compute fast and atetyithe 2—-D deformation

of a surface. In an Augmented Reality application such as tieedepicted by Figure—3.1, this
is what is needed to modify in real-time the appearance dfdtmdace. However, to achieve a
convincing illusion, it is important not only to model geatrie deformations but also lighting

changes. To this end, we have developed a dynamic approashirnmating the amount of light

that reaches individual image pixels by comparing theioroto those of the model image. This
lets us either erase patterns from the original images apidae them by blank but correctly
shaded areas, which we think of Bgninished Realityor to replace them by virtual ones that
convincingly blend-in because they are properly lighted.

The Lambertian Case  The augmented surface is assumed Lambertian. It is easy timkon
the acquisition of its reference image. With no loss of galitgr we can therefore assume that it
has been acquired when the surface was both undeformedgimediuniformly, which means
that every surface point receives the same amount of ligihigitolor band we are working with.

Under this assumption, let , andup be the pixel intensities showing the same surface point
p in the reference and input image respectively, andjdbe the corresponding surface albedo.
By assuming a camera gaijg = 1 and biasx. = 0, we obtain from Equatiofd.2:

Mp = &ap ; (5.3)
Up = €pdp ; (5.4)

wheree;, is the total irradiance reaching surface pomtande; the total irradiance in the
reference image assumed to be the same at all surface ploirgsneral, the values oh , and
up are different due to changes in both normal orientationdighting conditions. However, the
geometric registration we have established between thénages tells us that they correspond
to the same physical point, which we exploit as follows.

Let us consider a white surface area with albagaat locationw on the surface. If the target
surface has no white part, it is always possible to put a wdtiject next to it while taking the
reference image. We can measure on the reference imagexleigensitym,, where this
white locationw is projected and write

My = €ay ;| (5.5)
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Figure 5.1.: (a) The reference image of the target surfatie thé model mesh overlaid. (b) An
input image. (c) The mesh is correctly deformed and regisitéo the input image.
(d) The original pattern has been erased and replaced byk ble correctly shaded
image. (e) A virtual pattern replaces the original one. Itasrectly deformed but
not yet relighted. (f) The virtual pattern is deformed anligtged.
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5.4. Radiance Map for 3—D Augmentation

whereg, is the irradiance of Equatidn$.3. Using this white nornatianm,,, we can compute
a new image, looking similar to the input one, except thatsilmace albedo is changeddg .
In the input image, if there were no texture, the correspandimage intensity should be

u u
Sp = Epaw = awerm—p = my— : (5.6)

Note thats, is expressed exclusively in terms of image intensities ctvlaire readily available,
as opposed to albedoes or surface normals that are not.

Replacing the intensities,, of all the pixels on the object surface By yields images such
as the one of Figure3.1(d) where the original texture has bey@laced by a blank but correctly
shaded surface. To draw a shaded new texture, as in HIgU®, Své simply multiply texture
values with their corresponding whisg.

Note that, because we perform the computation locallynitai@s valid no matter how many
sources there are and what their speci ¢ characteristicg loga The only thing that has to be
true is that the contribution of the individual light sousde the pixel intensity are all modulated
by the same diffuse albedo and do not depend on the viewpoint.

In practice, we compute the lighting factor only at mesh eedj averaging pixels values of
both model and input images over an hexagonal area surmogiitdiThe resultings,, values are
then interpolated over triangles by the GPU through a fewr@ecalls.

In some cases, is dif cult to estimate reliably on large single-coloredeas. In the example
of Figure[5.2(a), recovering thg, blue component over the red area is hard because sensor
inaccuracy on remaining blue light is ampli ed by a big factblowever, the visual impression
given by Figurd 5 (b) is still that the original paintingshaeen erased and replaced.

Specularities and Saturation The assumptions used to derive Equatiod 5.6 are clearly
violated for specular materials. However, as illustratgd-lgure[5.3B, this does not have severe
conseguences even in the presence of strong specularitigbaillusion remains convincing.
This is because, when there is a specularity, the imagesityeincreases and thﬁ% ratio
of Equation[2.b becomes large. As a result, $hentensity that is used to draw the synthetic
patterns also increases, which is perceptually correcesinyields intensity maxima at specu-
larities’ locations. In other words, the absolute valuesgimay not be correct but its magnitude
relative to its neighbors remains consistent with the preseof a specularity. And since the
human eye is much more sensitive to relative values thandolate ones, this suf ces.
In practice, specular peaks often saturate the camera séms®making the estimation af,
unreliable. We detect such cases by simple thresholdingvarithndle saturation by settisg to
its maximal possible value. Since color computation is iggpindependently on the red, green
and blue channels, one channel can saturate while the aihrertdAs a result, not only specular
peaks but also saturated areas in the input image are dgtraciscribed into the synthetic ones.

5.4. Radiance Map for 3—-D Augmentation

In this section, we extend retexturing to make possible thiste shading of virtual geometry.
To do so, we need the 3-D detection of a at pattern and théredlon of one or more cameras,
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(b)

Figure 5.2.: (a) original image. (b) ThemAR logo replaces the shirt print. Recovering white
is hard in this image since the model has large single-cdlareas, making light
evaluation dif cult.
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5.4. Radiance Map for 3—D Augmentation

Figure 5.3.: Handling specularities. (a) Input image witlorsg specularities. The main one is
produced by a lamp, while the two smaller ones can be at&ibta light coming
through window. To produce this result, the paper has beeered by a transparent
plastic sheet. (b) The picture has been erased from thecsubpia the specularities
still appear to be at the right places. (c) TB®AR logo has been inserted.

both detailed in AppendiKIB. We present two complementapragches to 3—D shading. The
rst one involves solving a linear system of equations dedifrom the calibration sequence to
express the illumination as a function of surface normalscéxthe gains and biases have been
estimated, this model can be incrementally updated to tdighting changes. The algorithm
can therefore be embedded into a real-time applicationdadles non-constant lighting. How-
ever, it is not designed to synthesize either shadows outgre® ections. We use therefore a
second approach based on deconvolution. It explicitly caeya light distribution that could
have produced the observed pixel intensities. It is more caatipnally intensive and makes
no provisions for time-varying lighting but allows addedtual objects to cast shadows and
produce realistic specularities.

Assumptions  Recall the illumination model presented in Secfiod 5.2. tsiders a poten-
tially in nite number of sources that we assume to be botlectional and outside the capture
volume. Moreover, by printing the calibration pattern onttmgaper, we ensure that it re ects
light equally in all directions. As a result, the differeniteintensity values between images
taken at the same time by two different cameras are due téestapieed or aperture, but not
to camera pose. If we further assume that the same sourcessifale ¥tfom every point of the
calibrated volume, the amount of light re ected by a pointtbe calibration pattern depends
only on the surface normal; at timet. In order to simplify reasoning, we assume here a at
augmented pattern. Therefore, the observed normi constant over the surface and depends
only on time, as the whole plane rotates.

To be robust to small localization errors, we do not consideividual points, but small
patches that average the local property around points on the caidragattern. Applying
these assumptions to Equation]5.1, the irradiamaesurface patch and timet can therefore

be simpli ed to:

b
e = max (nid;;0) ; (5.7
1=0
where | represents the radiosity, or power, of soureadd, its direction. Recall that the pixel
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() (b)

Figure 5.4.: lllumination models. (a) An interpolated lightp computed using the on-line tech-
nique of Sectiol 5.411. (b) A dome of light sources whoseviddial powers are
estimated using the technique of Section 3.4.2. In this mctthe intensity of a
triangle represents the power of an individual light source

intensityl (c; ;t) of patch inthe image acquired by camerat timet is
I(c;;t)=gca e + Iy; (5.8)

wherea is the average surface albedo ovel. the camera gain, artg its bias.

Our goal is to compute the gain and bias of all cameras, tegetith a collection of irradi-
ancese; for all observed surface poses. In practice these quantiéiesonly be known up to a
scale factor. We use far the mean intensity overin an image acquired under uniform diffuse
lighting such as the ones of Figure B.2.

5.4.1. On-line Lighting Calibration

Instead of explicitly evaluating the radiances of Equation 3.7, we directly compute ¢he
irradiances as a function of the orientation of th@ormals. More speci cally, we simultane-
ously compute the gains, biases, angd irradiance values for the normals we have observed.
We then interpolate this set to estimate the unobserveesalu

This yields dight mapM (n) such as the one depicted by Figlird 5.4(a). When synthesiring
augmented image with a virtual surface whose normalis,, the augmented pixel value is set
tos, = gcayM(ny) + b, wherea, is the albedo of the virtual surface at pointThis lightmap
rendering is easily done by the GPU and requires only a shpegnGL Shading Language
(GLSL) program.

5.4.1.1. Linear Estimation of the Light Map

The geometric calibration process provides many surfacealsn; and pixel values (c; ;t).
To solve for the unknown gains, biases, and radiances, earize the problem by replacing
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Figure 5.5.: The irradiance factoes obtained by solving the linear system of Equatlon] 5.9.
Interpolating these values yield a light map similar to the ohFigure[2.}(a).

some variables in Equatidn’b.8. Let
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For each patch in each detected frame, Equdfion 5.8 can bigteevas

2 03
I(c;;t)g0+a g+ =] I(c;;t)la]4b§5:0: (5.9)
€

Putting all these equations together yields a large butssparear system and we nd our so-

lution as the eigenvector associated to the smallest eddygzv In case of color images, one
system is solved for each color band. The scale of the resatbitrary, and we choose to set the
gain of the rst camera to 1. Typically 50 to 300 irradiancedved simultaneously is enough

to provide gain and bias relating the multiple cameras. feiffu3 depicts the solution of such a
system. FigureE 5.7 alidb.8 show the same teapot rendetedifférent camera biases. When
comparing the intensity on the table, the difference in qanaperture is clearly visible and well

reproduced on the virtual teapot.
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5. Handling lllumination

Figure 5.6.: Rendering a virtual teapot under real and dyodighting. The top row shows
the updated light map. On the left image, a lamp lights up #rd and the virtual
teapot. The lamp is then switched off, and the lightmap mesjwvely re ects the
new illumination conditions.

5.4.1.2. Incrementally Updating the Light Map

The above computation assumes that the lighting does nogehduring calibration. However,
once the gains and biases are known, computing a new inag&m from a new observed
pixel u .t +1 is trivial. Thus, if the illumination changes, new framesiagpdate the light map
at the same time it shades a virtual scene. Each frame carlesamip one normal at a time.
Thus, if the light changes suddenly, it is not possible tcat@dhe whole irradiance map at once.
Instead, we locally update the irradiance around the medswemal and keep the old values
for other normals.

Let M((n) be the light map at timé. To update its value for a surface of nornmatvith the
recently computed sampée;1 corresponding to the observed real surface orientatign, we
write

8n :Mui(n)=(1  f(n))Mi(n)+ f(new ;

where
exp cost(n nui)sy  if cos@ nga) >0

f(n)= 0 otherwise

and 2 a constant blurring factor. In practice, our system iniiedi the light map using the
solution of the linear system of equations and then updaties each new frame. Figurie—%.6
illustrates such a dynamic light map.

5.4.2. Of ine Estimation of Light Distribution for Rendering Specular
Effects and Casting Shadows

While the previous method yields satisfying results fot fas-line pre-visualization, its accu-
racy suffers from two numerical problems. First, it does nmohimize a physical error since
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5.4. Radiance Map for 3—D Augmentation

the problem is intrinsically non-linear. Second, it solg@multaneously for camera-related pa-
rameters, the gains and the biases, and lighting-relateahygders, the irradiances. As is the
case for geometric camera calibration, performing noadimoptimization and dissociating the
estimation of the internal parameters, here the gains aaskbj from that of the external ones,
here the irradiances, yields more reliable results.

In [83], Lagger et al. presented an of ine approach to doing I$és computationally more
expensive than the on-line technique of Seclionb.4.1 mdymes a more sophisticated illumi-
nation model that allows for specular highlights, cast sk and changing the materials of
the virtual objects. The lighting environment is modeledchaesgularly sampled dome of lights
of varying power. The process begins by estimating the gaéhkdas of each camera in a way
that is independent from lighting effects and normalizihg pixel intensities. It then applies
a regularized deconvolution algorithm on the observed|pitensities within the calibration
object to assign to each individual light the power that leegiains the observations. It yields
a lighting sphere with smooth but well-de ned clusters, Isas the one of Figure_3.4(b). The
knowledge of the source positions allows for realisticahaded virtual objects. Realistic cast
shadows and specularities can be computed using a Phonmghmaddel. As shown in the
next section, the conjunction of tracking and lighting ligttion estimation allows us to render
convincing augmented images.

5.4.3. Results

We used a three camera set-up to produce the augmented imlfagire[5Y. In the rst
row, we use only the geometric calibration parameters tevdree virtual teapot at the right
place and use a randomly selected point light source tohtelig Even though the teapot is
correctly registered, the result is unconvincing becahseshading patterns do not match those
of the other real objects present in the scene. In the midalewe use the output of the on-
line photometric calibration procedure of Sectlon 3.4.tefght the object. The result is much
improved but highlights and shadows are still missing. Asaghin the bottom row of the gure,
using the output of the more sophisticated of ine calibwatprocedure of Sectidn'5.4.2 solves
both problems. Both highlights and shadows now appear aighéeplaces, thus signi cantly
increasing the realism.

Figure[5.8 showcases the exibility that our multi-camegstem provides. In two of the
three images, the calibration pattern is not visible in tr@wwe are trying to augment and
a monocular approach that relies on detecting it would falbwever, because it is seen by
another camera and because the relative positions of theraamith respect to each other have
been computed, we can nevertheless draw it at the rightidwcais evidenced by the fact that
the real box occludes it correctly.
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Figure 5.7.: Adding a virtual teapotrirst row: We use only the geometric calibration data
and relight the teapot using a random point light source. Steling patterns do
not match those of the real object§econd row We use the on-line model of
Sectior 541 to relight the teapot. The result is bettethmihighlights and shadows
are still missing. Third row : Using the more sophisticated of ine technique of
Sectio 5.4 produces realistic highlights and shadows.

Figure 5.8.: Even when the calibration pattern is invisilolehe view we are augmenting, the
real object is accurately registered and correctly ocdutie virtual teapot. This is
possible because the calibration pattern is seen by ancéineera whose position
and orientation are known.
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5.4. Radiance Map for 3-D Augmentation

Figure 5.9.: Calibration and augmentation of a piece of lvaadd. Note that the virtual vase
casts shadows on the real object in all frames and that a lspiegunoves realisti-
cally on its surface. In the bottom right image, we used a textuap to change the
albedo of the vase.
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6. Handling Occlusions

In augmented reality, a real object, such as a hand, couldidecbe occluded by, or intersect
a virtual augmentation. Dealing with all the three casesiireg estimating the depth at which
the occluder is seen. Several approaches have been prapcsgdress this issue, few of them
meeting the constraints of our framework that forbids detdid depth sensors. Recovering
depth from monocular views is not a simple task. We will nadrads it here. We rather address
a simpler problem: The case where a real object occludegumlivne without intersecting it.
As we will see in this chapter, this restriction allows us ¢égment occlusion from a monocular
view, yielding correct retexturing. In uncommon pathol@jicases of 3—D augmentation, it
may introduce some artifacts. Overall, it is a perfectlyeqtable price to pay to reach our weak
hardware requirement goal.

Our framework gives us a basis to address the occlusion,ifmeause it assumes that the
geometry and appearance of the object to augment is knowapt&h4 and appendixB.8 cover
registration techniques with an observed picture. It is thessible to render a synthetic image
of the expected object appearance, in the exact pose showntbd lmput image. Of course, the
synthetic and actual images differ. The main causes amaiiflation changes and occlusions.

At that point, our initial depth estimation problem can bdueed to a segmentation problem.
Segmenting the areas where the differences are due to motldslimits the pixels that must
display reality rather than virtual objects. The task isgired, but still far from trivial, because
occluding objects often cast shadows on unoccluded aréasging their appearance. The
ambiguity between illumination effects and occlusionslg@enfuses naive algorithms.

The dif culty can be seen as a chicken-and-egg problem. Tomge illumination, it is im-
portant to exclude occluded pixels. Otherwise, the illusion map gets corrupted. However,
knowing the illumination is very useful to determine theibikty of pixels, because direct com-
parison of intensities become possible. We propose to addhe issue with an Expectation-
Maximization (E-M) algorithm that estimates the segmeotain turns with illumination and
occluding object colors. It also relies on normalized crosselation to accelerate the algorithm
convergence and to increase its robustness by prevenfiragritgetting stuck in local maxima.

Occlusion detection by segmentation is closely relatedattkfround subtraction, a popular
video surveillance technique that segments foregroundctdijfrom images taken by a static
camera. We can therefore inspire from the abundant litexatavering background subtraction.
It also turns out that our method, applied to background agbtm, performs very well in the
presence of sudden and drastic illumination changes.
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6.1. Related Work

Registering existing 3—D models of occluding objects is opton explored in[[16]. Accu-
rate mutual occlusion between natural and arti cial olbgecan be achieved using dense depth
computation from a stereo image pair[96, 118]. A combimatbsemi-interactive outlining of
occluding objects and structure from motion allows occtudé&R anddiminishedreality [60].

The problem of occlusion in augmented reality can be consitlas a background subtraction
problem. By back-warping the image to augment into a ref@drame, one can locate visible
areas of the model to augment. This is an approach descridd]. It presents an AR system
that includes interactive pointing. A pointer, such as aengoccludes the augmented marked
plane. A stereo pair computes a depth map, and a backgrolmihstion technique segments
the nger from the plane. The authors mention tishadows will be represented in the differ-
ence mask but are not part of the pointer its@lhey improve segmentation by merging depth
information from the stereo pair. In contrast, we addressra sinilar segmentation problem
without requiring a stereo pair. Their work proves the ubedas of our tools for augmented
reality applications.

Many background subtraction techniques faced problentsillitnination changes and shad-
ows. A popular solution consists in updating on-line a statl background model. A pixel
from a new image is then classi ed as background if it ts thedel. Wren et al.[[119] rep-
resent the color of each pixel by a three-dimensional Gans$arned from color observation
of consecutive frames. Since a single Gaussian is a poooxipmation of the true probability
density function, GMMs were proposed instead [37.1103].sEhapproaches have proved to be
effective at handling gradual illumination changes ancktiéipe dynamic backgrounds. Many
improvements have been published since, such as a receémbarteiat dynamically selects the
appropriate number of components for each pixel[124].

Introducing a GMM is not the only way to model a dynamic backmeh Elgammal et al.
proposed to model both background and foreground pixehgities by a nonparametric kernel
density estimation [29]. IM1100], Sheikh and Shah proposetiadel the full background with
a single distribution, instead of one distribution per hix@d to include location into the model.

Shadows cast by moving objects cause illumination charfugsfallow them, thereby hin-
dering the integration of shadowed pixels into the backgdomodel. This problem can be
alleviated by explicitly detecting the shadows]|[85]. Moktrem consider them as binary 185],
with the notable exception df [1D2] that also considers pama by using the ratio between two
images of a planar background. Our approach also relies agématios, but treats shadows as
a particularillumination effecta wider class that also include the possibility of switchiights
on.

Another way to handle illumination changes is by using ilionation invariant features, such
as edges. Edge information alone is not suf cient, becaogeespart of the background might
be uniform. Thus, Jabri et al. presented an approach to tde¢aple fusing color and edge
information [53]. More recently, Heikkila and Pietikdinemodeled the background using his-
tograms of local binary patterns [49]. The bilayer segmigoriaof live video presented ir [22]
fuses color and motion clues in a probabilistic framework pémticular, they observe in a la-
beled training set the relation between the image featurdgizeir target segmentation. This
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solution is not acceptable in our case, since shadows ardynposduced by occluding objects
themselves, making dif cult an of ine learning of illumirieon changes.

6.2. Method

Our method can serve in two different contexts. For augntkrgality applications, where an
object is moving in the camera eld and occlusions have todggrented for realistic augmen-
tation. For background subtraction, where both the sceddl@camera are static.

Let us assume that we are given an unoccluaeiel imageof an object or a background
scene. Our goal is to segment the pixels ofrgaut imagein two parts, those that belong to the
same object in both images and those that are occluded. Ifevéealing with a moving object,
we rst need to register the input image, as covered in Chdfiteand create an image that can
be compared to the model image pixel wise. If we are dealin wistatic scene and camera,
that is, if we are performing standard background subwactiegistration is not necessary. It is
the only difference between both contexts, and the resteofrtbthod is common. In both cases,
the intensity and color of individual pixels are affectedstip by illumination changes and the
presence of occluding objects.

Changes due to illumination effects are highly correlateabss large portions of the image
and can therefore be represented by a low dimensional mioalshtcounts for variations across
the whole image. In this work, we achieve this by representiegatio of intensities between the
storedbackground imagand an input image in all three channels as a Gaussian Miktock|
(GMM) that has very few components—2 in all the experimen®ashin this chapter. This
is in stark contrast with more traditional background sattion methods[[119, 37, 103, 124]
that introduce a model for each pixel and do not explicitigamt for the fact that inter-pixel
variations are correlated.

Following standard practicé [89], we model the pixel colofoccluding objects, such as a
hand holding the augmented object, as a mixture of Gauss@duriform distributions.

To fuse these clues, we model the whole image—backgrourefjimund and shadows—uwith
a single mixture of distributions. In our model, each pixediawn from one of ve distributions:
Two Gaussian kernels account for illumination effects, amol more Gaussians, completed by
a uniform distribution, represent the foreground. A hiddeniable assigns pixels to one of the
ve distributions (E-step) and then optimizes the disttibns parameters (M-step).

Since illumination changes preserve texture whereas dirjlobjects radically change it, the
correlation between image patches in the model and inpugésharovides a hint as to whether
pixels are occluded or not in the latter, especially wheesetis enough texture.

In order to lower the computational burden, we assume pixd#gpendence. Since this abu-
sive assumption entails the loss of the relation betweerxel pind its neighbors, it makes it
impossible to model texture. However, to circumvent thiies we characterize each pixel of
the input image by a ve dimensional feature vector: The Used, green, and blue values plus
the normalized cross-correlation and texturedness vakiesture vectors are then assumed in-
dependent, allowing an ef cient maximization of a globalage likelihood, by optimizing the
parameters of our mixture. In the remainder of this sectioa,imroduce in more details the
different components of our model.
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6. Handling Occlusions

6.2.1. lllumination Likelihood Model

First, we consider the visible model, which is responsiloledl pixels that have a counterpart
in the model imagen . If a pixel u; of the input imageu shows the occlusion free target object,
the luminance measured by the camera depends on the ligihtimgahe surface (the irradiance
g) and on its albedo. Irradiane® is function of visible light sources and of the surface ndtma
Under the Lambertian assumption, we have seen in SeClid(Es2ation[5.B) that the pixel
valueu; is: Ui = ea;j, whereg; is the albedo of the target object at the location pointed by
uj. Similarly, we can write:m; = enqa; ;with e, assumed constant over the surface. This
assumption is correct if the model image has been taken under uniform illumination, or if a
textured model free of illumination effects is availableorfibining the above equations yields:

I = u _ g |
1= H - a:
which does not depend on the surface albedo. It depends onrflages orientation and on the
illumination environment. In the speci c case of a planarface lit by distant light sources and
without cast shadows, this ratio can be expected to be aurfstaall i [10Z]. In the case of a
three channel color camera, we can write the functjdhat computes a color illumination ratio
for each color band: ,
h . T

= G Be bw T

! Mir  Mig  Mip '
where the additional indicasg; b denotes the red, green and blue channel of pixelespec-
tively.

In our illumination model we suppose that the whole surfacelmadescribed bl different
illumination ratios, that correspond to areasiirwith different orientations and/or possible cast
shadows. Each area is modeled by a Gaussian distributioméitbe illumination ratio  and
with full covariance . Furthermore we introduce a set of binary latent variallgsthat take
the valuel if and only if pixeli belongs to GaussiadnandO otherwise. Then, the probability of
the ratiol; is given by:

; ¥ Xi;k Xik
plijxi; 5 )= kN ks k)T (6.1)
k=1
where ; denote all parameters of the Gaussians. x weights the relative importance of the

different mixture components. Even though the ratioare not directly observed, this model
has much in common with a generative model for illuminatiatias.

So far we described the visible model. The occluded modeadpansible for all pixels that
do not correspond to the model image These pixels are assumed to be generated by sampling
the occluding color distribution, which we model as a migtaf K Gaussians and a uniform
distribution. By this choice, we implicitly assume that thecluding object is composed &f
colors , handled by the normal distributiomé (u;; «; &), and some suspicious pixels that
occur with uniform probabilityl=256°. Again, as in the visible model, the same latent variables
are used to select a speci ¢c Gaussian or the uniform didtabu The probability of observing a
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6.2. Method

pixel valueu; given the state of the latent variable and the parameters is given by:
_ Kyt K
p(uijxi; ;)= 7};‘_}%:1 K e CON (Ui ks k) (6.2)
k=K +1
The overall model consists of the visible (Equatfiod 6.1) tredoccluded (Equatidn8.2) models.
Our latent variables; select the one distribution among the tdtat K +1 components which
is active for pixeli, i.e.
K K +1
8i; Xik =1:
k=1
Consider FigureE8.1(a) abdb.1(b) for example: The vigidtels could be explained big =
2 illumination ratios, one for the cast shadow and one for #ikeo background pixels. The
occluding hand could be modeled by the skin color and thekldator of the shirt K =2). The
example in Figur&®l1 shows clearly that the importance efdtent variable components is not
equal. In practice, there is often one Gaussian which modglskzl illumination change,e.
most pixels are assigned to this model by the latent variatmeponenk ., . To account for the
possibly changing importance, we have introducedhat globally weight the contribution of
all Gaussian mixturek=1 ::: K + K and the uniform distributiok= K +1.

A formal expression of our model requires combining thehiiiy pdf of Equation[&.] and
the occlusion pdf of Equatidn®.2. However, one is de nedraMemination, whereas the other
over pixel color, making direct probabilities incompaébl We therefore express the visible
model as a function of pixel color instead of illumination:

p(uijxi; 5 ) =jdijpllijxi;; )5 (6.3)
wherej Ji j is the determinant of the Jacobian of funcﬁdn(ui). Multiplying this equation
with Equatio 6.2 composes the complete color pdf.

Some formulations de ne an appropriate prior model on theravariables<. Such a prior
model would incorporate the prior belief that the model sibm x shows spatial[[89] and
spatio-temporal[22] correlations. These priors on therlavariablex have shown to improve
the performance of many vision algorithnis [36]. Howeveetlincrease the complexity and
slow down the computation substantially. To circumvens,tiie propose in the next section a

spatial likelihood model, which can be seen as a model taicaphe spatial correlation nature
of pixels and which gives real-time performance.

6.2.2. Spatial Likelihood Model

In this section, we present an image feature and a way to Id&fim® its relationship with
our target segmentation. Consider an extended image patahound pixeli for which we ex-

To establish EqBI3, lgi(u) be a shortcut for the pdi(ui j xi; ; ), andq(l(u)) forp(li jxi; ; ). The
probability of observing a pixel of colar within a color domairD is:
Z z z

P(u2D)= Dp(u)duz q(x)dx = D0|(|(U))J'Jj0|u;

(D)

wherej J j denotes the determinant of the Jacobiaih(oj. It follows thatq(l(u)) j J j= p(u).
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(d) (e) (®

Figure 6.1.: Elements of the approach. (a) Background immage(b) Input imageu. (c)
Textureness image?. (d) Correlation imagé *. (e) Probability of observing on
the background, according to the histograffi; j vi) (f) Probability of observing
f on the foreground, according to the histograff; j v;).

tract a low dimensional feature vectar= [f 1; f 2]. The basic idea behind our spatial likelihood
model is to capture texture while keeping a pixel independerssumption. To achieve real-time
performance we use two features that can be computed veny¥asnodel their distribution in-
dependently for the background and for the foreground, bjolgrams of the discretized feature
values. We use the normalized cross-correlation (NCC) éetvthe input and model images as
one feature and a measure of the amount of texture as thefetitare.f ! is given by:

P

f1- g 2w (U u)(mj m)
S g2 2
2w (Ui U)oy, (M) my)

, iy P .
wherew; denotes a window around pixglandu; = ﬁ j2w; Uj is the average ovew;. The
correlation is meaningful only in windows containing terduThus, the texturedness of window

i is quanti ed by: S s

_ 2 2.
fZ= (U u)?+ (m;  m)?:
j2wi j2w;

v
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Distribution over background pixels Distribution over foreground pixels

Probability Probability
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Figure 6.2.: Joint correlation and texturedness distiiimst over background and foreground
pixels.

Letv; represent the event that pixek visible andv; that it is occluded. We denote the visible
and occluded distributions dy(fi j v;) andh(f;jv;), respectively. They are trained from a set
of manually segmented image pairs. Since joint correlagiod amount of texture is modeled,
the histograms remain valid for new illumination conditsoand for new scenes. Therefore, the
training is done only once, off-line. Once normalized, thestograms model the probability of
observing a featurg; on visible areas or on occluded areas. Fidure 6.2 depicksdistributions.
One can see that they are dissociate, especially in higkiyred areas.

Figure[6.1 shows a pair of model and input images, the cooresipg texture and correlation
imagesf 2 andf 1, and the results of applying the histograms tdt is obvious that the correla-
tion measure is only meaningful in textured areas. In unifargas, because NCC is invariant to
illumination, it can not make the difference between thgeaobject exposed to some uniform
illumination or a uniform occluding object.

Both histograms are learnt in the two visible and occludessavhich are related to the latent
variablex; designing one of the distributions of our model. Therefdrasan be linked to all
visible distributions corresponding fx;. 1; ::; Xi.x g andh to all occluded ones, corresponding

10 f Xk +15 00 Xk vk +1 O-

6.2.3. Maximum likelihood estimation

Having de ned the illumination and the spatial likelihoodbdel, we are now in the position to
describe the Maximum Likelihood (ML) estimation of the camdd model. Let =f; ; ¢
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denote the vector of all unknowns. The ML estimatis given by:

X
= argmax log p(u;f;xj ) (6.4)

X

wherep(u;f ;xj )= p(u;xj )p(f;xj ) represents the combined pdf of the illumination
and the spatial likelihood models given by the product of &wuns.[6.B[6]2 and the histogram
distributionsh(f; jvi), h(fi jv). Since the histogram distributions are computed over agéma
patch, the pixel contributions are not independent. Howeéwerder to reach the real-time con-
straints, we assume the factorization over all pixels Equation[6.4 to be approximately true.
We see this problem as a trade-off betwéra prior model orx, that models spatial interac-

tions [22]36] with a higher computational complexity giila more simple, real time model for

which the independence assumption is violated, in the hiogiiethe spatially dependent feature
descriptionf accounts for pixel dependence.

The pixel independence assumption simpli es the ML estenat

Y X
= argmax log pluislisfisxij ) (6.5)

i Xi

The expectation-maximization (E-M) algorithm can maxienizquatior 6. It alternates the
computation between an expectation step (E-step), and anzation step (M-step).

E-Step: Onthe(t + 1) ! iteration the conditional expectatidnt*! of the log-likelihoodw.r.t.
the posteriop(x ju; ) is computed in the E-step. By constructiém. by the pixel indepen-
dence, this leads to a closed-form solution for the lateriasée expectationb;, which are often
called beliefs. Note, that in other formulations, where dpatial correlation is modeled explic-
itly, the E-step requires iterative approximations likeaneeld [36]]. The update equations for
the expected valudsy of x;x are given by:

(. _
;Elzl:::K = N Kk Ji IN(li; L; }()h(fiJVi) (6.6)
1 ,
CH N KN ioh(fiiv) (6.7)
1
l:fl-'—Kl‘*':l. = N K+K+1 25§h(f JVI) ’
whereN = kqt normalizes the sum of the belldﬂ‘,skl to one. The rstline in Equatio 616

corresponds to the beliefs that tk® normal distribution of the illumination visible model is
active for pixeli. Similarly, the other two lines (Equatidn®$.7) correspoadtte beliefs for the
occluded model.

M-Step: Given the beliefsblt;"kl, the M-step maximizes the log-likelihood by replacing the
binary latent variableg; by their expected valukq‘.+l .

( .
t+1 _ ﬁp I 1 tﬂ;l l if k K . (6 8)
k- L b}t ui otherwise ’ '
N | 1 5k M
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P
whereNy = L, B, Similarly, we obtain:

P .
t+l N_lkP LG DG 0T ik K
k - 1 N +1 (u_ ) T h . (69)
no iz B (Ui (Ui ) otherwise
N
s Piﬁ (6.10)
k "Nk

Alternating E and M steps ensure convergence to a local maxinffter convergence, we can
compute the segmentation by summing the beliefs correspgrid the visible and occluded
models. The probability of a pixel being described by thekigamund model is therefore given
by:
_ X
p(vij u) = bk : (6.11)
k=1
In the next section, we discuss implementation and perfoca#&@sues.

6.2.4. Implementation details

Our algorithm can be used in two different manners. Firstal run on-line, with a single
E-M iteration at each frame, which is fast to compute. On \adsyupt illumination changes,
convergence is reached after a few frames (rarely more thaSdétond, the algorithm can run
of ine, with only two images as input instead of a video histoln this case, several iterations,
typically 5 to 10, are necessary before convergence.

Local NCC can be computed ef ciently with integral imagesthna complexity linear with
respect to the number of pixels and constant with respedtegavindow size. Thus, the com-
plexity of the complete algorithm is also linear with the ruem of pixels, and the full process
of acquiring, segmenting, and displaying images is achiate rate of abou?:3 106 pixels
per second, using a single core of a 2.0GHz CPU. This is at®BPE for half PAL (360x288),
12 FPS for 512x384, and 5-6 FPS for 720x576 images.

Correlation and texturedness images, as presented iroBEEH.2, are computed from single
channel images. We use the green channel only, because {res nepresented on a Bayer
pattern. The correlation window is a square26f 25 pixels, cropped at image borders.

For most experiments presented in this wdfk,= 2 andK = 2. The histogram$ andh
have been computed only once, from 9 pairs of images (aébout0® training pixels). Training
images do not contain any pattern or background used inxpstienents.

The functionl; as presented in the previous section is sensitive to lindtegthmic range and
to limited precision in low intensity values. Both follovgrfunctions assume the same role with
more robustness and give good result:
arctan Uig arctan Ui

iir mi;g mi;b
150U ) = Uir + C Ujg + C Ui;b+CT
(ui) = Miy + C Mg + CMip + C
wherec is an arbitrary positive constant. In our experiments, wearsé4 .

[#(uj) = arctan
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6.2.5. Optional Graph-Cut for spatial coherence

The expectation-maximization algorithm presented absgames pixel independence. Thanks
to cross-correlation that captures local texture, thissalsuassumption does not degrade results.
However, produced segmentation are sometimes noisy. lrcésat the segmentation problem
taking spacial consistency into account can be formulated weighted graph minimum cut
problem, for which ef cient and globally optimal algorithsrexist.

In theory, integration of a graph-cut algorithm in E-M is natedtly possible, since the con-
vergence properties of E-M rely on computing the expeatatiblatent variables, while graph-
cut provide a binary segmentation. In practice, it is stilkgible to use it within an iterated
algorithm [89] or as a post-processing step following E-Miaeh is the approach we choose
here.

The graph is formulated as follow. The source node is linkeeviery pixeli, with a weight

of logp vij 7;u ,the negative log-likelihood of pixelto be visible (Equatiof 6.11). The

sink node connects pixels with aweightofog p vi j ~;u and accounts for occluded pixels.

Each pixel is connected to its neighbors with a weight de bgdhe function i; . In our case,
we chose a constant weight for a 4-neighborlﬁ)od

1 ifi;j are neighbors
0 otherwise

The minimum cuf® minimizes the following function:

X X X X

min logp vi j ~u logp vi j Su + i

i2P i2p i2P j2pP
It equivalently maximizes:

max  p Vi j Tu p Vvij Tu e i

i2P i2p i2P j2P

This minimum cut problem can be ef ciently solved by considg the dual maximum ow
problem [15/50,89].

Even if the max- ow algorithm we use is ef cient, segmentiagfull image implies quite a
large graph and takes too much time for real-time applicatioro improve speed, we actually
use an approximation that consists in cutting several sgpamall graphs rather than a sin-
gle large one. Computation is then concentrated on ambgypiels and does not loose time
guestioning obvious ones. Figurel6.3 depicts such a martitf ambiguous areas.

Our algorithm works as follow. In a rst pass, pixels are laxblas either de nitely visible,
de nitely occluded, or unknown. Labeling is done by threllirng the probability of Equa-
tion[&I1. Abovel e, itis visible. Undere, it is occluded. We take = 0:001 A second
pass tags the neighbors of unknown pixels as unknown. A ffass$ assigns connected pixels

2Another option is to compute a weight based on the gradienteoifyut image, to model the idea that a change in
pixel values is often observable at occlusion boundaigk [1
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() (b)

(c) (d)

Figure 6.3.: Smoothing the visibility map using Graph Ca).laput image. (b) Visibility proba-
bility of Equation[&.T1, locally noisy. (c) Partition of tm®isy areas. Each partition
is displayed with a different gray shade and composes aal@&sograph. (d) The
result of computing the minimum cut in each graph.
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@ (b) (c)

Figure 6.4.: Segmenting the hand of Figlird 6.1. (a) Res{f2A] when the background model
adjusts too slowly to handle a quick illumination changg.\Wen the background
model adjusts faster. (c) Our result.

to a graph using a ood Il algorithm. The maximum ow is comped, resulting in a minimum
cut and nally a segmentation that updates pixel label thezide nitely occluded or de nitely
visible.

The output of the algorithm is a smooth, spatially coherkimary segmentation.

6.3. Results

The rst step in our occlusion detection method consistarimarpingthe input image. It rep-
resents the appearance of the object in the conditions iohathie input image has been taken
and allows pixel to pixel comparison with the model image. tééed our algorithm with three
different geometric transformations. The simplest unwagps the identity transform: The un-
warped image is the input image. In that case, the model imag be taken under the same
pose, and the problem is called background subtractionsandtidirectly useful for augmented
reality. The second type of geometric unwarping applieslémar objects. We have seen in
Chaptei# how to obtain the homography registering the miodafje of a planar object with a
different view of the same object. Inverting an homographgsseasy as computing a 3 by 3
matrix inverse. In that case, composing the unwarped imaggerie by applying the appropriate
homography to the input image. The third type of tested geerteansform is the 2—D hexago-
nal mesh of Section'4.3.1, it is able to model many deforminméases and results are presented
in the next chapter.

Comparison with background subtraction techniques Our approach to occlusion
segmentation is closely related to background subtractiorechnigue aiming at segmenting
moving object in video sequences shot by a xed camera. Wev dieye that our method can
directly be applied for video surveillance, and that our wéhandling illumination changes is
particularly robust compared to standard background aatitm practices.

We begin by the sequence of Figlirel6.4 in which an arm is wavédmt of a cluttered wall.
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100 T T T T T T T T

Precision

60 Our method
Zivkovic method +
55 1 1 1 1
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Figure 6.5.: ROC curve for our method obtained by varyingraghold on the probability of
Equatiol&.1M1. The crosses represent results obtaindd?dy fdr different choices
of learning rate and decision threshold, two of which arégbléson Figure[64(a)
and&.#(b).

The arm casts a shadow, which affects the scene's radiasitrauses the camera to automati-
cally adapt its luminosity settings. With default parangt¢he algorithm of[| 124] reacts to this
by slowly adapting its background model. However, this &alégn cannot cope with the rapidly
moving shadow and produces the poor result of Figurk 6.3¢% can be prevented by increas-
ing the rate at which the background adapts, but, as showigimefe. % (b), it results in the sleeve
being lost. By contrast, by explicitly reevaluating thauitiination parameters at every frame,
our algorithm copes much better with this situation, as shawFigure[6&5(c). To compare
these two methods independently of speci ¢ parameter @iwve computed the ROC curve
of Figure[&5h(d). We take precision to be the number of pixelsectly tagged as foreground
divided by the total number of pixels marked as foregroundl reall to be the number of pixels
tagged as foreground divided by the number of foregroundlgii the ground truth. The curve
is obtained by binarizing using different thresholds far probability of Equatiof 6.11. We also
represent different runs df [1R24] by crosses correspontlirdifferent choices of its learning rate
and the decision threshold. As expected, our method eghibitch better robustness towards
illumination effects.

Figure[66 depicts a sequence with even more drastic illatiin changes that occur when
the subject turns on one light after the other. The GMM basethod [124] immediately reacts
by classifying most of the image as foreground. By contrmast,algorithm correctly compares
the new images with the background image, taken to be thagweaf the rst 25 frames of the
sequence.

Figure[6.Y shows thight switchbenchmark of[[109]. We again built the background repre-
sentation by averaging 25 consecutive frames showing thra mwith the light switched off. We
obtain good results when comparing it to an image where ¢ is turned on even though, un-
like the other algorithms [124, 49], we use a single framéeiad of looking at the whole video.
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Figure 6.6.: Top row: Three very different input images andadel image of the same scene.
The changes are caused by lights being turned on one aftetitbeand the person
moving about. Bottom row: Our algorithm successfully segta@ut the person in
all three input images. The rightmost image depicts the detaly wrong output of
a state-of-the-art approadh_[124] applied on the third ienag

The foreground recall of 82% that appears [inl[49] entails ecigion of only 25%, whereas
our method achieves 49% for the same recall. With defaulimpaters, the algorithm of [124]
cannot handle this abrupt light change and yields a practizid 3% for a recall of 70%.

Finally, as shown in FigurE_8.8, we ran our algorithm on onehef PETS 2006 video se-
guences that features an abandoned luggage to demonktaatait technique is indeed appro-
priate for surveillance applications because it does ra# labjects by unduly merging them in
the background.

Planar Objects  Our method works well with planar objects. The geometriagfarm they
undergo is well modeled by the recovered homography, evaify features are occluded: The
few visible ones usually bring enough information to reaabe pose. Since the orientation of
a planar object is by de nition homogeneous, illuminatidfeets are expected to be generally
simple. In practice, those caused by the occluding eleméetadelves are complex. In the
case of ngers holding a card, as depicted by Fiduré 6.9, se'sihands cast shadows whose
intensity can be important. Therefore, modeling illumioatwith a mixture of two Gaussians,
as presented in this chapter, is adapted: The rst Gaussieouats for the global illumination
over the card, and the second for the shadow under the ndees. sbfter the shadow, the more
elongated the Gaussian in the intensity axis. For propemanted reality, the visibility map,
computed in model image space, has taMaepedagain. It can be used as an alpha channel that
masks occluded virtual elements.

Non-rigid Surfaces =~ Among the considered geometric cases, the non-rigid oreisniost
general and the most dif cult for several reasons. The mayreles of freedom of a non-rigid
model make dif cult to compensate the lack of informatioredo occlusions, as opposed to the

100



6.3. Results

(d) (e) (®

Figure 6.7.: Segmenting tHaght switchtest images from[[109]. (a) Background model. (b)
Test image. (c) Manually segmented ground truth. (d) Theuwubf Zivkovic's
method [12#4]. (e) Result published [n]49], using an appnda&sed on local binary
patterns. (f) Our result, obtained solely by comparing (&) é&). Unlike the other
two methods, we used no additional video frames.

rigid planar case. lllumination effects are also more comp#ince the surface orientation is
heterogeneous. In that case, our assumptions of two Gasssiarbe seen as modeling parts of
the surface that are directly illuminated, while the oth@u&sian accounts for indirect light on
shaded areas. Shadows are either self-cast or cast by amlinccbbject.

In our experiments, unwarping was simply done by samplingiripat image with coordi-
nates transformed with the functidn (p) of Equatio 4L, a task conveniently executed by the
GPU. Figurd 6.70(d) shows such an unwarped image. The yudlihe unwarped image is
directly linked with the registration accuracy which mighécrease in the presence of strong
occlusions. The abundance of texture painted on our tekiriTadlows us to circumvent this is-
sue. The little registration jitter is passed on the unwdirpgage and further on the normalized
cross-correlation step of occlusion detection. In this csegraph cut smoothing technique of
Sectiol6.ZF greatly improves the nal visual quality.
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(a) (b)

e
]

Pt
WA X

Figure 6.8.: PETS 2006 Dataset. (a) Initial frame of the vjdesed as background model. (b)
Frame number 2800. (c) The background subtraction ofl[1Ph¢ abandoned bag
in the middle of the scene has mistakenly been integratedte background. (d)
Our method correctly segments the bag, the person who left sitting on the
bottom left corner, and the chair that has been removed orighe

C
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(@) (b) (©)

Figure 6.9.: Occlusion segmentation on a moving object.Irit frame in which the card is
tracked. (b): Visibility mask produced by our method. (d) W& it as an alpha
channel to convincingly draw the virtual text and accoumttfi@ occluding hand.

@ (b)

(c) (d) (e)

Figure 6.10.: Augmenting an occluded T-shirt. (a) Input feartb) Augmented result. (c) Ref-
erence image. (d) Unwarped image. (e) Visibility map coragdtom (c) and (d).
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7. Putting it All Together

This Chapter presents AR results obtained by putting tegetie presented algorithms, thus
verifying their suitability for real AR applications thatquire robustness, ease of deployment,
computation speed, accuracy, and visual quality.

7.1. Artistic Augmented Reality

To check that our approach to AR actually corresponds to ¢imsteaints of a real application,
we collaborated with an artist to create two AR applicatiolamille Scherrer, a student at
the university of art and design, Lausanne (ECAL), imagirsigned, and manufactured two
books and animations to augment their pages using our method

Several points facilitated our collaboration. First, siraur approach only relies on natural
texture, the artist could design the book without havingitegrate technical elements. Second,
the choice of 2-D AR instead of 3-D facilitated the integmatof virtual elements with the
real pages: The artist was able to paint augmented creatinexsly over a reference frame,
immediately seeing the mixed result. At runtime, our systuld then easily register the
reference frame and warp the virtual creatures to the colweation and perspective. Third, the
automation of our approach allowed the artist to insert nages in the system without requiring
any technical support since adding a new pattern does notreegny parameter tuning. In this
manner, the artist has been able to produce two artwaithks,Haunted BookndLe monde des
montagnes

The Haunted Book  The Haunted Book, depicted by Figurel7.1, is inspired by aetry
books. The integration of very recent technologies inte tld and dusty universe makes it
unusual and particularly interesting. The Haunted Bookaiseldl on a poem written by Thomas
Hood, The Haunted House. As the narrator in the poem walkaigtr the haunted house, the
reader also walks through the book and discovers hiddeturesa

The artist's interpretations of these hidden creaturegapps a skeleton's arm grabbing out
of aletterbox, ying sh jumping out of an old cupboard, anabds of ugly insects running down
a sofa. The animated engravings create a subtle and adaatetd wnhance the illustrations by
staying in the universe of the poem. The AR technology usethioproject yields this subtlety
by staying discreet.

Le monde des montagnes  Le monde des montagndble world of mountains, is a very
particular book. When one observes it through the eye of eecana whole invisible universe
reveals itself beyond the printed pages. Between rementparid strange stories, the reader
discovers, page after page, an animated world that mixdsredlity. The artwork is based on
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7. Putting it All Together

Figure 7.1.: An example of animation from the Haunted Book.

Figure 7.2.: The AR setup developed by Camille Scherrer fignaenting a magic book. The
camera is hidden in the lamp, and augmented images are ydisptm the laptop
screen.
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7.2. 3-D Non-rigid Augmented Reality

Figure 7.3.: Augmented pages of a magic book designed by li@aBaherrer.

two main elements. First, an illustrated book telling stefhappening in the mountain. Second,
a laptop displaying images shot by a camera, as depictedduwydfi.2. The pages of the book
appear augmented by animations that smoothly blend intetiginal book illustrations, as
shown by Figuré_713. The unobtrusiveness of AR in our appraadere further improved by
hiding the camera in the lamp.

The Haunted Book ande monde des montagngsmonstrate an innovative way of integrating
virtual creatures in the real pages of a book. The augmeriekishcreate a desire of searching
for moving pictures through the pages. AR makes paper anghat@nscreen meet, extracting a
part of imaginary out of a reality our eyes can see and our$and concretely feel.

The resulting atmosphere convinced several art profealsipnamely Alain Bellet (Head of
the Media and Interaction Design Unit at écal), Angelo Betted@giead of the Visual Com-
munication Unit at écal), Michael Zai (founding member abyetind professor at the Media
and Interaction Design Unit at écal), and Gael Hugo. The sscoéour collaboration and the
quality of result prove that our approach has contributeitidoeasing the maturity and usability
of augmented reality techniques [95].

7.2. 3—D Non-rigid Augmented Reality

To verify the capability of our approach to provide 3-D nagigd AR, we designed an experi-
mental application. The user holds and deforms in its harek@ted sheet of paper. A xed
camera oriented towards the user Ims the scene. A compuiees displays the augmented
stream. Four virtual pyramidal poles appear to be to be glogie paper, and electric arcs con-
nect their spikes. As the paper deforms, the poles' oriemtathanges, modifying the path of
electric sparks. New users usually need less than a minutederstand this interaction. They
can then play to give the electric arc the shapes they wadgpisted by Figuré7l4.

This experimental application relies on the registratiostimod described in Sectidn #.3. It
runs at about 7-10 frames per second. It shows that our systenbust to user actions, that it
has a delay short enough and a frame rate fast enough for intmtiction, and that its accuracy
is suf cient. Our system rises to the augmented reality lemgle. Overall, users enjoyed the
application. Its reactivity and accuracy produce a convig@ugmented reality effect.
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7. Putting it All Together

Figure 7.4.: A toy application to illustrate our method'stability for 3-D non-rigid augmented
reality purposes.

Figure 7.5.: A deformed sheet of paper augmented with aalittee and a virtual monster. The
author's nger clearly appearsverthe augmented tree. The shadow due to paper
bending is also visible on the tree. Left: Input frame. Righilgmented result.

7.3. Retexturing Non-rigid Surfaces

We present here results that achieve realistically shadé@ecluded non-rigid retexturing. Our
system superimposes a partially transparent virtual layer a deforming T-shirt or sheet of
paper. The augmentation appears to be glued to the surfadexture is modi ed and we call
that process retexturing. Achieved in real-time and irttvaly, it is a exible form of AR. Our
approaches to non-rigid registration and realistic shgdilows for convincing replacement
of the real texture with a logo, a blank page, or a virtual trea It combines the 2—D non-
rigid registration of Sectiof 412, the illumination hamdjifor retexturing of Sectioh’3.3 and the
occlusion handling of Chaptél 6. Illlumination effects on teal surface are reproduced on the
augmented one. Occlusions are also handled, and nger$er mdal object can occlude virtual
ones. Figur&715 depicts a frame of such an augmented vicksost

Our system runs at a rate of about 6-8 frames per secondlfdr 384 input images. Ta-
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7.3. Retexturing Non-rigid Surfaces

Task | Rel. Weight]|
Feature detection 6.5%
Feature matching 23.7%
Registration 52.9%
E-M for occlusion segmentation 13.2%
Graph Cut 3.7%

Table 7.1.: The tasks carried out by our system and theitivelaomputation time.

ble 7.1 summarizes the relative computation weight of tHferint tasks. The time pro le
depends on many parameters such as the input video resoautibe number of detected fea-
ture points. Moreover, several parts could be acceleratesing the GPU. Therefore, Table 7.1
only provide a rough idea of the relative importance of edages Unsurprisingly, the heaviest
task is non-rigid registration, more precisely the suceessptimizations of Equation 4.2 with
different radii of con dence. They take about 53% of exed.itestructions. The second task is
wide-baseline feature matching, with about 24%.

Our prototype proves the feasibility of augmented reality fon-rigid surfaces. The result
is fast enough for interactive use. lllumination and ocduoséffects provide a realistic visual
quality.
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8. Conclusion

We presented a framework for augmenting images of non-ggidaces acquired by a single
standard camera. We developed new algorithms for geonrewistration, illumination esti-
mation, and occlusion segmentation. We emphasized alyaonessibility both for end-users
and for application designers. We ensured the consistehoyrdramework by making all its
components comply to a common set of constraints:

It can all handle both rigid and non-rigid surfaces;

It does not require any engineering of the scene;

It runs in real-time;

It requires a single camera but can take advantages of aslitimes, if available;
It delivers high visual quality;

It is easy to use, both for end-users and for application desy

We demonstrated it using a wide range of deforming objecth &1 sheets of paper, rubber
balloon, sails and T-shirts. Our key contribution has tfeeebeen to make AR possible in such
a challenging context and we conducted many experimenigojaost this claim.

Observed automated initialization, tracking accuracy] esmputation speed prove that our
framework is a solid basis for convincing AR applicationsae®f them is a toy application in
which the user plays with an electric arc deforming with golértually hammered into a real
sheet of paper. Novice users very quickly understand tleeantion principle and enjoy it, thus
validating our approach. The suitability of our framework fAR application has also been
demonstrated by augmenting target objects of size rangimg & credit card to a board of about
100 by 80 cm.

To ensure that our framework is easy to use and to deploy, steldited a software package,
BazAR [65]. A number of users successfully used it to goodatffAmong them are the French
company Total Immersion, the Norwegian one ARmusement, laaaitist Camille Scherrer.
Her two artworks showcase the high visual quality that caratt@eved using our software.
Furthermore, it is easy to deploy because it handles one og wamera, it only makes weak
assumptions on the environment, and it runs on standaravaaed

Even in the presence of complex illumination conditionst fsamework is able to render
virtual objects shaded with real light. We tested this &plliy augmenting a card with a virtual
teapot that re ects the change in illumination color ocaugrwhen the user switches a lamp
on. Our approach to retexturing non-rigid surfaces alsalencomplex illumination effects,
such as saturation, cast shadows and specularities. Tiy Weis behavior, we successfully
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8. Conclusion

and realistically augmented a deforming T-shirt partidliyminated with a projector. We also
augmented a sheet of paper in a plastic cover causing spiieslaThe re ections of a lamp
and a window are visible on the augmented image, proving éxability of our framework in
that domain.

Poor handling of virtual objects occluded by real ones mighise augmentation to be un-
comfortable and unrealistic. Therefore, our frameworlegnates a new method for occlusion
segmentation and we successfully retextured a moving pkard and a deforming T-shirt oc-
cluded by ngers and other objects.

Dealing with multiple cameras in AR requires their relatregistration, a process that can be
tedious. However, our new approach to geometric and phdtanoamera calibration handles it
gracefully, requiring minimal interaction from the usereWere able to calibrate ve cameras
accurately enough for AR purposes, or two webcams pluggateosame laptop. Once calibra-
tion is done, our framework can augment every view, using Gyera that can see the target
object. If the object is seen by several cameras, the accigatyroved.

Overall, our experiments well demonstrate the capacitfesuoframework. They prove the
possibility of achieving convincing AR on deforming sursconly with a monocular camera.

8.1. Impact of the Thesis

Beside our scienti ¢ publications, our work had an impaat gonumber of users, through the
several pieces of software we distributed.

Deform3D Deform3D is an image analysis software that measures tlwgrdafions of non-
rigid objects. Starting from a reference shape and at leastpicture of the deformed object,
Deform3D recovers both its deformation and the camera pkideas been used by Voiles Phi
SA, a Swiss sailmaking company, to improve the design ofglils spinnakers. It integrates
Mathieu Salzmann's deformation models [90, 92]. The greglhiiser interface, visible on Fig-
ure 8.1, has been developed by André Mazzoni and KonstatatioHgv.

Alinghi Demonstration We developed an interactive demonstration of non-rigitl reaia-
surement. It is composed of a piece of sail on a mobile suppasebcam, and two screens.
Users can deform the piece of sail and immediately see on@eersthat the 3—-D representa-
tion follows. The other screen shows the image acquired bywmbbcam, augmented with the
surface mesh. As depicted by Figure 8.2, the demonstratasopen to the public in Valencia,
Spain, during about 18 months. It was also exposed in the OtyMpseum, Lausanne, from
September 20, 2007 to January 6, 2008.

BazAR BazAR is a software package we distributed under the GNU aéReiblic License
(GPL) in October 2006 [65]. It contains the planar object dieteand the geometric camera
calibration both described in Chapter 4. It also includest@metric calibration and is able to
augment 3-D objects, as explained in Chapter 5. It has besmskd to several companies, and
we received feedback by e-mail from France, Norway, ItalyitéthKingdom, Spain, Denmark,
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8.1. Impact of the Thesis

Figure 8.1.: A screenshot of Deform3D, our sail deformatiseasurement software.

Figure 8.2.: Our real-time demonstration in Alinghi basaléevicia, Spain. Visitors can deform
a piece of sail and see both the image Imed by a webcam and-tbed&formed
shape.
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Sweden, Czech Republic, Germany, Singapore, Israel, Leb&wand, United States, China,
Netherlands, New Zealand, and Canada.

8.2. Limitations and Future Work

When a surface deforms, its shading changes. Bumps andftoldsshaded and highlighted
areas whose analysis could be used to improve registraticuracy. Because our method only
considers texture, it heavily depends on it. Such an imprere can potentially reduce this
dependency.

The presented approach is mostly based on feature poingsefbine, texture such as straight
lines remains unexploited. Technigues such as templatehingtor texture edge tracking could
also improve accuracy and decrease texture dependency.

In our method, self-occlusions are ignored. Integrating tivethe process could allow better
accuracy. It would also make the method compatible with rmm#ex objects having large self-
occluded areas.

A limitation of our system is the need for a manually createodsi of the target object.
Even if this often reduces to taking a single picture, thizcgss could be extended to automatic
surface recognition and modeling from video. One could ima@ video editing software that
automatically detects surfaces visible in a sequence. Itdiben let the user select a surface in
one frame and edit its appearance. The software could thtematically apply the modi cation
on all frames showing the same surface, handling gracefldfprmation, illumination effects
and occlusions.

Our camera geometric and photometric calibration is lichite a pinhole camera model. A
possible future work could extend it to a thin lens camera ehodt would imply estimating
vignetting, radial distortion, focal distance, camerarape, and point spread function. Such
an extended model would allow realistic integration ofwdltobjects on images taken by cheap
and wide angle cameras with important distortion. Rendgeoint-of-focus virtual objects would
also become possible.

A further improvement would be to change our way of modelihgnination. Until now, we
do not make any assumption on the illuminant color, lettinive in a 3—-D space. However,
it has been demonstrated that assuming a Plankian coloreiasamable assumption, reducing
the uncertainty of the illuminant to its scalar temperat{88]. Such an assumption requires
camera response calibration. It would greatly help for sspay texture and light patterns. The
occlusion segmentation of Chapter 6 would also be simpligdce the 3—D Gaussian mixture
model could be reduced to a single dimension.

Our approach to illumination does not take shadows of Miralgects over real ones into
account. The system could be extended to estimate the ggoafghe environment and the
direction of incoming light in order to cast virtual shadoarsreal surfaces.
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A. Wide-baseline Keypoint Matching

The goal of keypoint matching is to establish correspondgietween two images of the same
object. Instead of matching every pixel, which would be batktly and dif cult in uniform
areas, an ef cient option is to rst try to detect points tteake easier to locate, callégypoints
We do not address here the issue of keypoint extractione sitecuse a rather standard approach.
However, because we intensively rely on it, we present arijgien of an approach to point
matching under large viewpoint and illumination changes.

A.l. Keypoint Matching as a Classi cation Problem

Most of traditional point matching methods rely either otingsad hoc local descriptors or on
estimating local af ne deformations [110, 6, 76, 94, 69]. Byntrast, we treat wide-baseline
matching of keypoints as a classi cation problem, in whicltle class corresponds to the set of
all possible views of such a point.

During training, given at least one image of the target dbjee synthesize a large number
of views of individual keypoints. If the object can be assurteble locally planar, this is done
by simply warping image patches around the points undereebnhomographic deformations.
Otherwise, given the 3—-D model, standard Computer Grapbitare-mapping techniques can
be used. This second approach is more complex but relaxgdaharity assumptions. At run-
time, it is then possible to use powerful and fast classiaattechniques to decide to which
view set, if any, an observed keypoint belongs, which is &éce¥e and much faster than the
usual way of computing local descriptors and comparing tfesiponses [64].

Figures A.1 and A.2 depict the construction of the set of ienpatches that represent the class
corresponding to one point. A single object can have manpdieys, each of which, in turn,
has many possible appearances. If some classi cation metbald tell, given a new patch, to
which point it belongs, it would provide a strong link betwabe image and the model. Several
of these correspondences allows registration, as explam€hapter 4. In our work, we used
two methods: Randomized trees [63] and Ferns [80]. We only hiere a description of ferns,
because they outperforms decision trees.

A.2. Random Ferns 1

To classify patches, we use the method rst introduced in| [iB@t rely on non-hierarchical
structures called ferns. Each one consists of a small séhafybtests and returns the probabil-
ity that a patch belongs to any one of the classes that havelbamed during training. These

1The author would like to thank Mustafa Ozuysal and Vincent tiefer the description of ferns.
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A. Wide-baseline Keypoint Matching

Figure A.1.: The construction of a viewset. Three synthdtgvs are generated from the original
image on the left. The white square represents the patchescted from these
images to build a viewset of a keypoint on the nose.

Figure A.2.: Using two different training images to buildethiewset of the same keypoint.
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Figure A.3.: (a) For each patch a fern node outputs a binangbau, and a fern witls nodes
outputs a number between 0 a?®l 1. For multiple patches of the same class, we
can model the output of a fern with a multinomial distribuatio(b) At the end of
training, we have distributions over possible fern outdotseach class. Courtesy
of Mustafa Ozuysal [80].

responses are then combined in a Naive Bayesian way. Wetlraiolassi er by synthesiz-
ing many views of the keypoints extracted from a training gmas they would appear under
different perspective or scale.

Ferns are based on simple binary tests that compare thesitytar two pixels within the
patch. The pixels are picked completely at random. A fern setaofS grouped binary test.
Since each test returns either 0 or 1, the fern assigns to agepatch a number betwe@mand
25 1. During a training phase, each patch of a class is testechstgséveral ferns, resulting
in distributions that measures how likely this feature pdsrto obtain this number when tested
with this fern (Figure A.3). Recognizing a new patch then ants to test it against all ferns and
to pooling their answers in a Naive Bayesian manner (Figuf®.A

More precisely, the set of all possible appearances of tlgépatch surrounding a keypoint
is treated as a class. Therefore, given the patch surrogradikeypoint detected in an image,

]
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A. Wide-baseline Keypoint Matching

whereC is a random variable that represents the class. Bayes' Haryields

Assuming a uniform prioP (C), and since the denominator is simply a scaling factor thiat it
independent from the class, our problem reduces to nding

G =argmax P(fq;fo;::fn jC=0): (A1)
Y]
The value of each binary featufg only depends on the intensities of two pixel locatiohs
anddj; » of the image patch. We therefore write

1ifl (dj;l) <l (dj; 2)

fj = 0 otherwise

wherel represents the image patch. Since these features are mgslesmany(N  300) are
required for accurate classi cation. Therefore a complegresentation of the joint probability
in Equation (A.1) is not feasible since it would require estting and storin@N entries for each
class. To make the problem tractable while accounting ferdipendency between features, a
good compromise is to partition them inkd groups of sizeS = % These groups are called
Fernsand the joint probability for features in each Fern is coregufThe conditional probability

becomes

W
P(fy;fo;iinifnjC=0¢)= P(FkjC=aq),; (A.2)
k=1

a random permutation function with range ::; N .

For training, we assume that at least one model image of tieetdb be detected is available.
Training starts by selecting a subset of the keypoints tidiean this model image. This is done
by deforming the image many times, applying the keypoinectet, and keeping track of the
number of times the same keypoint is detected. The keypthatsare found most often are
assumed to be the most stable and retained. These stablgirksygre assigned a unique class
number. The training set for each class is formed by gemgratiousands of sample images
with randomly picked af ne deformations.

The training phase estimates the class conditional prétiedP (F, j C = ¢) for each Fern
Fm and clasg;, as described in Equation A.2. For each FEegn, these terms are:

Pke; = P(Fm=kjC=a) ; (A.3)

where the notation is simpli ed by considerirkg,, to be equal t if the base 2 number formed
by concatenating the binary featureskgf is equal tok. With this convention, Ferns can take

K = 2% values and, for each one, we need to estimatepthe;k = 1;2;:::;K under the
constraint
X
Pkic; = 1:
k=1
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Figure A.4.: To recognize a new patch, the outputs selewts ob distributions for each fern, and
these are then combined assuming independence betweebutiizhs. Courtesy
of Mustafa Ozuysal [80].

The simplest approach would be to assign the maximum ligetinestimate to these parameters
from the training samples. For paramepgr, it is

Nk .
NCi ’

whereNy.c, is the number of training samples of clagghat evaluates to Fern valkeandN,
is the total number of samples for clags These parameters can therefore be estimated for each
Fern independently. Figure A.3 illustrates the traininggarss.

In practice however, this simple scheme yields poor res@tabse if no training sample for
classc; evaluates tk, which can easily happen when the number of samples is naitaly
large, bothNy.; andpy,, will be zero. Since we multiply th@y, for all Ferns, it implies
that, if the Fern evaluates tq the corresponding patch caeverbe associated to clasg, no
matter the response of the other Ferns. This makes the Farisof selective because the fact
thatpy.c, = O may simply be an artifact of the necessarily limited sizehsf training set. To
overcome this problenpy.c; is taken to be

Pk:c; =

Ny +1

Pkici = Nci TR

It amounts to introduce a uniform Dirichlet prior [12] overaterre values. If a sample with a
speci ¢ Fern value is not encountered during training, seieme will still assign a non-zero
value to the corresponding probability.

At runtime, recognition is achieved by computing Equatior for each class and taking the
one with the highest probability, as depicted by Figure A.4.
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B. Camera Calibration

Previous appendix presented a wide baseline feature mgttbchnique that, combined with
RANSAC, can allow detection of a planar object, xing the 8Bof an homography trans-
formation. We explain here how to exploit this detection #ditirate the geometry of one ore
more xed camera, with potentially non-overlapping view@alibrating cameras is essentially
a solved problem. However, the framework of Section 2.4iétslzomplex manual operations,
or specialized hardware constraints. We present here sochethitable for any unaware user to
use.

Before entering into technical details, we shall mentioratik camera calibration, why it is
useful for augmented reality, and why it takes an importgate in this work.

Camera calibration is the process of recovering interndl external geometric properties
of the camera. Internal parameters are the focal length, tineipal point, the image skew
and ratio. For augmented reality purposes, focal lengtmigrgoortant parameter: Rendering
a virtual object with a very close virtual camera whose arafleiew is large leads to quite a
different result than a camera placed far away with a straaz Therefore, 3—D augmented
reality requires calibration. Traditional augmented itgaloftware, such as ARToolkit [1], often
assumes a universal and arbitrary calibration. By contk@stpropose a user friendly method
that allows nal users to calibrate their camera.

As detailed in Chapter 5, illuminating virtual objects wital light improves the visual ex-
perience of augmented reality. However, in the case of 3Bctdy this process requires a
photometric calibration that in turn depends on geometidbcation. Because, augmented re-
ality can be achieved without these visual quality consitiens, they are not acceptable at any
cost. Users are generally not willing to spend much effortscalibration. This is why our
approach is focused on automating every step rather th&ingefer accuracy.

Our geometric calibration procedure includes severalestagpur system rst computes ho-
mographies between the geometric plane of the target ohietits image projections. It then
retains the most reliable ones and the corresponding framestimate the intrinsic camera
parameters and the relative pose of the calibration objébtrespect to the cameras in the cor-
responding frames. In turn, these poses are used to selestraaoreferential and to compute
the positions and orientations of the cameras with resgeetth other. Finally, our system
performs global non-linear minimization to re ne theseisttes. We review related work and
outline the individual steps of this process below. Chabtextends it to photometric calibration.

B.1. Related Work

Calibration algorithms that do not require an object kn@avpriori are sometimes calleauto-
calibration algorithms. They usually involve a moving camera that isbcated by simultane-
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B. Camera Calibration

Figure B.1.: Four static cameras whose calibration is resaggdor augmented reality.

ously recovering pose parameters and reconstructing tBes8ucture of the scene. However,
they are not well adapted to computing the relative posstiohmultiple cameras. Furthermore,
they lack robustness.

We therefore focus here on methods that rely on a calibrathgact or pattern because they
are much more reliable. Commercially available systemsagltri-dimensional calibration ob-
jects with retro-re ective markers, spheres, or disks oentlhh which are often complex to build
and cumbersome. A notable exception are approaches su@@Jabdt only involve a moving
wand with two markers on it. However, all methods that depamdetro-re ective markers re-
quire changing the shutter speed to reliably extract thekemarfrom the images, which prevents
simultaneous geometric and photometric calibration. Biryi using light patterns emitted by
a laser pointer as in [105] is a very practical approach tongetdac calibration but requires
modifying the cameras settings.

Our system falls into the category of recent approachesréiyabn a planar target moved in
front of the camera [104, 121]. This is attractive becauszh sutarget can be built by simply
printing a pattern on a sheet of paper. These earlier teabsichowever, were only designed to
recover the internal parameters of a single camera. Heraevalso interested in the positions
and orientations of the cameras with respect to each other.nfethod closest to ours that we
are aware of is presented in [111]. As ours, it provides bloghintrinsic parameters and relative
poses of a multi-camera system using a planar target. Howleyg@arameters are estimated via
factorization of a matrix built from homographies betwearage pairs. This requires thali
the positions of the planar target must be seen fadinthe cameras simultaneously. This is a
major limitation that our method does not have.

122



B.2. Selecting the best Homographies

@) (b) (©

Figure B.2.: Some examples of calibration patterns we uséelst our system. These reference
images serve to train a classi er, As discussed in Appendix IAis then used
to match them against input frames and provide homograpbig¢ke geometric
calibration process. The images are acquired under diffusaination so that the
normalized pixel intensities are proportional to the alibedtimates required by the
illumination model of Section 5.2.

B.2. Selecting the best Homographies

As explained in the beginning of this chapter, our approaam @ompute the homography re-
lating an input image and a reference image of a planar qgbgech as the ones depicted by
Figure B.2. This happens when the user waves a calibratittarpan the eld of view. Unlike
checkerboard-based methods, our approach to estimagrpthographies is suf ciently robust
not to generate erroneous matches that would have to be eshiyvhand. What happens in
practice is that when the pattern is either occluded or tantel, it is simply not detected.

However, this is still not quite enough because some of theseographies are inherently
ambiguous or singular from a calibration point of view. Aswin in Figure B.3, these unreliable
homographies come in two avors. First, the ones that insigntly distort the pattern are
ambiguous and, depending on the noise, may yield wildlyedkffit pose estimates. Second,
those that distort the pattern too much also produce ubieljgose estimates because the interest
points become dif cult to locate precisely enough.

To overcome this problem, we de ne a square in the plane lthto the pattern and measure
the angle at each corner after warping it by the homographgnéf of the angles is too large
or too close to, the homography is rejected. More formally, a homographis rejected if at
least one of the anglesof the warped square veri es

cos( ) > cos( o) or
cos( ) < cos( 0) or
cos(z + 1) < cos( ) < cos(z 1):

Good results have been achieved usirg= 0:01and 1 = 0:005 Remaining homographies
are then sorted by number of matches and only the best ond®jaire In practice, we retain
around fty for each camera. As will be shown in Section B.Hfistis enough to guarantee
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Figure B.3.: Dropping unreliable homographies. Homogyaphs is ignored because, with
such a slanted surface, keypoint detection becomes iretecaind error-proneH 5
is also discarded because it yields a calibration singylarhe other homographies
can be safely kept.

accuracy without imposing an unnecessary computatioralelmu From an interactive point of
view, this selection is done on-line: The user keeps movitggattern until the system has
enough valid homographies.

B.3. Initial Estimation of the Internal Parameters

The internal parameters are rst estimated for each canmgligidually, from the homographies
H¢  relating camerac and posep, using a method similar to the ones of [104, 121]. The
computation is quite standard and is described in Secti@nd.the end of this appendix. This
yields for each cameraa matrix of internal parameters

2
cfe 0 U
Ke=4 0 fe voe 2 (B.1)
0 0 1

wheref . stands for the focal length, for the aspect ratio, anflg.; Vo)~ for the principal
point. These internal parameters of all the cameras witll theere ned together with the external
ones during the non-linear global minimization of Sectia6.B

B.4. Initial Estimation of the Poses

We recover the external parameters of each camera in a comefeential in two steps. First,
our algorithm computes external parameters in a coordispdgem attached to the calibration
pattern for each frame independently by making use of therrial parameters as estimated
previously and the homography related to the frame. It théeckea common referential and
computes camera poses in this referential by composingionsaand translations between pairs
of frames.
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B.5. Handling Non-Overlapping Cameras

Figure B.4.: The graph corresponding to the network of FégBr5. The common referen-
tial is de ned by posepg, which is seen by three cameras whie is seen by
only two. The posgR;t]., of cameracs in this referential can be recovered
by composing poses with respect to individual cameras. mdbse[R;t],, =

[R;t]C3 pl[R;t]Iol o [Ritle, Do

Displacements between the Calibration Object and the Indiv idual Cameras  Given

a homography and the intrinsic parameters, we estimate ifpgadement of the calibration
object with respect to the camera as described in the appefitlis step gives us the relative
rotationR and translationt of the calibration object with respect to the camera. Togetiey
represent the rigidlisplacementorresponding to posgas seen from camer@ We write this
displacement as theé 4 matrix

R t
Ritl = 9P P ©2)

The reverse displacement is computed by inverting the riatich we denote afRR ; t]p o

B.5. Handling Non-Overlapping Cameras

In practice, the calibration object may never be seen by atleras simultaneously. Our system
therefore selects as a common referential the one attachibe fpose of the calibration object
seen by the largest number of cameras. It then expresse® aktlrnal camera parameters in
this referential by composing the displacements of Equali® and their inverses.

Figure B.5 illustrates this behavior. In this capg provides the common referential because
it is seen by three cameras whergasis seen by only two. Even though camemdoes not
seepy, its external parameters in this referential can be estthbyy composing the pose p§
with respect to camerey with the displacement between cametasndcs, which can itself be
estimated from the poses pf with respect to these two cameras.

Recovering such chains amounts to compute paths betwees nbd connected graph, which
is well understood from an algorithmic viewpoint [45]. Maoseeci cally, we de ne a graph
whose nodes correspond to the cameras and the poses ofititataai object, such as the one
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B. Camera Calibration

&£

G

Figure B.5.: A camera network. In this example, the eld ofwief camerac; does not overlap
with those of camerasy andc;. Nevertheless, a full registration is still possible.
The displacement between camecasndcz can be estimated when the pattern is
in poseps, while the relative positions and orientations of camexgsc;, andc,
can be estimated using pogg By chaining these estimates, we can express the
external camera parameters for all cameras in a commorerdial;
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B.6. Re ning the Estimation

depicted by Figure B.4. An edge links a camera node and a pakewhen the camera sees the
pose and is labeled with the corresponding displacement.

Let po denote the pose that de nes the common referential,[Rnd] .. the pose parameters
of camerac in this common referential. Since we have by de nitifie; t], = [R;t]; nyr We
rst look for a path between thpg andc nodes, which we write as

Po! C(l)! p(z)I C(3)! :::p(n)! c:

where (:) is a mapping function on the indices that de nes the path eNtwat the path alternates
object pose nodes and camera nodes. It gives us a way to cofRptije from the displacements
we just computed since

[R:tl. = [R;t] =

C po
Ritle p o Ritle g o Ritlp ) ey [Ritle ) o

The[R;t], pose parameters of the calibration object can be estimatelasy.

Obviously, this will only work if the graph has one single oaeted component. In practice,
assuming that no camera has a eld of view that does not quvexiall any of the others, this is
always the case if we move the calibration pattern suf dient

B.6. Re ning the Estimation

Computing displacements by composing pairwise motionfféstd/e but not particularly accu-
rate. Therefore, to re ne not only the pose parameters tsg Hie intrinsic ones, we minimize
with respect to all cameras simultaneously the sum of thejegtion errors for the point corre-
spondences used during the detection step of Section Bi8.blihdle adjustment is expressed

as e 0 0, 11
X X op Ureepa- c;pik
S profK g [RitI Rty @YepmAA (B.3)
-1 p= - cipik
c=1 p=1 k=1 0
where
C is the number of cameraR, the number of poses of the calibration object, dhc; p)

the number of matches found by the detection stage for cacreard pose. M (c;p) =0
if posep of the calibration object is not seen by camera

[Uc:p:k; Vepk]” @and[Xepk; Yepk; OF are respectively are a 2—-D point and a 3-D point
matched by the detection step;

proj(K ;[R;t]; M) returns the projection of 3—D poitM under posg¢R ;t] and internal
parameterK .

To increase the robustness of our algorithm, we introduciengle robust estimator in Equa-
tion B.3 to eliminate potentially incorrect correspondesic
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B. Camera Calibration

Caml| Cam2| Cam3| Cam4| Cam5
f |-0.16%| 0.32% | 0.27% | 1.12% | 0.56%
f |-0.08%| 0.33% | 0.19% | 1.22% | 0.53%
Up | 5.57% | 6.49% | 9.81% | 5.85% | 6.00%
Vo | 0.11% | 0.76% | 3.15% | -11.7% | -3.56%

Table B.1.: Recovery of the intrinsic parameters that appethe K . matrix of Equation B.1.
We express the differences between those estimated usngsthand the second
set of sequences as a percentage. In both cases, we used 20@rdyuimes. The
percentages for the focal lengths are very small. Thosesponding to the principal
points are a bit larger, which is not surprising given the that they are known to
have much less in uence on the projection matrix.

B.7. Calibration Accuracy

To test the accuracy of the camera parameters that our systawvers, we rst trained a classi-

er to recognize the interest points of the pattern of Figi@(a), as discussed in Appendix A.
We then used a 5 cameras setup to record two different setigl@d gequences by waving the
pattern in front of the cameras. Finally, we performed tHication independently for each set.
Fig B.7 shows a typical frame with the detected pattern draa wireframe box.

Figure B.6(a) depicts the focal lengths recovered usingriteset of sequences. They are
shown as a function of the total number of homographiesnethto perform the computation.
When this number climbs above 140, the estimates become sfaible. It therefore does not
make sense to use many more since the computational cosagaes almost linearly with this
number, as shown in Figure B.6(b).

In Figure B.6(c) and Table B.1 we compare the results obtaiméebendently using the two
sets of video sequences. In Figure B.6(c), we superpose ¢aklémgth estimates, again drawn
as a function of the total number of homographies retainesib&ore, once we use more than
140, the two estimates become very close. This is a very gatiddtion that they are accurate
since they were computed independently. As shown by TalletBis is true not only for the
focal lengths but also for the principal point locations.

We have not obtained ground truth for the external camerarpeters. However, the virtual
object appears to be very stable with respect to the calilorgtattern, which would not be the
case if they were poorly recovered.

B.8. Internal Parameters from a Set of Homographies

The computation of internal parameters from a set of honpiues is quite standard [104, 121],
but we give it here for the sake of completeness. First, wiewthie matrix of internal parameters
as 2 3

u
Vo 9

o

K:4

o o~
o ™o
o
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B.8. Internal Parameters from a Set of Homographies

Focal stability (5 cameras, 1 sequence)
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Figure B.6.: Geometric calibration of 5 cameras. (a) Foeagjths estimated for each camera
as a function of the total number of homographies retainelde Vialues stabilize
once enough homographies are used. (b) The computatioaagomws linearly
as a function of the number of homographies. (c) Focal lenfthe second of 5
calibrated cameras computed independently using twordiffesets of sequences.
Once enough homographies are used, the estimates becoyrosar.
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B. Camera Calibration

Figure B.7.: 3-D detection of a pattern using ve calibrateaneras. All images are taken syn-
chronously. This frame is part of the calibration sequergsuo obtain the results
of Fig B.6. The wireframe box shows that the 3—-D calibrati@itgrn reprojects
accurately on the ve cameras.

wheref represents the focal length,the aspect ratio, an¢lig; vo)” the principal point. We
want to estimat& from a set of homographies that map points on a planar oljgmbints on
captured images for different object positions.

We associate to each camera a projection matrix

P=KI[Rjt]; (B.4)

whereR isa3 3rotation matrix and a translation vector. Without loss of generality, we can
chooseZ = 0 as the plane of our calibration pattern. The relation bebweeR, andt and the
homographyH that maps a poin! = [X;Y; O] of this plane to its corresponding 2-D point
m=[u;Vv]> under perspective projection can be written as

2 3

X 2 3
M Y ®
mi /P =K[r1rzr3t]§ Oé=K[f1f2t]4Y5? (B.5)
1
1

wherer 1, r, andr 3 respectively are the rst, second and third column of thation matrixR,
and the symbol denotes proportionality. The homography projecting ttenplZ = 0 to the
image plane is thertd / K [r1 ro t]. For convenience, we introduce8a 3 matrix T with

2 3

1 0 tY

T=40 11t%5;
0 0 t%
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B.8. Internal Parameters from a Set of Homographies

wheret®= R 1t = R>t that lets us write
H/ KRT : (B.6)

To nd the relations between the coef cients éf and the internal parameters, let us now
compute the produdtl > ! H where! is the matrix(KK >) 1, also known as the image of the
absolute conic. We have

H>IH=H>K”> K H/ (KRT >K”> K KRT)

= T?R;K”K > K 'KRT

1 0 t%

=T°T=4 0 1 t%5:
t%  t% k%

By considering the expressions of the elements ofZhe2 sub-matrix on the top-left of the
T~ T matrix, we obtain the two following equations:

3

h7thy h3'hy=0

hi'h,=0 ’ (B.7)
whereh; represents the columirof H . It follows that:
2 3
1 0 Up
1/ 4 0 2 2o S (B.8)
Up  2vo 22+ ud+ 23

By rearranging the terms of Equation B.7 and Equation B.8,0b&in the following linear
system in some of the coef cients bf;

ANV = h (B.9)
where
A =
2(h11har  hizhge) h3,  h3, 2(haths;  hxhsy) h3  hi,
h11hszz + hiohszg hoohot haoho1 + haohsg haohag
2 3

13 , ,
I h h

W:§ 222 and h= 11 '12
l'23 hi1hio
l'33

Each homography yields such a pair of equations. For eacterearthis produces an over-
constrained system that we solve in the least-squares.s€hsdnternal parametersy, vo, f ,
and can then be estimated froms, ! 22, ! 23, and! 33. In our implementation, they are re ned
by the nal non-linear optimization.
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B. Camera Calibration

B.9. Displacement between a Camera and a Planar Object
from a Set of Homographies and the Internal Parameters

Once the internal camera parameters have been recovemadtltie whole sequence we can
recover the rotatiofiR and the translatiom between a particular pose of the planar object and
the camera as follows.

Recall from Equation B.6 thad / KRT , whereR andt are expressed in a coordinate
system attached to the planar object. Equivalently, weewrit

RT /| K H:

Since the columns dR should have a horm equal to 1, the scale factor can be retrievel a
rst estimation of these columns is obtained as:

1 1
M= g f25 gomae fa=r1 T2 )
where denotes the cross-product of two vectors. Because the hapligs are noisy, the
resulting rotation matrix is not orthonormal and we corri¢gatsing the procedure given in the
appendix of [121] which seeks the closest orthonormal matrithe Frobenius sense using a
Singular Value Decomposition. Similarly the translatiactort can be approximated as:

B 2K hs _
" kK lhik+ kK Thok -

t
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