High Quality Dynamic Re ectance and Surface
Reconstruction from Video

Naveed Ahmed

Max-Planck-Institut flr Informatik
Saarbriicken, Germany

Dissertation zur Erlangung des Grades
Doktor der Ingenieurwissenschaften (Dr.-Ing)
der Naturwissenschatftlich-Technischen Fakiilt
der Universiét des Saarlandes



Datum des Kolloquiums — Date of Defense
10. Juli 2009 — July 10th, 2009

Dekan — Dean
Prof. Dr. Joachim Weickert
Universitt des Saarlandes, Saartken, Germany

Gutachter — Reviewers
Prof. Dr. Hans-Peter Seidel
MPI Informatik, Saarhiicken, Germany

Prof. Dr. Christian Theobalt
Stanford University, USA

Prof. Dr. Gabriel Brostow
University College London, United Kingdom

Naveed Ahmed
Max-Planck-Institut @ir Informatik
Campus E1 4

66123 Saartircken, Germany
nahmed@mpi-inf.mpg.de



Dedicated to the wonderful land and people of Deutschland.
Thank you for ve amazing years!






Abstract

The creation of high quality animations of real-world hunaators has long been
a challenging problem in computer graphics. It involvesitiueleling of the shape
of the virtual actors, creating their motion, and the repicitbn of very ne dy-
namic details. In order to render the actor under arbitrigtytihg, it is required
that re ectance properties are modeled for each point ostiniace. These steps,
that are usually performed manually by professional madebae time consum-
ing and cumbersome.

In this thesis, we show that algorithmic solutions for sorh¢he problems that
arise in the creation of high quality animation of real-vdopleople are possible
using multi-view video data. First, we present a novel spamporal approach
to create a personalized avatar from multi-view video d&ta moving person.
Thereafter, we propose two enhancements to a method thateajpuman shape,
motion and re ectance properties of a moving human usingtergulti-view video
streams. Afterwards we extend this work, and in order to ag \ne dynamic
details to the geometric models, such as wrinkles and foidke clothing, we
make use of the multi-view video recordings and presenttesttal method that
can passively capture the ne-grain details of time-vagystene geometry. Fi-
nally, in order to reconstruct structured shape and ananatf the subject from
video, we present a dense 3D correspondence nding metlaeitiables spatio-
temporally coherent reconstruction of surface animatibrestly from multi-view
video data.

These algorithmic solutions can be combined to constitutenaplete animation
pipeline for acquisition, reconstruction and renderingigh quality virtual actors
from multi-view video data. They can also be used individued a system that
require the solution of a speci ¢ algorithmic sub-problefihe results demon-
strate that using multi-view video data it is possible to the model description
that enables realistic appearance of animated virtuatgataler different lighting
conditions and exhibits high quality dynamic details in ¢fg@metry.
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Kurzfassung

Die Entwicklung hochqualitativer Animationen von menscién Schauspielern
ist seit langem ein schwieriges Problem in der Computergrekbeinhaltet das
Modellieren einer dreidimensionaler Abbildung des Aktgseiner Bewegung
und die Wiedergabe sehr feinen dynamischen Details. Um deauSpieler unter
einer beliebigen Beleuchtung zu renderritgsen auch die Re ektionseigenschatf-
ten jedes einzelnen Punktes modelliert werden. Diese tBghdie gevdhnlich
manuell von Berufsmodellierern durchgeft werden, sind zeitaufwendig und
beschwerlich.

In dieser These schlagen wir algorithmischésungen ir einige der Proble-
me vor, die in der Entwicklung solch hochqualitativen Antraaen entstehen.
Erstens piisentieren wir einen neuartigegumlich-zeitlichen Ansatz um einen
Avatar von Mehransicht-Videodaten einer bewegenden Rersaschaffen. Da-
nach beschreiben wir einen videobasierten Modelierursggarmit Hilfe einer
animierten Schablone eines menschlichedrgérs. Unter Zuhilfenahme einer
handvoll synchronisierten Videoaufnahmen berechnen igiddeidimensionale
Abbildung, seine Bewegung und Re ektionseigenschaften deerGche. Um
sehr feine dynamische Details, wie Runzeln und Falten in deidng zu den
geometrischen Modellen hinzuzigfen, zeigen wir eine statistische Methode, die
feinen Details der zeitlich variierenden Szenegeometssp erfassen kann. Und
schlieB3lich zeigen wir eine Methode, die dichte 3D Korregjfenzen ndet, um
die strukturierte Abbildung und die zug@iige Bewegung aus einem Video zu
extrahieren. Dies eraglicht eine Aumlich-zeitlich zusammeidngende Rekon-
struktion von Oberachenanimationen direkt aus Mehransicht-Videodaten.

Diese algorithmischen dsungen &nnen kombiniert eingesetzt werden, um ei-
ne Animationspipelineifr die Erfassung, die Rekonstruktion und das Rendering
von Animationen hoher Quadit aus Mehransicht-Videodaten zu égtichen. Sie
kdnnen auch einzeln in einem System verwendet werden, daseiaer Losung
eines spezi schen algorithmischen Teilproblems verlamas Ergebnis ist ei-
ne Modelbeschreibung, das realistisches Erscheinen vionieaten virtuellen
Schauspielern mit dynamischen Details von hoher Catalibter verschiedenen
Lichtverhaltnissen erraglicht.
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Summary

Creating high quality animations of virtual human actors loag been a focus
of research in computer graphics. In the past decade, ayafienethods have
been proposed that could estimate the motion of a perfornteaaimate a model
accordingly. Nevertheless, it is still very taxing to esiien the surface mate-
rial properties so that the virtual actor can be rendereceuadbitrary lighting
conditions. It is also very dif cult to obtain a spatio-temally coherent sur-
face representation of an animated model directly fromirvigiv video. Finally,
transferring dynamic geometry detail from a real world atboa virtual avatar is
a very challenging problem in itself.

Previous methods for material and surface detail recoctsbru were primarily
geared towards reconstruction of static scene geometri.th@lmethods start
with the acquisition of images of the object using still caase In contrast to
still cameras, resolution of video cameras is still extrgnh@wv, which hampers
the development of algorithmic solutions for dynamic ssenkloreover, algo-
rithms for video need to consider the additional temporahdim, which makes
the development of the solutions even more challengingh Wig advent of high
resolution video cameras, solving the above mentioned@mnubin the video do-
main has not only become feasible, but it also has openedogsility to solve
the reconstruction problems in a spatio-temporally cafitenay.

In this thesis, we demonstrate that using multi-view vidatadve can extract all
necessary information that is required for the reconstvaadf high quality 3D
human animation from video.

We start with a novel spatio-temporal approach to creatersopalized avatar
from multi-view video data of a moving person. The avataepetry is gen-

erated by shape adapting a template human body model. feceuexture is

assembled from multi-view video frames showing arbitrafiecent body poses.

The generated static texture can be used to render the cenfyisan animation
with just a single texture. This model description, an aneddemplate geometry
and a surface texture, is ideal to use in multi-user virtaglrenments where real-
world people interact via digital avatars. The resultingtavs of humans exhibit
true shape and photo-realistic appearance.

Free-viewpoint or 3D video allows the photo-realistic rendg of the virtual
human from novel viewpoints. Recently the concept is extdriderelightable
free-viewpoint video that can also be rendered under arlyitighting. The re-
lightable free-viewpoint videos are reconstructed usimchronized multi-view
video streams that are recorded under calibrated lightingitions. We make use
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of the earlier work in this area, and using the same multivwigleo data, present
two methods that result in higher quality of relightablestrgewpoint video. First,

we propose a solution for improving spatio-temporal textrggistration, which
is necessary for the accurate measurement of the surfaeetamce properties.
Additionally, a method to reduce the bias in the estimatethsa re ectance is

proposed to get as good as possible realistic renditionsrugdbitrary lighting

conditions. The resulting model description enables uaitbfully reproduce the
appearance of animated virtual actors under different Isited lighting condi-

tions.

Models used in the reconstructed human animations, eitheraded templates or
reconstructed directly from the video, do not depict highldy dynamic details
that are visible in the clothing of the actor. Adding theseaiyic details manually
is a very complex process. Full body laser scanners canreapty ne quality
details of the model, but unfortunately they are also statid look baked on
the surface when those models are used for animation. Wegeop statistical
method that can capture highly-detailed dynamic surfacengéry of humans
from multi-view video streams under calibrated lightingeevn the presence of
measurement uncertainties. The output is a complete movautgl of the human
actor that features subtle dynamic geometry detail, sustriadkles and folds in
clothing.

Using an animated template model has its own bene ts andlaaks. It guar-
antees spatio-temporal coherence, but as the model hasdeftrened for each
frame to match the shape and size of the actor in the inpubvidene, the ac-
curacy of the model with respect to the original actor is caonpsed. A better
option would be to reconstruct the model directly from thdea data, thus op-
timizing the consistency between the model and the actois pbssible to re-
construct a mesh from each frame of the video. The obvioulsl@mo with this
solution is that the reconstruction from each frame resnltaeshes with differ-
ent connectivity. Ideally, one would like to create a spa¢imporally coherent
animation from the individual reconstructions. To bridpestgap, we present a
spatio-temporal dense 3D correspondence nding methad fraulti-view video
data that enables the reconstruction of spatio-tempocaherent dynamic 3D
geometry from a sequence of unrelated meshes.

Each of the algorithmic solutions can be used independesdlyer the require-
ment of some speci ¢ system. Moreover, they can also be uxgsthier and com-
bined in a single system resulting in an animation pipellm tan reconstruct
and render very high quality animation of virtual actorsnfronulti-view video
data.



Zusammenfassung

Die Erzeugung hochqualitativer Animationen von virtuelimenschlichen Dar-
stellern ist seit langem ein Schwerpunkt in der Forschund3areich Compu-
tergra k. Im vergangenen Jahrzehnt wurde eine Vielzahl Wethoden vorge-
stellt, welche die Bewegung eines Akteurs alddzén und ein Modell entspre-
chend animierendnnen. Gleichwohl ist es immer noch anspruchsvoll die Mater
aleigenschaften der Obéiche einzuscitzen, sodass ein virtueller Charakter un-
ter beliebigen Beleuchtungveitinissen dargestellt werden kann. Es ist ebenfalls
sehr schwierig von einem Multi-View-Video ein@umlich und zeitlich zusam-
menltéangende Darstellung eines animierten Modells zu erhedemiel3lich, stellt
die Ubertragung der Details dynamischer Geometrie von einérteaSchauspie-
ler auf einen virtuellen Avatar selbst eine grof3e Herausharmg dar.

Bisherige Vorgehensweisen im Bereich der Rekonstruktion vatehtl und
Ober achendetails zielten haupthlich auf statische Geometrie ab. Normaler-
weise, beginnen alle Methoden mit dem Erfassen eines Bilde<ibjekts, mit-
hilfe einer Fotokamera. Im Gegensatz zu Fotokameras istAdiedsung von
Videokameras immer noch extrem niedrig, was die Entwiaklahgorithmi-
scher losungen iir dynamische Szenen erschwert. @@rhinaus rmassen Vi-
deoalgorithmen die z@szlichen zeitlichen Komponente lieksichtigen, was
das Erarbeiten vondsungen noch komplizierter macht. Das Aufkommen hoch-
au osender Videokameras hat nicht nur eirissing der oben genanten Probleme
fur Videos erndglicht sondern hat auch da®sen der Rekonstruktionsprobleme
auf raumlich und zeitlich zusammeahgende Art raglich gemacht.

In dieser Arbeit werden algorithmischedtungen iir vier spezielle Probleme
prasentiert:

Wir beginnen mit einem neuartigeaumlich-zeitlichen Ansatz um einen indivi-
duellen Avatar auf der Basis von Multiview Videodaten einiehdewegenden
Person zu erzeugen. Die Gestalt des Avatars wird durch diagsung der Form
einer Vorlage fir menschliche Krper erhalten. Seine Oberchentextur wird zu-
sammengesetzt aus mehreren Multi-View-Video-Framesalieltige verschiede-
ne Posen beinhalten. Die so erhaltene statische Texturdannbenutzt werden
die gesamte Animation mit einer einzigen Textur darzustelDiese Modelbe-
schreibung gemeinsam mit einer animierten Geometriegerland einer Ober-

achentextur sind ideal um in einer virtuellen Multi-Usemgebung in der echte
Menschen durch digitale Avatare miteinander interagieiegesetzt zu werden.
Die Resultateiir menschliche Avatars zeichnen sich durch eine wahrlegtresge
Form und einen fotorealistischen Gesamteindruck aus, wahdlie Rekonstruk-
tion von Fotos einzelner Posen nichbglich gewesen are.



3D videos erlauben die fotorealistische Darstellung desie@ilen Menschen aus
neuen Blickwinkeln. Um ihn korrekt unter verschiedenen Beffitungen darstel-
len zu KNnen, niissen auch die Re exionseigenschaften seiner Cldre be-
kannt sein. Wir beschreiben einen Ansatz um diese @bseh zu bnnen. Die-
ser benutzt eine animierte Vorlagér fmenschliche Krper die gleichzeitig Ge-
stalt, Bewegung und sictaumlich veéndernde Re exionseigenschaften durch
wenige synchronisierte Multi-View-Videoaufnahmen estadVir stellen auch ei-
ne Losung vor um die Registrierungumlich und zeitlich véinderlicher Texturen
zu verbessern. Das ist notwendig um eine genaue Messung aidRseigen-
schaften der Obe&ache zu ge@hrleisten. Ddiberhinaus, zeigen wir eine Me-
thode, die den systematischen Fehler in deraBaing der Ober echenre exion
reduziert um mglichst relaistische Darstellung unter beliebigen Bettuicgs-
verhaltnissen zu erzielen. Die daraus resultierende Modeibeding ermglicht
die originalgetreue Erscheinung virtueller Akteure urerschiedenen simulier-
ten Beleuchtungen.

Modelle die zur Rekonstruktion menschlicher Bewegungergnses animierte
Vorlagen oder solche direkt von Videos, beschreiben nighthdchqualitativen
dynamischen Details der Kleidung des Darstellers. Dieswnyschen Details
von Hand hinzuzuifgen ist ein sehr komplexer Vorgang. Gadgler Laserscan-
ner sind in der Lage sehr feine Details des Modells zu enfassser diese sind
leider auch statisch und wirkerikstlich auf der Obefache wenn solche Modelle
fur Animationen genutzt werden. wir stellen eine statisigsklethode vor die de-
tailreiche dynamischer menschliche Obirhengeometrie von mehreren Video-
aufnahmen unter kalibrierten Beleuchtungen erfassen lsogar bei eventuell
vorhandenen Messungenauigkeiten. Das Ergebnis ist eiplietinbewegliches
Modell eines Menschlichen Schauspielers das selbst kéethgiamische Details
der Geometrie, wie zum Beispiel Falten auf der Kleidung, @igtv

Eine animierte Vorlage zu benutzen hat seine Vor- und N#ehtés garantiert
raumliche und zeitliche Stimmigkeit aber da das Mod&lljeden Frame verformt
werden muss um sich an die Gestallt un@@e des Darstellers im Eingabevideo-
Frame anzupassen, wird die Genauigkeit des Models in BeZudaguOriginal
beeintachtigt. Es viare besser das Modell direkt von den Videodaten zu rekon-
struieren um didJbereinstimmung zwischen Modell und Akteur zu optimieren.
Es ist noglich ein Gitternetz aus jedem Videoframe zu erzeugen. Byablem
hierbei ist offensichtlich, dass deren Konnek#tisich von Frame zu Frame un-
terscheidet. Im Idealfall ichte man einaumlich und zeitlich ko&arente Animati-

on individueller Gitternetze erzeugen. Um dieseke zuiiberwinden, stellen wir
eine Methode vor digaumlich und zeitlich nahe dreidimensionale Korresponden-
zen nden kann, und es somit erlauliumlich und zeitlich ko&érente dynamische
Geometrie von einer Sequenz unahbiger Gitternetze zu erzeugen.
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Jede dieser algorithmischerd$sungen kann unabhgig benutzt werden, um die
jeweiligen Anforderungen eines speziellen Systems zullerf. Datiberhinaus
kodnnen sie auch gemeinsam und kombiniert in einem einzigste®ybenutzt
werden, was in einer Animations-Pipeline endet die ausiMdteo-Daten hoch-
gualitative Animationen virtueller Akteure erzeugen uradsiellen kann.
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Chapter 1

Introduction

High quality reconstruction of 3D human animation from reairld data has been
an active focus of research in both computer graphics anghatanvision. Tradi-
tionally, an animator would need to manually create the malden hand-craft the
animation and high quality details. Furthermore, if thengettion is to be rendered
under different lighting, which is a typical scenario foetAnimated models used
in computer games, the surface material properties have twordited manually
which can be a painstakingly complicated process. Thisallyi takes hundreds
of work hours for a single model and consequently the costisesfe productions
are very high.

In both computer graphics and computer vision, the autamationstruction of
the animation from multi-view video data has recently gdingre attention. It
involves the reconstruction of motion, shape, and appearahhumans. Opti-
cal motion capture using markers has been used to captuteuthan motion.
Recently, the focus has been shifted from the marker-basedht&er-less ap-
proaches. A pioneering work in the marker-less optical arotiapture used an
animated template human model and multi-view video datapdure the motion
and photo-realistically render the virtual humans [Care®32. As an alternative
to using an animated template model, the dynamic 3D geonsatmbe directly
reconstructed from the video, thus resulting in high guaénditions [Starck07b].
Some of the methods do not use any 3D geometry, but createted views by
interpolating the image data [Matusik04].

There are both bene ts and drawbacks of the above mentioretiads. Nev-
ertheless, for a true high quality reconstruction of humamputer animations,
there are still some very dif cult problems that remain to d&rcome. In this



Chapter 1: Introduction

thesis we will show that many dif cult problems that are eantered in the au-
tomatic reconstruction of human computer animation carnobhed by means of
algorithmic solutions using multi-view video data. Peojiteract in the virtual
environments by means of avatars which they choose basdwmrpteferences.
Many people prefer to use an avatar as close to their appmasapossible. Most
of these virtual environments, be it the online chat roommassively multiplayer
online games allow their users to create and customize\htial appearance in
many ways. However, it is very dif cult to truly capture thercect appearance let
alone the shape of the person using these rather simple Tmtgeate truly per-
sonalized human avatars, in Chapter 4, we propose a videtlagproach that
makes use of multi-view video data of the moving person amekgges the life-
like avatar of the person true to his/her shape and appeardhe method makes
use of an animated template model to capture the motion @adieca static texture
that can be used to texture the geometry for the photo-tieadigpearance.

The model description used for rendering the avatar is goodgh as long as the
lighting of the virtual environment is similar to the recorg environment. In or-
der to display him in a virtual world, which is different frotime recording environ-
ment, his appearance must be adapted to the new illuminatioditions. For this
adaptation, the knowledge of surface re ectance propedfehe human subject
is necessary. Recently, Theobalt et al. [TheobaltO5a]gusmanimated template
human geometry, proposed a method to reconstruct thesetamee properties
of moving actors using multi-view video data. We extend thisthod in Chap-
ters 5 and 6, and propose two enhancements that can resudfhier lquality of
relightable free-viewpoint video. Using the same mulgwivideo data we later
extended this work even further and in Chapters 7 and 8, preseew passive
approach to capture true time-varying scene geometry natreconstruct even
slightest of the dynamic details. Our method can reprodyoaiic surface de-
tails at millimeter-scale accuracy.

Instead of using a prior template, video data can be diretfd to reconstruct
the dynamic geometry. Most methods that utilize the videta da reconstruct
geometric models for the purpose of animations provide eerywincing shape
and appearance for each frame. Unfortunately, they faltslig@roviding spatio-

temporally coherent models, which is an extremely desérabbperty in the cap-
tured animations. Spatio-temporal coherence greatlyititeis or is even in-
evitable for many tasks such as editing, compression orsspahporal post pro-
cessing. On the other hand, the methods that use an aninesbgdiate model

provide spatio-temporal coherence, but the tracking nu=ttenployed for ani-
mating and deforming the template model remain short of teeir@acy provided
by the reconstruction methods. In Chapters 9 and 10, we tivergiropose a
new 3D spatio-temporal dense correspondence nding metiaidenables us to
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reconstruct coherent scene geometry. Thus a template nsodet needed and
we obtain an accurate spatio-temporally coherent scenmefep directly from
multi-view video data.

1.1 Main Contributions and Organization of
the Thesis

This thesis is divided into 5 parts and contains 11 chaptagart from part I,
which deals with the necessary theoretical and technicg¢draund and covers
the preliminaries, each subsequent part presents algocitholutions based on
multi-view video data that solve some of the problems thatercountered in
automatic reconstruction of high quality 3D human anintaioThe algorithmic
solutions described in part I, 111, IV and V have been puibdid before in a variety
of peer-reviewed conference and journal articles. The roamtributions of the
thesis along with the references to the published work deeypsummarized in
the following sections:

1.1.1 Part | - Background and Basic De nitions

This part covers the theoretical preliminaries requirgdhe understanding of the
rest of the thesis. In Chapter 2, we begin with the review otdraera model that
is employed in computer graphics and computer vision. Tdfeee we discuss
how to model the shape, appearance and kinematics of a humamoamputer.

We also review the techniques that are employed for charaotmation.

In Chapter 3 we describe our acquisition setup, which is aivigtv video stu-
dio that captures synchronized multi-view video streambe fecorded multi-
view video data is used in all of the algorithmic solutionegented in this thesis.
The details of obtaining multi-view video streams and thmost-processing is
described in this chapter.

1.1.2 Part Il - Automatic Generation of Personalized Hu-
man Avatars

In multi-user virtual environments real-world people natet via digital avatars.
In order to make the step from the real world onto the virtdagje convincing,
the digital equivalent of the user has to be personalizeghduld be possible
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to re ect the shape and proportions, the kinematic propsytas well as the tex-
tural appearance of its real-world equivalent. In Chaptend present a novel
fully-automatic method to build a customized digital hunfiemm easy-to-capture
input data [AhmedO05]. The inputs to our method are multiglechronized video

streams that show only a handful of frames of a human perfamaibitrary body

motion. The avatar's geometry is generated by shape adpatiemplate human
body model. Its surface texture is assembled from multivwigleo frames show-
ing arbitrary different body poses.

1.1.3 Part lll - High Quality Relightable Free-Viewpoint
Video

Free-View point video allows the user to view a dynamic sciam an arbi-

trary viewpoint. Theobalt et al. [Theobalt05a] presentedethod for joint shape,
motion and re ectance capture using multi-view video data tllows the recon-
struction of relightable free-viewpoint video which canwewed under arbitrary
lighting. We improve their work and in Chapter 5 and Chapter é,imtroduce

two methods that result in higher quality of relightablesfrgewpoint video.

First, we present a novel spatio-temporal registrationhogktthat detects and
compensates for the shifting of cloth across the body'saserfof the ac-
tor [Ahmed07a]. Our second contribution was a spatio-tepe ectance shar-
ing method that reduces the bias in the estimated dynamiectance. This
method assures that the estimated re ectance properteadarbiased towards
the recording environment [AhmedO07b].

1.1.4 Part IV - Highly Detailed Dynamic Geometry via Si-
multaneous Re ectance and Normal Capture

Models used for rendering the reconstructed animatioris hegh quality time-

varying surface details that are normally visible in the mgwapparel of a human
actor, such as folds or wrinkles. Adding these dynamic etain dramatically
increase the level of realism of the human animations. In @nafy we start
with the introduction of our passive method that can capsulgle time-varying

surface details, e.g. folds and wrinkles, on a moving motleé starting point of
the method is the enhancement of the solutions presentearinlP Thereafter,

we review the closely related work in the area of dynamicaafreconstruction,
normal eld integration, photometric stereo and re ectarestimation.
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In Chapter 8, we present the crux of our statistical passivhodethat can add
high quality dynamic details to the models [Ahmed08a]. t-ias enhanced sur-
face re ectance and normal estimation approach is destmdech employs ro-

bust statistics to handle sensor noise more faithfully.tNeexew spatio-temporal
deformation framework is presented that enables us toftransthe moving

geometry and the time-varying normal eld into true spaeoaporally varying

scene geometry that reproduces geometric surface debaglaaccuracy.

1.1.5 Part V - Spatio-Temporally Coherent Dynamic
Scene Reconstruction Without A Prior Shape
Model

A fast and versatile alternative template based methoddyieamic scene recon-
struction is to reconstruct the geometric model from eaamé of the video, e.qg.
by means of shape-from-silhouette methods. This recast&iruworks ne for
simpler animations but due to the lack of spatio-temporakcence the usability
of this data is very limited. In Chapter 9, we introduce andivad¢ our 3D dense
correspondence nding method between a sequence of uedetdiapes that al-
lows the reconstruction of a spatio-temporally cohererglms®quence. The chap-
ter ends with a review of the most important related work i déinea of surface
reconstruction, correspondence nding and mesh animation

In Chapter 10, we present the main algorithmic solution fergpatio-temporally
coherent reconstruction of a mesh sequence from unrelaggsrom-silhouette
volumes [Ahmed08b]. This is achieved by employing a 3D deaseespondence
nding method between two subsequent meshes, which is gaipd over the
whole sequence, resulting in a coherent animation.

Our work demonstrates that we can solve a variety of probl&aisare encoun-
tered in automatic reconstruction of 3D animation from widesing multi-view
video data. Our presented methods only require a small nuelgt) of multi-
view video streams, solve a wide range of problems, and caiséx as the build-
ing blocks for high quality 3D animation reconstructionrfrovideo.
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Chapter 2

Preliminary Techniques

In this chapter, some general theoretical background ivjated and
some of the fundamental techniques which projects in thEghen-
ploy are described.

All of the projects in this thesis rely on the synchronizedtiviiew video streams
as input. These are captured by a multi-view camera systenriacquisition stu-
dio. In order to correctly use multi-view video streamssiessential to simulate
the real-world camera by means of a mathematical cameralmdde mathe-
matical camera model is presented in Sect. 2.1. We alsostigbe process of
camera calibration, and review the geometry from two-views

In this thesis we focus on the reconstruction of human coerpahimations.
Therefore we need a description of the human actor that carsée in the dig-
ital domain. In Sect. 2.2 we discuss how we model the shag®sampnce and
kinematics of the real-world human in a computer. We latasicdbe a model for
the kinematics and discuss how the model can be animated tigrkinematic
skeleton. We also discuss the animation of the model usif@mation. Either
of the two animation techniques has been used in all of theqoin this thesis.

2.1 The Camera Model

The camera captures a 2D image which is a projection of a 3bBesoa a 2D
plane. Function of the camera is very similar to the functbéthe human eye,
where the 3D scene is the world around us and the 2D plane itina of the



Chapter 2: Preliminary Techniques

i E— o

> Z

rincipal axis D EE—
camera P P

center

< image plane

Figure 2.1: Pinhole camera geometry.

eye. Thus the role of the camera in computer graphics and a@mpision is
analogous to that of an eye in biological systems. Simildinéceye lens, the lens
in the camera collects the incident illumination. The ldrentconverges the light
rays towards a focal point, and the converged rays createage of the observed
scene over the image plane. In the following section, wed@#cribe the pinhole
camera model, which de nes a mathematical relationshipvden the coordinates
of a 3D point and its projection onto a 2D image plane. In latstions, we will
describe the process of camera calibration and brie y me\ttee concept of two-
view geometry.

2.1.1 The Pinhole Camera Model

The pinhole camera is the simplest, and the ideal, model mkca function. It
describes central projection of points in a space onto aefleartley00]. Let a
point in space with coordinatés = ( Py; Py; P;)T, the center of projection as the
origin of the Euclidean coordinate system and the imagegdan f . The center
of projection is also called the optical center or the cancergter. The line from
the camera center perpendicular to the image plane is cdleegrincipal axis,
and it meets the image plane at the point called principaitpoi

The pinhole camera model mapson the image plane where a line joining the
pointP to the center of projection meets the image plane, as showigir2.1. It
can be shown using the theory of similar triangles that thatg® is mapped to
the point(fP «=P,;fP,=P,;f)T on the image plane. Thus the 2D projection

(P PyiP2)T 7! (fP=P;; TP y=P,)T (2.1)

describes the central projection mapping from wdtfoto image coordinateR?.
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2.1.2 Camera Calibration

To infer three-dimensional geometric information from arage, one must nd
the parameters that relate a point in the three-dimensispate to its two-
dimensional position in the image. The parameters areiddsas theinternal
andexternalparameters of the camera. There are four internal parasneteo
for the position of the origin of the image coordinate framed two for the scale
factors of the axes of this frame. As for the six external peaters: three are
for the position of the center of projection, and three ardtie orientation of the
image plane coordinate frame.

In addition, the physical properties of a real world camenas|differ from the
properties of the ideal pinhole camera model. Due to theferelinces, the image
formation process geometrically deviates from the pinlcal@era. These devia-
tions are typically caused by radial or tangential distortartifacts. Radial dis-
tortion occurs, because unlike the ideal pinhole cameraatnodthe real lenses,
the world point, image point and optical center are not nebir. Thus the world
lines are not projected as lines. Radial distortion becon@® mrominent as the
focal length decreases. As a camera lens in itself is conapafsmany individual
lenses, the misalignment of individual lenses with respet¢he overall optical
axis results in the tangential distortion [Weng90]. Mostl orld camera models
take radial and tangential distortions into account, astugte the parameters that
compensate for the artefacts caused by them.

Majority of geometric camera calibration techniques [88alain95, Heikkila96]
derive all of the above described parameters. Normally idregion object with
known physical dimensions is used to estimate the paramefer optimization
method is employed that modi es the model parameters umgilgredicted ap-
pearance of the calibration object optimally aligns wita tdaptured images.

Color calibration refers to the correct reproduction of ¢slm the captured im-
age under a given illumination condition. A simple coloriledtion technique
is called white balancing, which involves the estimatiorpafameters that scale
each color component with respect to a pure white or greyobbf®r our projects,
we also perform color calibration that ensures color cdesisy across the cam-
eras.

2.1.3 Two-View Geometry

Epipolar geometry refers to the geometry of stereo visiors the intrinsic pro-
jective geometry between two views, independent of scemetste, and only
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(b)

Figure 2.2: (a) Epipolar geometry: The pointp in cameraa corresponds to
the point p%in camerab that lies on the epipolar linee,. (b) Triangulation:
the 3D position of a pointP is calculated by the intersection of the two rays,
r, and rp, through the respective cameras' centers of projectiong, and c,,
and the respective projected image plane positiong, and p°

depends upon the camera’s internal parameters and repatses [Hartley00]. It
can be used to derive 3D structural information about th@esceAssuming a
point P in 3-space is visible in both cameras, projecteg as the rst camera,
and ag?in the second camera. The epipolar geometry relates the rvjeqed
points by the so-called epipolar constraint, which deswihat for the givep, its
correspondencp’should lie on the epipolar line,, Fig. 2.2a. Under the epipo-
lar geometry the search for the correspondence for a givemn {gosimpler as it
only involves traversing a single line in the correspondmgge plane instead of
searching the complete two-dimensional image. The intriegipolar geometry
is encapsulated in the fundamental mafix It is a 3x3 matrix of rank2, and
for the two projected points satis es the relatipA Fp = 0. The fundamental
matrix can be inferred from 8 point correspondences betvieruncalibrated
cameras, and it is directly available for fully-calibratsimera pairs [Hartley0O].

If both cameras are fully calibrated, with known correspamzks andp®in their
image planes, then the 3D position of pdihtan be calculated via Triangulation,
Fig. 2.2b. The positio? is estimated by computing the intersection point of two
rays,r, andry. The rayr, originates in the center of projection of cameyac,,
and passes the image plane in the posifioThe same construction is valid for
ray r, from camerab, where the ray passes the image plane in the positfon
However, due to measurement noise, the rays will not intéeseactly at a single
point. In this case, a pseudo-intersection point that mgesthe sum of squared
distance to each pointing ray is computed.



2.2 Modeling and Animating Humans 13

2.2 Modeling and Animating Humans

The human body is the entire physical structure of a humaanisg. It is a
very complex system, in which an interplay of many physia@dagcomponents
result in its appearance, as well as physical and kinemptmserties. General
appearance of a human body is dependent on its skin, hairnantbst of the
cases when it comes to representing real-world human$iedotAppearance of
the skin is dependent upon many underlying components, fhenstructure of
the pigmentation to the deformation of the muscles. Givenfaiet that there are
many different types of materials used in the clothes, timeptexity of modeling
the appearance increases even more. Physical propertiestafiman body model
are in uenced by its kinematics. The kinematic properties @etermined from
the body's skeleton. The skeleton is composed of bones verehonnected with
joints. In order to accurately capture a true human bodyarctimputer, the model
should represent the appearance, kinematics and physigaities as accurately
as possible. In the following subsections we will reviewstheepresentations.

Since the focus of this thesis is the reconstruction of huaramations, accurate
representation of the motion along with the appearancgeshad kinematics is
equally important. We need to make sure that the model falldve motion of
the human actor as accurately as possible, and for that weteekniques that
can animate the model accordingly. In Sect. 2.2.3 we rewewadf the animation
techniques that are employed in this thesis.

2.2.1 Modeling the Appearance

The realistic appearance of the virtual human model depepds its geometry
and its surface texture. The surface geometry of the vittuahan is typically

modelled by means of a triangle mesh. The triangle mesh ipdeead of a set of
triangles that are connected by their common edges. Thegtega are also called
the faces of the mesh, with each face made up of three vedrmmshree edges.
The edge, which is formed by two vertices, is one side of the.fa he vertex is
the basic entity, and is typically shared between multipegles and edges.

There can be different ways to obtain the geometry for the dmurbody
model. It is possible to reconstruct the geometry from thpuinvideo
data. Various methods are proposed to obtain geometry framhi-wiew im-

ages [Matusik00] [Kutulakos00] [Starck07b]. Fig. 2.3awbk@ video frame from
one of the camera, while the reconstructed visual hull casdas in Fig. 2.3b.
Another possibility is to use a generic template human bodgehas shown in
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Figure 2.3: (a) Input video frame from one of the camera. (b) Rconstructed
coarse geometry rendered from the same camera. (c) Templagingle skin
human body model with superimposed kinematic skeleton. (dp full-body
laser scan of a human.

Fig. 2.3c, or make use of a full-body laser scanner and olthaitemplate geom-
etry by measuring a real subject, Fig. 2.3d.

The second component for the realistic appearance of theaVlmuman model is
its surface texture. A consistent surface texture for thelehocan be employed
for photo-realistic renderings [Ahmed05]. Unfortunatalytatic texture cannot
capture the true time-varying details, such as wrinklesfatds in the clothing,
that evolve with the body pose.

If the model follows the poses of the human actor in the vidben it can be
dynamically textured with multi-view video data, to repune the time-varying
details [Carranza03]. This approach is feasible only whenvirntual actor is
reproduced under the illumination conditions that are w&myilar to the recording
environment. Thus the illumination conditions should remeed during display
of an animation.

If the model is to be rendered under arbitrary novel illuniiora conditions then
however its surface re ectance properties must also be kndwer the animated
model, it requires the estimation of dynamic re ectancecdigsion (Chapter 5).
The visual appearance of the surface is determined by thengaent light in-
teracts with it and is sent back to the eye of the observerhdnntost general
case when light interacts with matter, there is one photokirsg the surface at
one particular point and one photon leaving the surface.rderato describe the
general interaction case, a 12D function is necessary [Rieswcz00].

This model can be signi cantly simpli ed if phosphorescenand uorescence
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are ignored, wavelength changes are not considered, thelevaths are dis-
cretized into bands, and the effects of subsurface saajtenie not taken into
account [Lensch04].

This results in a six-dimensional function, known as theiafig-varying bidirec-
tional re ectance distribution functio(BRDF) f,. This representation is usually
suf cient for realistic renditions of most of the materialsis de ned at all surface
pointsx as the ratio of outgoing radiantgin hemispherical directioti = (! o; o)

to incoming irradiancé.; cos ; d!; arriving from directiorl = (Yi;o0):

fxl)= — elx9)

~ Lieefcos ; dr @2

In general BRDF can describe any surface re ectance charstotsrand can be
represented in many ways. Tabulated BRDFs store BRDF valuesknup ta-
bles and make use of the interpolation to represent novehiimy and outgoing
directions. It provides good quality, but the storage cosery high. Typically, in
computer graphics, parametric models are used to evaleaetance for some
speci c illumination condition. The parameters differ feach material, and their
variations result in a wide range of representable re en¢acharacteristics using
the same mathematical expression. Most of the model arastmisa diffuse
albedo component along with an analytic expression foruatadg the specu-
lar/glossy re ection. In our project on relightable freeewpoint video (Chapter
6), we make use of two parametric BRDF models, the Phong modenid7 5]
and the Lafortune model [Lafortune97b].

The Phong model is an empirical isotropic re ectance moldat tonsists of dif-
fuse object color and a specular lobe

rgh
k9

froo o )= k' + . f(1=<f> 0)ke (2.3)

Light source positior= and viewing positiorv determine the light vectdr =

C %, viewing vector is¢t = V %, and given the surface norm@J re ection
directionist(f) = {* 2" A)A. For evaluating both diffuse and specular color, we
have to consider the red, green, and blue color channelaeparSeven model
parameter:{k;gb; ki9b: k) then describe diffuse object color, specular color, and

the Phong exponent which controls the size of the specuba. o

A more advanced model based on the Phong model has beentpoebgr.afor-
tune et al. [Lafortune97b]. It can additionally incorpaaff-axis specular peaks,
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backscattering and even anisotropy:

froofio; = ) = l;égb (2.4)

P+ P L

Besides diffuse colork’?®, the model includes several specular lobies
whose individual direction, specular albedo and directsdnare de ned by
(Cy2; CJ%°; CI% kei). The vectord™ = (Iy;ly;l;) andv = (Vy;v;V;) are the
normalized vectors corresponding to the hemisphericabdbnsf\ andy¥. For a
more detailed discussion on re ectance models, we woulg tikrefer the inter-

ested reader to [Lensch04].

2.2.2 Modeling the Kinematics

The computational model for the human skeleton is a kinensaleton. A Kine-
matic skeleton is a mathematical model which representsuh®an skeleton as a
hierarchal arrangement of joints and interconnecting bombe result in an artic-
ulated gure consisting of a set of rigid segments connegtét joints. The set
of rigid body segments form a kinematic chain, which is eBaiypan hierarchal
assembly of rigid bodies. The relative orientation betweea segment and the
following rigid body segments in a kinematic sub-chain istcolled via a rigid
body transformation. This rigid body transformation déses a joint rotational
and translational transformation between two the locatdioate frames of two
subsequent rigid bodies. As the kinematic skeleton is atdbal structure, the
transformation on the top level in uences all the connecigitl bodies. Conse-
guently, the transformation on the lowest level rigid bodyyaffects that speci c
body.

Fig. 2.3c shows a kinematic skeleton superimposed on a hbodnmodel. The
skeleton models most important joints and segments thahecessary for the
correct representation of the human. It consists of 16 satgrend 17 joints,
unlike the real human body skeleton which consists of 20@b@mnd more than
200 joints. The bone lengths in the skeleton implicitly esedhe translational
component of the transformation. Thus the joints of the rhodby represent the
rotational component. Since the bone lengths are constaninly need rotation
information for each joint to de ne the pose of the skelet@arying angles of the
joints yields an in nite number of con gurations. A globaknslation for the root
of the skeleton can be employed as the only required tramsédtcomponent.
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2.2.3 Animating a Human

The geometry that we obtain from any of the method descriheSeict. 2.2.1,
should be somehow animated to reconstruct the motion ofuheah actor in the
video. In this thesis we make use of two techniques, usingitit@matic skeleton
or deformation.

We make use of the animation based on the kinematic skelettheirelightable
free-viewpoint video project, Chapters 5 and 6. In this phjast a kinematic
skeleton is implanted into the geometry of the single skingiate human model,
Fig. 2.3c. Thereafter, the skeleton is attached to the seirfy assigning the
weights to each vertex of the geometry in accordance withelttive position
to each bone. A bone would exert more in uence on its nearbjices. This
in uence is represented by the weights, which control thiedeation of the mesh
as the joints are rotated. Each vertex can be in uenced byipteibones and the
weights from each bone are blended. The technique of asgighe weights
in this way is commonly called linear blend skinning [BarahOFinally, the
motion description in terms of joint parameters is autooadly estimated using a
silhouette based analysis-through-synthesis method.(&&3.

Another approach for animating the model would be to use rdestrmation
methods [Botsch07]. These methods are employed to great affperformance
capture of humans [de AguiarO7a] [de Aguiar08]. In our wdrka&rametrization-
free animation reconstruction using dense 3D correspaadgme make use of a
mesh deformation approach to animate the reconstructegivmill, Chapters
9 and 10. Our solution is independent of any speci ¢ deforamatpproach,
therefore we refer the reader to a recent survey in the arsartdce deforma-
tion [BotschQ7].
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Chapter 3
Multi-view Video Studio

This chapter describes our recording studio. First, thedgiuoom,

the camera system and the lighting setup are described. eafter,
the acquisition pipeline is presented, with all necessagpstto
generate the input data for the projects described in thesih

All of the projects presented in this thesis require highliggianulti-view video
data as input. This data is recorded in our multi-view videai®, where we
simultaneously capture video streams from eight syncheahvideo cameras.

In this chapter we will present our multi-view video studiodetail. The stu-
dio is an extension of [Theobalt03], which was a simpler muéw acquisition

setup. We present our new acquisition studio, which previtdgh quality data
that are recorded not only using the calibrated cameradsmtiader completely
calibrated illumination conditions. These data are thenmmaguirement of our
work on relightable free-viewpoint video (Chapters 5 andaid subsequently
high quality reconstruction of time-varying geometry (Cteap 7 and 8). The ac-
quisition setup of the studio is enhanced with the additibhigh frame rate and
high resolution cameras along with the better lighting getuhich facilitate us

greatly in the reconstruction of high quality surface madéligh frame rate and
high resolution data were also invaluable for our work ongiemetrization-free
animation reconstruction using dense 3D correspondeiesgpters 9 and 10).

We will start this chapter with a review of related multi-wieacquisition sys-
tems. Thereafter, we will describe the recording studial @iscuss our camera
and lighting system that is installed in the studio. Finallye will present the
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acquisition process, which is comprised of camera, coldrligihting calibration,
background subtraction and nally the actual recordinghaf human actor.

3.1 Related Multi-view Acquisition Facilities

Multi-view data is used in variety of research areas. Vaisetups for their ac-

quisition exist, based on the speci ¢ needs of the researbk.project presented
in this thesis are versatile in the sense that they encompasyg research areas
that require these data. Therefore, our multi-view videdistis designed in such

a way that the speci c requirements for data are not compsethi

Image based re ectance estimation requires very high tyuatiage data. For
estimating the surface re ectance models of real-worldeobja series of im-
ages obtained from different viewing directions and takadau different inci-

dent illumination conditions are required. For static &nacquisition setup
using high quality photo cameras and a set of light sources lhe@en pro-
posed [Ward92, Goesele00]. [Debevec00] presented a liggedo capture the
re ectance eld of animatable face model. [EinarssonO6fjesxied it further by
using a large light stage, a tread-mill where the person syadk that they can
acquire simple motion and re ectance eld of humans. Undoitely, their setup
can only process simple periodic motions, such as walkimgohtrast our multi-
view video studio allows the extension of the photo camesebtae ectance es-
timation method into video based dynamic re ectometryhwiit any restriction
on the type of motion.

Multi-view video streams are readily used in the area of @idased motion cap-
ture. In our work we focus on marker-less motion capture absee it allows

recording of the human actor without any optical markeracied on the body.
Video acquisition in a 3D room that allows recording with wp48 cameras is
presented by [Kanade98]. Systems for motion acquisitionguseconstructed
volumes are presented in [Cheung00, Borovikov00, Luck02,Bvw#4]. Com-

mercial solutions for marker-less motion capture are n@w alailable [Motion].

For an extensive review of video-based motion acquisitystesns, we would like
to refer the interested reader to [Poppe07].

Another research area that makes use of multi-view videasts is 3D video. In
addition to capturing the motion, multi-view video streacas be used to recon-
struct the dynamic shape and appearance models of the huoanTehis enables
the user to change the viewpoint of the scene during the remgde[Narayanan98]
made use of 50 cameras and reconstructed 3D models of dysaemes using
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(@) (b)

Figure 3.1: Our recording studio includes (a) the recordingarea and (b) the
control room.

dense stereo. [WWmlin03] presented a method to record and edit 3D videas, an
further extended it in [Waschilsch05]. [Matusik04] presented a complete sys-
tem for real-time acquisition, transmission and rendedh8D Video. Recently
[StarckO7b] presented a 3D video system that captures egppEsa shape and mo-
tion from multi-view video data.

3.2 Recording Studio

Our multi-view video studio is designed to be exible and satile such that it
ful Is the requirements of all the research projects. It islbfrom off-the-shelf

hardware. It is designed to acquire high quality video fgetaf humans that
can be used in surface re ectance measurement, dynamacguréconstruction,
motion capture, dynamic shape deformation, and appeamadeling.

The studio is located in a room of approximaték4.8 meters in size. The ceiling
has a height of approximatefim. An area of2:5x4:8 meters is separated, which
serves as a control room of the studio. The remaining arelaeo$tudio, which
can be optionally enclosed with black curtains and carpetsinimize the effects
of indirect illumination, is the recording area. The redogdarea and the control
room of the studio are shown in Fig. 3.1.



22

Chapter 3: Multi-view Video Studio

3.2.1 Camera System

The camera system in our studio is comprised of eight ImelDC1004 single
chip CCD cameras, Fig. 3.2a. The imaging sensor of the camagsaa hesolu-
tion of 1004x1004 pixels with 12 bits per pixel color depthheTsensor uses a
Bayer mosaic to record the red, green and blue color infoomafihe CCD sen-
sor is connected to two controller chips. It provides a sosthframe rate of 48
fps at full resolution when both controller chips are adth In this mode, the
photometric responses of the sensors is out of synch andrarfiame color ad-
justment step is necessary. With only one chip activatedCBD sensor provides
a sustained frame rate of 25 fps at full resolution and tren®ineed for the color
adjustment.

The cameras are linked to a control PC equipped with 8 higledframe grabber
boards. Each frame grabber is connected to a camera thraamara LinkM in-
terface. For maximal data rate, each capture card is eqiiygd an on board
SCSl interface enabling direct streaming of image data to eEDRAdstem. Eight
RAID systems are employed in parallel to enable real-timeag® of the video
streams. The cameras are synchronized via a trigger pusésthroadcasted to
each capture card.

The cameras can be installed at any location in the studiggeheral cameras
are placed in an circular arrangement around the centereoft¢bne. For the
relightable free-viewpoint video project, we placed oneneea on the top. A
typical arrangement allows us to capture a volume of apprately 3:5x3:5x3
meters with all cameras.

3.2.2 Lighting Equipment

Along with the camera system, the lighting equipment in thalie is crucial
for the image quality of multi-view video streams. In orderfal Il the need of
appropriate illumination conditions for different apgtwons, it is important to
provide a exible lighting system. For our research, it ispontant to have both
an ambient scene lighting, as well as more speci c spot lighd of set up.

For general lighting, we employ 8 NesyFlex 440 ™Icompact softlights [Nesys]
that are optimized for universal use in TV and video studtog, 3.2b. Each light
component contains 8 uorescent day light tubes that radkaen light at a wide
angle. They illuminate objects in the center of the scenenftbe top of the
recording area and spread the light homogeneously dowswaite system can
be controlled as a single unit using the DMX controls. Additionally, each light
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(b)

Figure 3.2: (a) Imperx™ MDC1004 camera, (b) NesyFlex 440 DIM softlight
and (c) K5600™ Jokerbug spotlight.

can be rotated to ful | speci c requirements. By this end, tighting system
prevents direct illumination of the camera lenses, avgdjiares, and produces a
very uniform lighting in the scene, avoiding sharp shadond anwanted high-
lights on the recorded subjects.

For our project on relightable free-viewpoint video, we doyp two
K5600™ Jokerbug 800 spot lights to illuminate our scenes, Fig..3Thwey are
placed in opposite corners of our studio, and they are aiktdwards the center
of the recording area. The spot lights emit light with a dgiylispectrum, and
different lenses can be used to modify the shape of the beaordiog to our
needs.

We have fully controllable lighting system in our studio. Mgterior light can
enter the recording area, and the in uence of indirect illn@tion from the walls
can be minimized by covering up all the walls by opaque blaoketon. Option-
ally, the indirect illumination re ected off the oor and thvisual appearance of
cast shadows can be minimized by rolling out a black carpet.

3.3 Acquisition

With our multi-view video studio, we can ef ciently acquisamera and lighting
attributes along with multi-view video data that is usedlimar research projects.
Before commencing the actual recording of the human actoaageire all the

necessary information that is needed for camera, color ightirig calibration.

We also record the information required for the backgrourairaction. Finally,

the actual recording of the human actor takes place.



24

Chapter 3: Multi-view Video Studio

(b)

Figure 3.3: (a) smaller checkerboard pattern used for detemining intrinsic
camera parameters, (b) large checkerboard pattern used foextrinsic camera
parameters estimation and (c) color calibration pattern.

3.3.1 Camera Calibration

For our projects, we need to determine, both the internaleatelnal parameters
for each of the 8 cameras. For the camera calibration, werddem calibra-
tion objects of known dimension to be used by our calibratr@thods. For in-
trinsic calibration a small calibration pattern positidne front of the cameras is
recorded, Fig. 3.3a. A larger checkerboard visible frontrelcameras is recorded
to facilitate the extrinsic calibration, Fig. 3.3b.

For determining intrinsic camera parameters we employ kilak
method [Heikkila96]. The estimated parameters are usedntlistort the
calibration images and multi-view video streams. Extansamera parameters
are estimated by means of the Tsai algorithm [Tsai86]. Olibbredion software
automatically detects the corners of the checkerboardh kvibwn world space
positions. An optimization procedure estimates the esiticamera parameters
by minimizing the reprojection error between the measurebpaedicted position
of the checkerboard pattern.

3.3.2 Color Calibration

Accurate color reproduction among different cameras ig i@portant not only
for the correct renditions but also for the surface re eceameasurement. In
the rst step, to ensure the correct color reproductiontfa cameras are white
balanced before the recording session. However, due t@isangse, and slight
physical differences in built-in camera components, tloane be still discrepan-
cies in the color response of each camera. To resolve thésediscrepancies,
we record a color calibration pattern which consists of aayaof 237 uniformly
colored squares with purely lambertian re ectance, Figc3.
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Using the recorded color calibration pattern, we perforkatige photometric cal-
ibration. We de ne one camera as the reference and for eawhingng camera,
a color transformation is computed such that the color whfethe pattern in
the reference camera are reproduced. A trilinear transfoom of the RGB color
values is used for the color transformation. The determaaar transformation
for each camera is applied on each frame of the respectie®atteam to ensure
the faithful color consistency.

3.3.3 Lighting Calibration

In order to measure the re ectance properties of an objeetlight source should
be carefully calibrated, i.e. their position, luminanceeirsity and color should
be known. In order to nd the photometric properties, we use dpproach pro-
posed in [Debevec97], to generate a High Dynamic Range (HDRyénfrom a
set of images of a mirrored ball taken at different exposumed in the studio,
Fig. 3.4a. Using the camera Olympus Camedia C5%50st its response curve
is calculated and then 13 different images are taken, wipogxre times varying
from 1=100G to4s. These images and the response curve are used to generate
the HDR mirrored ball image, which is converted to a cubiciemment map
representation, Fig. 3.4b. Using the HDR cube map, the iéftgordescribed in
[Agarwal03] nds the light position in the image domain. Theninance inten-
sity and color of all light sources is found by integrating tlespective values of
all the pixels belonging to the light source. Both spot liglts approximated as
point light sources.

In order to nd the 3D position of the light sources, the follmg method is used:
In addition to capturing HDR mirrored ball images, imagethefmirrored ball are
obtained from two calibrated cameras in the studio, Figc.3d both images the
center of the mirrored ball in the image pla@g is identi ed. Using extrinsic and
intrinsic parameters of the cameras, the 3D position of #reer of the mirrored
ball C,, is found by shooting the rays from both cameras towards thspective
Ci, and calculating their intersection.

In order to nd the correct orientation of the cube map witbBpect to the camera
system in the studio, two calibrated cameras are markeddistinct colors. An
image of the cube map is generated from the HDR cube map, batthe re ec-
tions of both marked cameras are visible, and it is projeotdd a sphere. Four
vectors are constructeds and v from the marked studio cameras@,,, and
m, and m, from the corresponding marked cameras in the cube m@pjoThe
correct orientation is found by rotating the sphere such thgand m, overlap
w andw respectively. Two rotations are enough to assure the dasrentation.
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Figure 3.4: (a) captured light probe, (b) transformed cube nap and (c) light
probe captured from one of the multi-view video camera.

This correct orientation is used to nd the accurate di@tf the light sources
using the cube map.

We apply the above calibration procedure for two mirroretlsbalaced in dif-

ferent positions in the room. This was done to nd the acaugatsition of the
light sources. For the luminance and intensity, the infdromefrom only one light

probe is suf cient. From each mirrored ball we get a diresti@ctor for each of
the spot light. Therefore, for each spot light we have twedion vectors from
the center of spheres towards each spot lights. The positieach light source is
then computed trivially by intersecting the rays along ¢éhésection vectors.

3.3.4 Background Subtraction

All the projects in this thesis require the data in which tbenlan actor is separated
from the background. The lighting in our studio is complgtntrolled, and the
effects of external light on the scene and cast shadows aienmed. This simpli-
es the process of background subtraction. For backgroubttraction we simply
record the studio without the human actor from all camerass bhackground im-
age is used by the background subtraction algorithm to agpé&reground from
the background. This algorithm computes mean color andlatdrdeviation for
each background pixel. Foreground pixels are identi ed Wgrge deviation of
their color from the background statistics. For detailshid procedure, we would
like to refer the reader to [TheobaltO5a].
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3.3.5 Recording

After all the necessary data required for camera calibmatemlor calibration,
lighting calibration and background subtraction are rdedy the actual record-
ing session commences. The human actor can perform any mwitthin the
recording area. The performance is recorded by our eighthsgnized video
cameras. Every research project has a different set ofreagants for the input
data. The acquisition setup and the speci c recording mequents are also brie y
discussed in each of the projects separately later in tlsgsthe
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Chapter 4

Automatic Generation of
Personalized Human Avatars

This part presents a method for generating personalizedamum
avatars from multi-view video data. First, the related workthis
area is reviewed, then a spatio-temporal method to adapt hiapes
and skeletal dimensions of the human model is presentedllyia
method for reconstructing a consistent surface texturelHermodel
using multi-view video frames from different camera viewd differ-
ent body poses is described.

In recent years, virtual environments in which real-workbple can interact
through controllable digital characters, so-called agataave become accessible
even to the user at home. In order to make their appearandeeorirtual stage
convincing, many users want to give their digital equivakepersonal touch. Un-
fortunately, in most online games or 3D chat rooms, the degyavhich a user
can personalize his avatar is very limited. At best, he canually modify a body
shape taken from a database of template geometries, anleteixe face of the
virtual puppet with a digital photograph. It is obvious thatorder to make the
personal touch fully convincing, the animatable human rheHleuld re ect the
complete shape and textural appearance of the real-waméhthat it represents.

In order to serve this purpose, we have developed a novgtdwitomatic method
to build a customized digital human from easy-to-captupaiirdata [Ahmed05].
The inputs to our method are multiple synchronized videgestrs that show only
a handful of frames of a human performing arbitrary body ortiOur approach
is based on a template human body model consisting of a teiangsh surface
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representation and an underlying kinematic skeleton. bbdy representation is
automatically deformed until it matches both the shape hadkeletal structure
of its real-world counterpart captured in the video footage

The main contribution of this work is the reconstruction aansistent surface
texture from multi-view video streams. This consistentface texture is em-
ployed for the realistic rendition of the digital human. Bynsiltaneously em-
ploying images from multiple camera views and multiple tisbeps of video, it is

made sure that even temporarily invisible parts of the bagfase are faithfully

captured in the texture. With our novel method we quicklyayaie photo-realistic
digital actors from real-world people using acquisitiooiteology that may, in the
near future, be available even to the user at home.

4.1 Related Work

Acquisition of visually realistic models of humans from iges has been a long
standing problem in computer graphics and virtual realityorder to generate a
realistic human avatar, the kinematics, shape and app=abave to be captured
simultaneously.

Full-body range scanning systems exist that can quicklyiaedhe full surface
geometry of a human body. However, they are highly experssigdedon't straight
forwardly enable to estimate a skeleton of the human [Pée@}t Alternatively,

image- or video-based methods can be used to reconstrugtrhodels. In one
line of research, it is the primary goal to derive the kindmatructure and a
simple surface geometry from image data [Kakadiaris959Bude Aguiar04]. A
surface texture, however, is not reconstructed.

In 3D video, novel views of a real person are rendered frontiplelinput video
streams [Moezzi97, Kanade97, Matusik00]. Unfortunatilgse approaches do
not reconstruct models that could be animated with arlyitnavel motion data.

We propose a novel model-based approach that creates afuityatable avatar
comprising a customized geometry, a realistic surfacautextand an appropri-
ately rescaled skeleton. Our work is similar to the methadp@sed by Hilton et

al. [Hilton99] and Lee et al. [Lee00], where a human temptatelel is deformed

until it aligns with multiple silhouette images. Surfacattees are created by
mapping photographs back onto the body representation.

In contrast, we present a novel approach that employs reutiipe steps of multi-
view video footage to capture shape and texture at higheracg. To achieve this
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Figure 4.1: (a) Adaptable generic human body model; (b) iniial model after
skeleton rescaling and pose estimation; (c) model after spa-temporal free-
form deformation scheme.

goal, we build upon and extend the silhouette-based mamermotion capture

method detailed in [Carranza03]. As opposed to many pre\appsoaches, our
method is fully-automatic and even enables the extractiomutiple face textures

depicting different facial expressions. This way, the @vpace of the avatar can
be changed on-the- y such that it re ects its current mood.

4.2 QOverview

Multi-view video (MVV) sequences used as input to our systmrecorded in
our multi-view studio (Chapter 3). In each MVV sequence tlavass as input
to our avatar creation algorithm, the person rst strikesi@aitialization pose

(Fig. 4.1b) for a short moment, and thereafter is free to mematrarily. In a

post-processing step, the silhouette of the person in gaahefis extracted via
color-based background subtraction (Sect. 3.3.4). TYlgiceven short motion
sequences of only 3-7 seconds are suf cient for our method.

We employ a template human body model whose shape and pmodan be

customized in order to optimally reproduce the appearahaeperson in the real
world, Fig. 4.1a. The kinematics of the model are represebie means of a

skeleton comprising 16 segments and 17 joints that provddeo3e parameters in
total. The surface geometry of each segment is represergealclosed triangle
mesh.

We employ the method presented in [Carranza03] to captuigitted shape of the
model and derive the correct body pose at each time step @idke, Fig. 4.1b.
Additionally, we use the approach by de Aguiar et. al. [de iaglb] for spatio-
temporal free-form deformation, in order to increase thaliguof the captured
shape of the model, Fig. 4.1c.
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4.3 Reconstructing a Personalized Surface
Texture

Once we have a shape adapted 3D model in the correct posenaheompo-
nent contributing to a realistic look of our avatar is a phaalistic surface tex-
ture. Previous approaches to avatar creation reconstiracséatic surface texture
from multiple photographs showing the person in a singlepédthough the so-
created virtual actors look authentic if they strike the egase as the person in
the images, very disturbing appearance artifacts may ottheir bodies are an-
imated. One reason for such artifacts is texture undersag@ue to insuf cient
visibility of certain body areas in a single pose. Also pesbétic are those parts
of the body geometry that are temporally occluded by otheytsegments (e.g.
in the shoulder or leg area) but which become suddenly @siblsoon as the pose
of the skeleton changes (Fig. 4.8c).

A third problem is that photographic textures “freeze” thedl appearance of dy-
namic surface details as well as local illumination effeéie address all theses
issues in conjunction by means of a spatio-temporal texag@nstruction scheme
that samples from multiple time steps of the MVV sequencestimates color in-
formation also for temporally invisible areas of the bodytHe following, we rst
describe our texture parameterization. Thereafter, waildbée spatio-temporal
texture reconstruction algorithm.

Figure 4.2: Input video frame and corresponding MVV texture for a male
actor.

4.3.1 Texture Parameterization

Each body segment is parameterized separately over a pestangular domain
using patches of minimal distortion [Ziegler]. The sixtgdanar patch layouts
are nally assembled into one texture atlas for the compietalel. This way,
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we obtain a pose-independent bijective 3D-to-2D mappingéen a surface el-
ement and a texel in the texture domain. Throughout our @xeets, we use
1024x1024-texel texture maps. The graphics hardware @ tesgansform each
video camera image into the texture domain. All data reltdesirface elements
(view vectors, visibility etc.) can now be convenientlyrett as textures. For each
video time step, eight so-called multi-view video textufld/V textures) are cre-
ated (Fig. 4.2) by transforming the individual video franm@s texture space.

4.3.2 Spatio-temporal Texture Reconstruction

Since we know the exact body pose of the model in each timeo$teulti-view
video we can incorporate image data of multiple body posesane consistent
surface texture. This, in turn, enables us to ll-in colofdmation for surface
areas that are invisible in one body pose from images of théeima another
body pose. There are two main reasons for why a surface paynnt be visible
from any input camera view.

Mutual occlusion of directly adjacent body segments: Soreasof a seg-
ment can be occluded by the directly adjacent segment, eds pf the
upper arm segment that are inside the torso.

Camera placement: For any possible arrangement of imagimsgpsesome
parts of the model may be invisible, even though they are oduded by
any neighboring body segment.

In order to differentiate which of the two cases applies tpecsc invisible sur-
face point, we have developed the following two-step speioporal texture re-
construction procedure which implicitly handles both case

Before texture reconstruction commencestime steps of the input MVV se-
guence from which the color information for the nal textueassembled are
automatically selected. In step 1, thiagle-time-step texture assembhe create

is only reconstructed from multi-view video images of tintepsi. The color
of a texel is computed by weightedly blending the colors sipitojected loca-
tions in each of the camera views. The blending weights amgpated in such a
way that a camera which sees a surface point more head-osigned a higher
blending weight. To this end, we employ the view-indepemeaexighting scheme
described in [Carranza03].

In order to compute the visibility of each surface point ihcdithe camera views,
we have developed a scheme which looks at each of the 16 bgdyesés sep-
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Figure 4.3: Trimming procedure for the pelvis segment: Verices in the torso
and the upper legs that lie inside the pelvis' bounding box ae discarded. The
white parts of the torso are also visible for camera 2 in the utrimmed model.
All other colors indicate the adjacent body segments that, por to trimming,
occlude these vertices.

Figure 4.4: Texture information for surface segments that a occluded by
adjacent triangle meshes is only taken from those parts of th occluding ge-
ometry that are close to the occlusion boundaries.

arately. Using the pelvis as an example, the scheme worksllas/é: First, a
slightly enlarged bounding box of the pelvis is generatelitriangle vertices on
directly adjacent segments (i.e. torso and upper legs)afeainside that bound-
ing box are trimmed. For each input camera view, the visibif each vertex
in the pelvis is determined from the trimmed version of thedelo In Fig. 4.3
the trimming procedure for the pelvis segment is visualiz€de white regions
on the pelvis illustrate those parts of the geometry thaehmen visible in input
camera 2 even in the untrimmed model. All pelvis areas withttzar color were
occluded by one of the directly adjacent segments. By thisnsjeae implicitly
create texture information for parts of the surface geoyrtbtt are invisible due
to mutual occlusion between neighboring triangle meshes.v3ibility compu-
tation scheme makes sure that occluded texture parts ackifi from those parts
of the occluding geometry that are spatially close to thdusten boundary on
the 3D surface (Fig. 4.4). Texture parts of the occluder d@natfar from from the
occlusion boundary do not contribute to the occluded textwea.
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Figure 4.5: (a) Color-coded rendition showing from what time steps of multi-
view video each texel in the nal texture of the left upper legwas recon-
structed. Consistent segment texture with (b) and without¢) mean lItering
of areas that do not stem from the reference texture. Smootlteareas are
encircled in red.

In step 2, thetexture combinatiorstep, we merge all single-time-step textures,

stex;, into one nal texture (Fig. 4.6a). The texture generatemrfrthe model

in the initialization posestex;, is considered as the reference texture. For every
texel instex; whose color is not known we make a look-up, in ascending order

texel is copied from the rst texture in which itis visibleid= 4.5a illustrates from
what time steps of the multi-view video sequence the colothé nal texture of
the left upper leg were taken. Color discontinuities in thal texture that may
arise in those areas that have not been reconstructed feoneférence time step
are smoothed by locally applying a mean lter (Fig. 4.5b,c).

(@) (b)

Figure 4.6: An example of a complete body texture (a) and a p&ed face
texture (b) for a male avatar.

In many virtual environments it is a nice feature to be ablexoress the mood of
the avatar with a texture that shows a particular facial egon. One can store
a complete body texture for each facial expression. Makisg af our texture
parameterization which maps each body segment to a 2d pathk texture do-
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main, we can optimize this storage. As an optional step, ppraach thus allows
the user to manually select a set of time steps from the irgmuence that show
interesting facial expressions. For each of these timesstgp create a separate
texture of the face segment only. All face textures are ehtly stored in a packed
format (Fig. 4.6b). The packed face texture can be loadeetheg with the full
body texture and, depending on the actor's mood, the fagjatession can be
changed on-the-y (Fig. 4.7).

4.4 Results

We have several multi-view video test sequences of a maleadedthale actor
wearing different types of apparel at our disposition. Eafctine input sequences
is between 3 and 7 seconds long. We employed different nuofdeames for
texture reconstruction. A comparison revealed that 5 feaane suf cient to create
a complete texture without artifacts. On a PC featuring aiten™ 4 CPU and
an Nvidia GeForce 6800 GPU one iteration of the skeletorategr method on
average takes around 1 minute. We employ 5 times steps féiogpenporal
free-form deformation, which takes around 15 minutes to opmtimal scaling
parameters. The spatio-temporal texture reconstructethod takes, on average,
around 40 seconds if 5 time steps of the MVV sequence aredenmesl. On the
whole our method requires 17 minutes for processing a seguen

Figs. 4.8a,b show a comparison between the actor as he appeamne of the
video frames, and the rendered avatar in a novel body poseajipuoach faith-
fully captures the shape and the textural appearance ottbeia different types
of apparel. Even in body poses that are signi cantly diffefeom any of the cap-
tured ones, appearance artifacts due to texture undersanapé hardly visible.

Fig. 4.8c demonstrates that, if the surface texture is oatpmstructed from a
single time step, severe rendering artifacts may appeaggahent boundaries.
In contrast, our spatio-temporal texture reconstructicimeme generates a very
consistent surface texture (Fig. 4.8d).

In addition, our approach enables to capture various fadares and store them
in a compact format. Two renditions of the avatar with digietrfacial expressions
are illustrated in Fig. 4.7. The reconstructed realistitial humans can be used
to realistically populate arti cial virtual environmen(gig. 4.8e).

Our results show that the employment of image data of melbpldy poses during
texture reconstruction enables us to reconstruct humaaravhat exhibit a very
high visual quality. Although we employ specialized muwiigw video hardware
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Figure 4.7: Different moods of the avatar can be expressed ¥ different
facial expressions.

for acquisition, images of a human in different body posaswere captured with
several digital photo cameras could also be employed.

Despite the high achievable visual quality our approachuigext to a few lim-
itations. If a surface point is never seen by any of the camenad if this non-
visibility is not due to self-occlusion of adjacent body{sano texture information
can be reconstructed for that area. However, in practiseatimost never happens.
It is also not a principal limitation of our method but a preil that can not sat-
isfactorily be solved by any image-based approach. Furtber, the segmented
geometry of our model may lead to discontinuities in the azefappearance if
the model's stance is greatly different from the referermsep This is a limitation
of the segmented body model, and in the next chapters, we rid#rate that a
single-skin model results in much higher quality of rerahs.

Despite these limitations, we have demonstrated that weatarstly reconstruct
highly realistic virtual humans based on simple-to-par@mee model from only
a handful of images.

4.5 Conclusion

In this chapter we presented a fully-automatic approaclet@tate a personalized
avatar from multi-view video data of a moving person. Ourmoetis based on
a generic human body model whose pose and geometry can besthbgiopti-
mizing only a handful of parameters. By employing dynamictintiew image
data for shape customization and texture reconstructionbign convincing vir-
tual humans that exhibit a visual quality that would not hbeen achievable by
reconstructing from single-pose photographs.

Some of the limitations in our approach arise from the usehefgegmented
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model. In our work on relightable free-viewpoint video (B#), we show that the
use of single skin human body model can greatly enhance toas&uction qual-
ity and results in even more realistic renditions. Simylauhlike the static texture
used to capture the appearance of the avatar, the laterepmsbh this thesis fo-
cus on capturing dynamic surface details both in the gegnaatl surface texture.
The work on relightable free-viewpoint video demonstraies high quality time-
varying details can not only be authentically reconstrdictet can also be stored
in a very compact manner in the form of time-varying surfaoetures. In Part IV
of this thesis, we demonstrate that time-varying detaifslmadirectly captured in
the geometry which results in a very high quality of recanstied animations.
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Figure 4.8: (a),(b) Comparisons between real and the virtuahumans: In
each triplet, the image on the left shows one of the multi-vi& video frames
used to reconstruct an avatar. The two images to the right showenditions of
the virtual human in novel body poses that have not been seerytany cam-
era. (c) If the texture is only reconstructed from one time sép of video black
seams may appear at segment boundaries on the rendered modd€t) Our
spatio-temporal texture reconstruction method eliminates these artifacts. (e)
An avatar can be used to insert a real-world person into arbitary virtual
environments.
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High Quality Relightable
Free-Viewpoint Video






Chapter 5

Problem Statement

This part reviews two methods that enhance the reconstruction
relightable free-viewpoint videos from multi-view videdadaFirst,
the related work in this area is reviewed, then a method for awvioig
spatio-temporal texture registration is presented. Hyah method
for reducing bias in the re ectance estimation approachéscribed.

In the previous chapter we presented a method for autonemtimstruction of per-
sonalized human avatars. The method captured the true shépehuman actor
and reconstructed a static surface texture for the reatistiditions of the avatar.
This technology is suitable for a wider audience as a partgdreeral setup but
not very suitable for a speci ¢ application that requiregtrer quality renditions.
A static surface texture for rendering 3D videos would resulery unlifelike
animations. Additionally, recent advances in graphicsdare and rendering
algorithms enable the creation of images of unprecedemt@dm in real-time.
In order to capitalize on these novel rendering possiesdithowever, ever more
detailed and accurate scene descriptions must be createtprice to pay can
be measured in working hours spent to create detailed gepmetshes, com-
plex textures, convincing shaders, and authentic animsitid\pparently, scene
modeling is becoming a limiting factor in realistic renaheyi

In order to avoid excessive modeling times, we can again &alapturing suit-
able models directly from the real world objects. Image- aittto-based ren-
dering (IBR/VBR) approaches pursue this notion, aiming at aatmally gener-
ating visually authentic computer models from real woedearded objects and
events [Kanade97]. Many of these techniques show how taictigely ren-
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der photo-realistic views from real world-captured, dymamscenes (see also
Sect. 5.1). While the ability to realistically display dynianevents from novel
viewpoints has by itself already a number of intriguing agadions, the next step
is to use objects that have been captured in the real worldugmenting virtual
scenes. To import a real-world object into surroundingie kit from the record-
ing environment, however, its appearance must be adaptlkd tew illumination
situation. To do so, the bi-directional re ectance digtitibn function (BRDF)
must be known for all object surface points. Data-drivenl®ec00, Matusik03]
as well as model-based [Marschner98, Lensch03] methods leen proposed
to recover and represent the BRDF of real-world materials.otiuhately, these
methods cannot be directly applied to dynamic objects éhgotime-varying
surface geometry and constantly changing local illumaorati

Theobalt et al. [TheobaltO5b] [TheobaltO5a] presented @praach that jointly
captures shape, motion and time-varying surface re eeafqeople. In their
work, they used a silhouette based analysis through syiathexthod to capture
the shape and motion of the human actor [Carranza03]. Theypa¢sented an
image-based warping method to enhance the multi-view ptantsistency in the
presence of inexact body geometry. Finally, they also prtesemethods to esti-
mate surface re ectance properties and time-varying nbretd of the moving
actor.

In this part of the thesis, we present some methodical ingrants to their orig-
inal pipeline. We slightly modi ed acquisition setup, andw only employ a
single lighting con guration using two spot lights (Chapt&. Moreover, we
discard the segmented human body model and employ a singieeskplate
model [Theobalt07]. Extending their work on enhancing phoansistency, us-
ing the same framework, we introduce a spatio-temporastegion method that
compensates shifting of the apparel over the body [Ahmedpiteeobalt07].
Their original re ectance estimation considered each peunface individually.
Without modifying individual component of their work ow peline, we intro-
duce a new sampling method for the surface re ectance egstmtnat only mod-
i es the re ectance samples for each surface point. Our hepatio-temporal
re ectance sharing method ensures that the surface reneetaroperties are not
biased towards the recording environment [Ahmed07b].

Contributions of this part are:
An algorithm to detect and compensate lateral shifting xtiltss,

a spatio-temporal re ectance sharing method that redusib the esti-
mated BRDF parameters.
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5.1 Related Work

We capitalize on previous research in many areas, but pitjnpéck up ideas from
the elds of free-viewpoint video and image-based re ectarstimation.

Research in free-viewpoint video aims at developing mettmdghoto-realistic,
real-time rendering of previously captured real-worldree The goal is to give
the user the freedom to interactively navigate his or hevp@nt freely through
the rendered scene. Early research that paved the way ®wige/point video
was presented in the eld of image-based rendering (IBR). 8Hegm-silhouette
methods reconstruct geometry models of a scene from meltr-gilhouette im-
ages or video streams. Examples are image-based [MatysMdfnlin02] or
polyhedral visual hull methods [Matsuyama02], as well gsrapches perform-
ing point-based reconstruction [Gross03]. The combimatibstereo reconstruc-
tion with visual hull rendering leads to a more faithful restruction of surface
concavities [LiI02]. Stereo methods have also been appbeddonstruct and
render dynamic scenes [Zitnick04, Kanade97], some of thexplaying active
illumination [WaschlischO5]. Alternatively, a complete parameterized geome-
try model can be used to pursue a model-based approach wireedviewpoint
video [Carranza03]. On the other hand, light eld renderihg\joy96] is em-
ployed in the 3D TV system [Matusik04] to enable simultarescene acquisition
and rendering in real-time.

IBR methods can visualize a recorded scene only for the sdnmeimation con-
ditions that it was captured in. For correct relighting,sitnecessary to recover
complete surface re ectance characteristics.

The estimation of re ection properties from still imagesshaeen addressed in
many different ways. Typically, a single point light sourseused to illumi-
nate an object of known 3D geometry consisting of only oneemt One
common approach is to take HDR images of a curved objectliyigla differ-
ent incident and outgoing directions per pixel and thuswapg a vast number
of re ectance samples in parallel. Often, the parameterarofnalytic BRDF
model are t to the measured data [Sato97, Lensch03] or a-diatan model
is used [Matusik03]. Re ectance measurements of scenes mwiie complex
incident illumination can be derived by either a full-blovimverse global il-
lumination approach [Yu99, Gibson01, Boivin01] or by regmting the inci-
dent light eld as an environment map and solving for the dirdlumination
component only [Yu98, RamamoorthiO1, NishinoO1]. Re ectjmoperties to-
gether with measured photometric data can also be used iee dprometric
information of the original object [Zhang99]. Rushmeier étestimate dif-
fuse albedo and normal map from photographs with varieddérdi light di-
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rections [Rushmeier97, BernardiniOl]. A linear light sourseemployed by
Gardner et al. [Gardner03] to estimate BRDF properties anthemormal.
In [Georghiades03, Goldman04], re ectance and shape dicstaenes are si-
multaneously re ned using a single light source in each ppaph.

Instead of explicitly reconstructing a mathematical reawe model, it has also
been tried to take an image-based approach to relighting[H&wkins04] a
method to generate animatable and relightable face mod®@is images taken
with a special light stage is described. Wenger et al. [Wedigjeextend the light
stage device such that it enables capturing of dynamic tare® elds. Their
results are impressive, however it is not possible to chaingeiewpoint in the
scene. Einarsson et al. [Einarsson06] extend it furthersioyga large light stage,
a treadmill where the person walks on, and light eld rendgrior display. Hu-
man performances can be rendered from novel perspectida®bin

Our work on spatio-temporal re ectance sharing has beepired by the re-
ectance sharing method of Zickler et al. to reconstruct egrance of static
scenes [Zickler05]. By regarding re ectance estimation asatered interpo-
lation problem, they can exploit spatial coherence to olntaore reliable surface
estimate. Our algorithm exploits both spatial and tempooalkerence to reliably
estimate dynamic re ectance. However, since a full-blowattered data inter-
polation would be illusive with our huge sets of samples, weppse a faster
heuristic approach to re ectance sharing.



Chapter 6

Re ectance Sharing and
Spatio-Temporal Registration for
Improved 3D Video Relighting

This chapter describes two extensions to the earlier work on
reconstructing relightable 3D videos. First a method forpnov-
ing spatio-temporal registration of the dynamic texturelescribed,
which detects and compensates shifting of cloth over the fuadigce.
Finally, a re ectance sharing approach for reducing spatemporal
bias in the estimated surface re ectance properties is @nésd.

6.1 Overview

Fig. 6.1 illustrates the work ow between the componentsh&f joint shape, mo-
tion and re ectance capture approach presented by Theebalt [Theobalt05a]
after our two enhancements. Our proposed methods (Fig.h@hlighted by

magenta rectangles), sit in between the pipeline and do odifynthe original

surface re ectance and normal eld estimation procedures.

Although the details of Theobalt et al. [TheobaltO5a] araiframework, as a
whole, are not the subject of this thesis, for better undedihg we brie y elab-
orate on the acquisition setup in Sect. 6.2 and employed hiteded marker-less
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Figure 6.1: Algorithmic work ow of the original pipeline wi th our two en-
hancements (highlighted by magenta rectangles).

motion capture algorithm in Sect. 6.3. Their image-basegbing method for the
texture registration will be discussed in Sect. 6.4.

Our enhancement to the texture registration method, whddnesses the issue of
detecting and compensating the shifting of the apparel theebody surface by
means of an automatic cloth shift detection procedure isgmted in Sect. 6.5.

In order to motivate for our spatio-temporal re ectancergigamethod we will
describe the basic principals of dynamic re ectometry isatsed in the original
pipeline in Sect. 6.6.

The xed arrangement of the camera and light sources in theiaition system
can lead to biased sampling of the re ectance space. To eethis bias a novel
spatio-temporal re ectance sharing method that combinggahic re ectance
samples from different surface points of similar materiatidg BRDF estima-
tion of each surface element in texture space (texel) issptesd in Sect. 6.7.

6.2 Acquisition

Inputs to Theobalt et al. [Theobalt0O5a] method are syndheshmulti-view video
sequences captured with eight calibrated cameras thatrée2004x1004 pixel
image sensors and record at 25 fps. The cameras are place@ppeoximately
circular arrangement around the center of the scene whitlansinated by two
calibrated spot lights. Since the BRDF estimation from theregton of the dy-
namic normal maps is conceptually separated, two types tf-mew video se-
guence for each person and each type of apparel are recoiméte rst type
of sequence, the so-called re ectance estimation seqU&IES), the person per-
forms a simple rotation if front of the acquisition setup. €ORES is recorded
for each actor and each type of apparel, and it is later usedcaonstruct the
per-texel BRDF models. In the second type of sequence, thalkmadynamic
scene sequence (DSS), the actor performs arbitrary mowsneeveral DSS are
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Figure 6.2: (a) Input frame, (b) body model in same pose, andc] silhouette
matching.

recorded, and from each of them, one relightable free-vogmpyvideo clip is re-
constructed. Also the second component of their dynamiea&nce model, the
dynamic normal maps, are reconstructed from each DSS.

6.3 Reconstructing Dynamic Human Shape
and Motion

An analysis-through-synthesis approach is employed ttucagoth shape and
motion of the actor from multi-view video footage withoutvitag to resort to
optical markers in the scene. It employs a template humary boadel con-
sisting of a kinematic skeleton and a single-skin triangkesimsurface geome-
try [Carranza03, Theobalt04]. In an initialization stepe #hape and proportions
of the template are matched to the recorded silhouetteseddtor. After shape
initialization, the model is made to follow the motion of thetor over time by in-
ferring optimal pose parameters at each time step of videw tise same silhou-
ette matching principle, Fig. 6.2. This dynamic shape retroction framework
is applied to every time step of each captured sequenceyatb. RES and DSS.
This way for each time step of video the orientation of eacfase point with re-
spect to the acquisition setup is known, which is a precardfor the subsequent
dynamic re ectometry procedure.

Given the moving geometry, all input video frames and alresponding data
required for re ectance estimation (e.g. image samplesnads, visibility infor-
mation, light vectors) are transformed into sequencesxtidites. Throughout the
work, 1024x1024-texel texture maps are used, where théisexsurface element
in the texture space. The model's surface is parameterizeda02D square. For
the BRDF and time-varying normal estimation a parametednatiith minimal
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Figure 6.3: Human body model and the corresponding texture prameteri-
zations (colors=normals encoded in RGB).

surface distortion is required. To achieve this, a paranzettion (Parameteriza-
tion A) that leaves the mesh boundary free and results ity faiiform distribu-
tion of samples [Zayer05b] is employed, Fig. 6.3. For theppae of cloth shift
detection, on the other hand, a parameterization (Parazegten B) with a xed
square boundary is preferred, Fig. 6.3.

6.4 Warp Correction

Although the body model initialization procedure yieldsaéltiful representation
of the person's true geometry, small inaccuracies betwieemdal human and its
digital counterpart are inevitable. Due to these geometgguracies, pixels from
different input views may get mapped to the same texel ositi different MVV
textures, even though they do not correspond to the samacsuefement of the
true body geometry.

One common strategy to enhance model-to-texture consisisrto deform the
geometry until an overall photo-consistency measure igmmagd. For instance,
[de Aguiar05, Kick04] deform model geometry from input images by jointly op
timizing multi-view silhouette- and photo-consistency.d similar line of think-
ing, [Herrandez04] jointly employs silhouette and stereo conssaimtdeform
scene geometry from images. Geometry deformation-bastmhiaation, how-
ever, tends to give unstable results, in particular due tdimear optimizations
that are normally required.
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Figure 6.4: Cloth shift between two subsequent combined téxrest andt +1

(in parameterization B) is found via optical ow. In the middl e, detected
shifted areas are shown in red. Finally, the shift is encodeth the warped

texture-coordinates.

Theobalt et al. [Theobalt05a] presented an optical ow ldasgage-warping ap-
proach that instead of moving surface elements to theirecbtocations in 3D,
move the image pixels within the 2D input image planes uhglytall become
photo-consistent given the available geometry. To esllger-pixel correspon-
dences, the warping operation itself is based on the optigalLucas81] be-
tween the reference image and the target image. A regulan2iyte mesh is su-
perimposed on the reprojected model image, per-vertexagisments are derived
from the optical ow values, and the mesh is deformed acewlyi via thin-plate
spline interpolation [Farin99]. Finally, the warped rejeided image is created on
the GPU.

In the next section we will present our cloth shift detecteoxd compensation
approach making use of this image warping technique.

6.5 Cloth Shift Detection and Compensation

BRDF estimation procedure presented in [TheobaltO5a] asstima¢ a static set
of material parameters can be assigned to each point on ttiel'ssurface. In re-
ality, however, this assumption does not hold since thergbpéathe person shifts
across the body while she is moving. Prior to surface re eotg we thus esti-
mate the motion of the apparel over time and register albsertextures against
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a reference texture. Please note that we can still repradtieceue shifting of the
apparel during rendering by making the cloth motion infotioraaccessible to
the renderer. During display, the renderer warps the estninstatic BRDF tex-
tures back into their true position. We employ the followmgthod to detect the
shifting of cloth in the texture domain, Fig. 6.4:

Our reference time step is the last frame of the RES becausethit frame
the actor goes on performing for the DSS. MVV textures fos tiname and all
the frames of the DSS are resampled into a weightedly blesdegle texture
in parameterization B. Cloth shift is detected by computinggtical ow eld
between subsequent blended textures. This ow eld deswiior each texel how
it shifts across the body surface. This texel motion infarorais made accessible
to the re ectance estimation process as well as the rendetiee form of warped
texture coordinates.

Please remember that we use texture parameterization Aafoplég, but tex-
ture parameterization B for cloth shift computation. We maise of this pa-
rameterization because it has well de ned boundaries intélture space, un-
like the free boundary representation in parameterizagiovhere the there is no
well de ned correspondence between the boundary pixeladhside of the cut.
Therefore, we project the parameterization A texture coatds of the reference
frame into parameterization B to obtain the texture coatlinmagé coorgas (0).
Given the accumulated displacements from the pairwise elds we can deform
| coorga (0) such that it matches the texture at each time of input videmube
method from Sect. 6.4. Note that it is essential to compugeckbth motion rela-
tive to the previous frame and accumulate the displacemattone. Only this
way, appearance differences due to lighting changes capbostty handled.

The sequence of deformed texture coordinates enables uscoara for cloth
shifting during estimation and rendering, although onlyais set of BRDF pa-
rameters are estimated.

6.6 Dynamic Re ectometry

Dynamic re ectance model presented in presented in [Thik@ba consists
of two components, a static parametric isotropic BRDF for eaahface
point [Phong75, Lafortune97a], as well as a descriptiorheftime-varying di-
rection of the normal at each surface location. The rst comgnt of the re-
ectance model is reconstructed from the video frames ofréhectance estima-
tion sequence, the second component is reconstructed fomdynamic scene
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Figure 6.5: Steps to estimate per-texel BRDFs.

sequence. BRDF reconstruction is formulated as an energymiagiion prob-
lem in the BRDF parameters [TheobaltO5a]. This minimizatioybfem has to be
solved for each surface point separately.

In the rst step the re ectance samples are clustered tordetee what material
a surface element, i.e., each texel in the texture mapsngeloThe number of
materials is preset a priori. A straightforward color bas@dtering approach
that considers raw color values is employed. The clustesteg is important
because unlike the diffuse BRDF which is measured for each searately,
the specular component of the BRDF is estimated for each clustee energy
functional measures the error between the recorded reneetsamples of the
point under consideration and the predicted surface appearaccording to the
current BRDF parameters. Estimates of the BRDF parameters edeaise ne
the surface geometry by keeping the re ectance paramei&d and minimizing
the same functional in the normal direction, Fig 6.5. On@BRDF parameters
have been recovered from the RES, a similar minimizationgatore is used to
reconstruct the time-varying normal eld from each DSS.

In the original pipeline, as it was summarized above, BRDFrpatars were esti-
mated for each surface point by taking only re ectance saspf this particular
point itself into account. In the following, we present a abspatio-temporal
sampling scheme that reduces the risks of a bias in the BRDiRass by also
taking into account dynamic re ectance samples from othefase points with
similar material properties.

6.7 Spatio-Temporal Re ectance Sharing

Although Theobalt et al. [Theobalt05a] showed that it issfeke to reconstruct
dynamic surface re ectance properties using only eightexas and a static set
of light sources, this type of sensor arrangement leads taseth sampling of the
re ectance space. By looking at its appearance from each i@aw@w over time,
we can generate for each surface point, or equivalentlydoh texek a set ofN
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Figure 6.6: Weighted selection of samples. Samples from tlsgmilar patches
are added to the samples from the original texel. Additionalsamples are
selected according to a weighting criteria that is based onhieir maximum

angular difference from the samples of original texel.

appearance samples
Dyx(%) = £SijS = (1;:fi;9);i2f1;:::;Ngg (6.1)

Each samplé&; stores a tuple of data comprising of the captured image sitien
Ii (from one of the cameras), the direction to the light solircand the viewing
direction¥;. Please note that only if a point has been illuminated by thxace
light source, a sample is generated. If a point is totallyhadow, illuminated
by two light sources, or not seen from the camera, no sampteeeted. Our
acquisition setup comprising of only 8 cameras and 2 lightees is comparably
simple and inexpensive. However, the xed relative arranget of cameras and
light sources may induce a bias in Oyg. There are two primary reasons for this:

Due to the xed relative arrangement of cameras and lightses) each
surface point is only seen under a xed number of half vectoealions

A=1+w.

Even if the person performs a very expressive motion in the, REB®ples
lie on “slices” of the hemispherical space of possible incaright and
outgoing viewing directions.

Both of these factors possibly lead to BRDF estimates that mageweralize
well to lighting conditions that are very different to thegacsition setup.
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Figure 6.7: Texture-space layout of surface patches. Patels of same material
are clustered according to the average normal direction. Fothis illustration,
patches of the same material are colored in the same overalbhe (e.g. blue
for the shirt) but different intensities.

By means of a novel spatio-temporal sampling strategy,dajpatio-temporal re-
ectance sharing, we can reduce the bias, Fig. 6.6. The ggittlea behind this
novel scheme is to use more than the sampleg#that have been measured for
the pointx itself while the BRDF parameters for the poinére estimated. The ad-
ditional samples, combined in a set Ryx, (%), stem from other locations on the
surface that are made of similar material. These additisaalples have poten-
tially been seen under different lighting and viewing direas than the samples
from Dyx(%) and can thus expand the sampling range. It is the main clgailen
incorporate these samples into the re ectance estimatienima way that aug-
ments the generality of the measured BRDFs but does not congedne ability
to capture spatial variation in surface appearance.

By explaining each step that is taken to draw samples for &péat surface point
%, we illustrate how we attack this challenge:

In a rst step, the surface is clustered into patches of simalverage normal di-
rections and same material, Fig. 6.7. Materials are cledtby means of a simple
k-means clustering using average diffuse colors. The niadirectionh of % de-
nes the reference normal direction, Fig. 6.6a. Now, alligif patches consisting
of the same material asis generated.L is sorted according to increasing an-
gular deviation of average patch normal direction and ezfee normal direction,
Fig. 6.6b. Nown, many patche®; :::; P, are drawn fromL by choosing every
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Ith list element. From each patch, a texel is selected at ranpdgsulting in a set of
texels,T = %p,; ::3; Xpy, - The set of texel3 has been selected in a way that max-
imizes the number of different surface orientations. Frbenre ectance samples
associated with texels ifi, we now select a subset Dyx (%) that maximizes
the coverage of the 4D hemispherical space of light and viesctions. In order

to decide which samples frofh are potential candidates for this set, we employ
the following selection mechanism.

A weighting function (S;;S;) is applied that measures the difference of two
sampless; = (f\l; %) andS; = (1\2; ¥,) in the 4D sample space as follows:

(S1;9) = ( f\1;f\2) + (M vy ) (6.2)

where denotes the angular difference between two vectors. Weamiib se-
lect for each sampl§; in T its closest sampl8jpsesidn DyX(%), i.e. the sample for
which! s, = (S;; Scioses) IS minimal, Fig. 6.6d. Each samp® is now weighted
by!s . Only thedN esamples fromT with the highest weights eventually nd
their way into Dyx,m,,(%), Fig. 6.6e. In Sect. 6.8, we show that at around 34% we
get maximum improvement from additional samples, theesfog set the value of

=0:66. Thg BRDF parameters ferare estimated by taking all of the samples
from Dyx(%)  DyXqomp(*) into account, Fig. 6.6f. For estimation, we make use
of the original dynamic re ectometry method detailed in 5&c6.

6.8 Results and Validation

In the previous sections, we presented two enhancemertis twiginal work on
joint motion and re ectance estimation scheme of Theobia#tl. g Theobalt05a].
We presented a spatio-temporal registration techniqua aodel spatio-temporal
re ectance sharing method for enhancing the quality ofeiable free-viewpoint
videos.

We have validated our approach by visual inspection and tgatve evalua-
tion. We have processed 2 different input sequences usiagdg?and Lafortune
BRDFs. They cover 2 different human subjects,2 different $ypleapparel, and
comprise 150 to 350 frames each. For numerical veri catioms restrict our-
selves to Phong sequences.

For texture registration, we assess the multi-view wargjaglity by comparing
the image differences between reference views and repedjecodel views be-
fore and after the warp. The local registration improvers@msingle image pairs
lead to a global improvement in multi-view texture-to-mbdensistency. With
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Figure 6.8: Screen-shots of relightable 3D videos renderednder captured
real-world illumination. (a) Without cloth-shift detecti on, the seam of the t-
shirt is rendered incorrectly. (b) With cloth shift detection, it is reproduced
accurately.

respect to one input stream not used for reconstruction we dbtained a peak-
signal-to-noise-ration improvement of 0.2 dB using cldiiftcompensation. On
a Pentium IV 3.0 GHz, cloth shift compensation takes arowslf8r each time
step of the video. Although these quantitative improvemmenday appear small,
their in uence on the overall visual is quality is well-proanced. Fig. 6.8 shows
how it corrects the movement of seams of the shirt over thiacewr

Although cloth shift compensation and warp correction leadisual improve-

ments in the majority of cases, isolated local deteriorat@re still possible. Cloth
shift detection, for example, sometimes erroneously c&ssvolving wrinkles

as shifting of apparel. Also, in case of strongly incorresdypgeometry, warp cor-
rection may induce noticeable discontinuities on the sexfa.g. due to changing
reference cameras or visibility boundaries. Luckily, fbe ttypes of scene we
intend to handle, body shape is already so close to the tromegey that these
discontinuities play no signi cant role. We nonethelesavie the decision if ei-
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Figure 6.9: Comparison of renditions under captured real-vorld illumi-

nation such as the St Peter's Basilica environment map (a),jband the
Grace Cathedral environment (c),(d) courtesy of Paul Debexc. One
can see that compared to renditions obtained without spatidemporal re-
ectance sharing ((a) (c)), subtle surface details are muclbetter repro-
duced in the renditions obtained with spatio-temporal re ectance sharing
((b) (d)). A high quality video comparison can be seen in httg/www.mpi-
inf.mpg.de/"nahmed/Mirage07.avi.

ther of the two methods are used to the user.

We veri ed our spatio-temporal re ectance sharing methamthbvisually and
guantitatively, and show that the novel re ectance sangplinethod leads to
BRDF estimation that generalizes better to lighting condgidifferent from the
acquisition setup. Fig. 6.9 shows a side-by-side compaiiiween the results
obtained with and without spatio-temporal re ectance starBoth human sub-
jects are rendered under real world illumination using HDRi®nment maps.
One can see that with the exploitation of spatial coheremoee surface detail is
preserved under those lighting conditions which are styoti¢ferent from acqui-
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Figure 6.10: PSNR values with respect to ground truth for diferent numbers
of additional samplesDyXomp(%)-

sition setup. The difference is more pronounced in the apeamying video which
can be downloaded from http://www.mpi-inf.mpg.de/"nakdfiMirage07.avi.

In addition to visual comparison, we also validated the méthy comparing the
average peak-signal-to-noise-ratio with respect to infueo stream obtained un-
der two calibrated lighting conditions as described abd¥e. reconstructed the
BRDF of the test subject under lighting setup LC B with and withour new
re ectance sampling. Subsequently, we calculated the PSMNR the ground
truth images of the person illuminated under setup LC A. Gsior novel sam-
pling method, we have estimated surface re ectance usifigrdnt percentages
of additional samples. For each case, we computed the PSNRespect to the
ground truth. Fig. 6.10 shows the results that we obtainexe that the graph of
the original method (green line) is constant over the irgreanumber of sam-
ples just for the illustration purpose because it only coers the samples from a
single texel. With spatio-temporal re ectance sharingl(liee) both results are
exactly the same in the beginning as no additional sampkesarsidered, but it
can be seen that the PSNR improves as additional samplezkareihto account.
We get a peak at around 30%-40% of additional samples. Wghnitiusion of
more samples the PSNR gradually decreases as the eversingeaumber of
additional samples compromises the estimation of the tarmee's spatial vari-
ance. At maximum, we obtain a PSNR improvement of 0.75 dB.cAith we
have performed the PSNR evaluation only for one sequencareveon dent that
for others it will exhibit similar results. This assumptiafurther supported by
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the more compelling visual appearance obtained for all therdest data that we
have used.

6.9 Conclusion

In this chapter we presented two improvements to the origwoak of Theobalt
et al. [Theobalt05a] on joint shape, motion and re ectarmgtore. We presented
an image-based spatio-temporal registration technigalecbmpensates for the
shifting of cloth across the body's surface enables highlijureconstruction of
model-based relightable 3D videos. Quality improvementthe real-time ren-
derings were shown both quantitatively and visually.

Our spatio-temporal re ectance sharing method reducedid® in BRDF esti-
mation for dynamic scenes. Our algorithm exploits spatdlecence by pooling
samples of different surface location to robustify re eata estimation. In ad-
dition, it exploits temporal coherence by taking into colesation samples from
different steps of video. Despite the spatial-temporamgsing, our algorithm is
capable of reliably capturing spatially-varying re ectanproperties. By means
of spatio-temporal re ectance sharing, we obtain conwigc3D video renditions
in real-time even under lighting conditions which differastgly from the acqui-
sition setup.

Our methods are independent of this speci ¢ framework and lwa employed

independently. In the overall pipeline of the earlier wdnky do not change the
estimation procedure in dynamic re ectometry. In the nexttf this thesis we
will continue with the improvements and make use of estichatgnamic nor-

mal eld in the original method and transfer it into highlytdded time-varying

geometry deformations.
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Chapter 7

Problem Statement

This part proposes a new data fusion framework for adding high
quality details to dynamic geometry. The animated tempia¢sh
used in relightable free-viewpoint video does not exhibibtlgu
dynamic surface details, e.g. wrinkles in clothing. Thesanges
were captured in the time-varying normal eld. Using the estted

re ectance eld and the dynamic normal eld, high qualitynte-
varying details are added to the template geometry. Firstrilated
work in this area is discussed and later the solution to getigtailed
dynamic geometry is proposed.

In the previous part of this thesis we presented two imprammto the work
of Theobalt et al. [Theobalt05a] for reconstructing higtaligy relightable free-
viewpoint video. In their work they rst performed markexds motion capture on
the input data in order to make a coarse kinematic templata\s in Fig. 7.1b)
follow the motion of the actor and also captured the true slwdthe actor. Sub-
sequently, a re ectance model for each point on the surfaage mconstructed,
and was exploited to measure a dynamic surface normal eldmaterized over
the smooth template mesh. The dynamic normal eld was ag@i® a bump
map over the smooth template geometry. While the animateg@lééenalong
with the BRDF parameters and dynamic normal eld was suf ciémt render-
ing relightable free-viewpoint video, one of the limitatiof the original template
geometry that it did not incorporate true time-varying getny) remained. For
realistic renderings of 3D videos from novel viewpointsyihg the true detailed
geometry would result in the accurate appearance as opposedy using the
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bump maps. Hand-crafting detailed moving scene geome#rgisnbersome pro-
cess, as it requires tedious manual work or computatioeaibensive numerical
simulations (e.g. for clothing). The development of scagrdevices that deliver
ne-grained shape models of at least static scenes haddhemgreatly facilitated

animation production. Unfortunately, capturing high-ifyetime-varying shape

of dynamic scenes at the same level of delity is still a bigadbnge. First ap-

proaches to reach this goal were based on active video-basasurement, such
as structured light, or employed a combination of visual émdl stereo. While the
former approaches are merely usable for small-scale s¢ergedaces) and inter-
ference makes multi-view recording dif cult, stereo apacbes often fall short in
delivering the high level of accuracy that computer anioratequires (Sect. 7.1).

In this part of the thesis, we propose a new method to pagstagiture highly-
detailed dynamic surface geometry of humans from multipdeee recordings
under calibrated lighting [Ahmed08a]. We make use of theipres work on re-
lightable free-viewpoint video ([Theobalt0O5a] and Chageand present a solu-
tion of the dif cult problem of converting a potentially n&@-contaminated normal
eld parametrized over an arbitrarily shaped smooth sw@fadto highly-detailed
time-varying scene geometry. The rst contribution of tmethod is an improve-
ment over our original surface re ectance and normal egionaapproach which
now employs robust statistics to handle sensor noise mafduily, Sect. 8.3.
The second and most important contribution is a new spatigpobral deforma-
tion framework that enables us to transform the moving tetepeometry and
the time-varying normal eld into true spatio-temporallgrying scene geometry
that reproduces geometric surface detail at millimetatesaccuracy, Sect. 8.4.
Standard normal eld integration schemes are not feasiblfis setting as they
often perform poorly in the presence of noise and as they tleasily generalize
to the case of arbitrarily oriented base surfaces in 3D. htragt, we formulate the
problem as a spatio-temporal Markov Random eld such that arereconstruct
ne-grained geometry that is spatially accurate, as welteasporally smooth,
even if the input was affected by noise.

We demonstrate and validate the accuracy of our method lmsedveral real-
world sequences, Sect. 8.5.

7.1 Related Work

Most systems that can capture dynamic scene geometry ampilr scale ac-
curacy are restricted to con ned spatial volumes, e.g. cstmed light systems
for facial performance capture [Zhang04]. Mainly due teeiférence and spa-
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(@) (b) ()

Figure 7.1: Input video frame (a), smooth 3D template modeln same pose
(b), our detailed 3D surface model with true geometric detdisuch as wrinkles
on the shirt (c).

tial resolution issues, it is hard to apply these methodscépturing humans
from multiple views. While a combination of shape-from-sillette and stereo
is one way to approach the latter scenario, the inherentudlify and lack of

robustness in stereo make it hard to achieve very high acgwad resolution

[Hernandez04, Starck06].

An alternative to multi-view stereo reconstruction theqgmtial to capture ne-
grained surface detail is photometric stereo, which is @&amarf shape-from-
shading. In photometric stereo one makes assumptions abdate re ectance
properties to recover normal orientation from images takeder varying light-
ing [Woodham89, Zhang99]. It has also been tried to simelasly estimate
re ectance (e.g. BRDF information) and normal data from aetgrof 2D images
which were taken under calibrated lighting [Georghiadesiddman04]. In this
single 2D view case, normal eld integration schemes candpdied to transform
orientation data into true highly-detailed height valuEsahkot88, Agrawal06].
Chang et al [Chang07] used level set methods to integrate-meNti normal

elds.

While it is feasible to estimate BRDF and normal orientatioro disr more
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general static 3D objects that were photographed underiatyanf viewpoints

and light directions [Lensch03], the deformation of geamétased on normals
parametrized over a general 3D shape is non-trivial. Standgegration schemes
(assuming orthographic projection and height elds th&t parametrized over a
plane) are not applicable anymore since absolute 3D podits to be recovered
and coherence of the displacements over non-planar gepnestds to be assured.

One way to attack this problem is to measure 3D position apmately, e.g. by
stereo or structured light scanning, and use normal infoomabtained via shape
from shading to improve the initial position estimates almel degree of surface
detail [Herrandez07]. While early work in this direction produced conajbdy
coarse 3D geometry [Fua94, Lange99], the work by Nehab dtNehab05] pro-
duces detailed models of static objects by re ning scan2gd@nt positions until
photometrically measured normals are well approximateded et al. [Jones06]
applied the latter technique to improve captured dynanage tgeometry, but they
did not formulate it as a spatio-temporal problem nor doeg 8etup scale easily
to larger scenes. Hernandez et al. [Hardez07] use structured light scanning to
produce very high quality dynamic geometry, whereas in aispn we propose
a spatio-temporal coherent passive method.

We capitalize on this idea as well but develop a more advaneeohstruction

approach suitable for large-scale dynamic scenes. Inasinip previous work,

our approach generates geometry that is accurate andedeetdieach time step,
andthat is coherently deforming over time. We also incorpordtaracteristics

of measurement noise into the reconstruction process bggosr problem as a
spatio-temporal Markov Random Field (MRF).

The starting point is the work by Theobalt et al. [Theobadf0&n the relightable
free-viewpoint video, and our improvement to their worktthere presented in
the previous part of this thesis. In that work they captureapg, motion, re-
ectance and time-varying normals of human actors from aight of synchro-
nized video recordings under calibrated lighting. The radtharametrizes shape,
motion, and re ectance based on a smooth template body ntbdelacks any
geometric detail. In this work, we improve the previous &ance and normal
eld estimation approach by using robust statistics. Wenthpose a hew spatio-
temporal MRF framework which transforms smooth geometry rmovhals into
highly detailed dynamic scene geometry even in the presainuatable measure-
ment noise. As we can process normal elds over arbitrahigped time-varying
base surfaces in 3D, we can capture time-varying geometistail levels compa-
rably higher by other related approach, such as purelystessed reconstruction
methods mentioned earlier.



Chapter 8

Reconstructing High Quality
Time-Varying Geometry

This chapter describes a passive approach to capture tnone-ti
varying scene geometry in large acquisition volumes frorttimiew
video. First, an improved method for estimating surfacesctance
properties and a time-varying normal eld using a coarse péate
shape is described. Later, a statistical method to tramefdhe
captured normal eld into true 3D displacements is presente
Output is a spatio-temporally coherent geometry that nodsien
the slightest dynamic shape detail as true 3D geometryaligphents.

8.1 Overview

Our goal is to passively reconstruct accurate and highlgilget dynamic surface
geometry of humans from only eight synchronized video rdiogs, Sec. 8.2 and
Fig. 8.1. Starting point for the our methods is the earlierkvoy Theobalt et
al. [Theobalt05a], which gives us the tracked motion of tbmin input video
recordings. They also parametrizes dynamic scene geommethe form of an
adaptable kinematic body template with smooth surface gégrthat lacks ne
surface details. Using the video sequences recorded umdlbrated lighting,
they also estimated surface re ectance properties, i.e-spdace-point BRDfs,
as well as dynamic normal maps. We extended their work in teeiq@us part of
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this thesis, and we pick up and extend those ideas, such theamwuse the same
acquisition setup, starting with the coarse template maae add deformations
to the smooth geometry to acquire highly detailed dynamengsgtry. We demon-
strate our method on a variety of real world sequences.

To achieve our goal, we rst modify the original BRDF estimatipipeline by in-
cluding robust statistics into the reconstruction framev&ect. 8.3. This allows
us to model the non-Gaussian measurement noise more fgitfthereafter, we
estimate dynamic normal (bump maps) from the input videaseces that are de-
ned over the smooth template geometry. Finally, we develggpatio-temporal
Markov-Random-Field-based surface re nement procedurihwis one of the
rst to enable integration of normal elds on arbitrarily ahed time-varying tem-
plate geometry. Our new spatio-temporal framework captatehe same time
spatially accurate and temporally smooth geometry andlbarsgnsor noise ro-
bustly, Sect. 8.4.

8.2 Data Acquisition and Template Motion
Estimation

The acquisition procedure, the employed template modettantharker-less mo-
tion estimation approach have been described in detail ihe¢balt05a] and
Chapter 6. For details we would like to refer the reader to Glret

8.3 Enhanced BRDF Estimation

After performing marker-less motion capture for each frasheulti-view video,
the position and orientation of eadfy with respect to the calibrated acquisition
apparatus is known. In other words, due to the scene motlmecibmes possible
to collect for each point on the surface a variety of re eciasamples, each repre-
senting the appearance of the point from known outgoing ivig\and incoming
lighting directions. The original method described in thieious part exploits
this fact in order to estimate for eacky a static parametric BRDF model from
the RES. An energy minimization framework was used to compatameters
of an isotropic Lafortune BRDIF, at each surface point such that the measured
data are best approximated [Lafortune97b]. For solvingdyramic geometry
reconstruction problem addressed here, we replace thimalrigast-squares ap-
proach by a regression framework based on robust HubestgtatjHuber04] as
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Figure 8.1: Overview: The tracked smooth template model (Id}, along with
per-texel re ned normal eld (top) and per-texel BRDF parameters (bottom)
are used to estimate detailed time-varying surface geomatr(right).

this enables us to obtain more faithful estimates in thegmes of non-Gaussian
measurement noise. For each surface painion the template, we minimize the
following energy functional to nd an isotropic BRDF that regluces the data in
the RES:

Esror( (Ui )) =
X
c(Uij s t)H  Sc(uij 5 t)

X2
[ (Ui s (O (Fr (1 (uig 5 1)5 ve(uig s 1) (ui))

e
2

le(no(uiyj ;) 1(uii ;NI . (8.1)

Egror is evaluated separately in the red, green and blue colomete®(u;; ; t)
denotes the color ofi; measured from came@ andl. denotes the intensity
of light sourcee. The viewing directions/¢(u;; ; t) and light source directions

le(u;; ;) are expressed in;; 's local coordinate frame based on the (template)

surface normah,(u;; ;t). c(uij;t) and ¢(u;; ;t) encode the visibility of point
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uij with respect to cameras and light sources, respectivelyopf®sed to the

original least-squares minimization framework which a&sss Gaussian noise in
re ectance samples and thus may over-weight outliers, wpleyrobust Huber

statisticsH as penalizer. The Huber functi¢his de ned as

(
1R? JfjR] K

KiRj  1k2 ifjRj>k

H(R) = 8.2)

wherek is the clip threshold [Huber04]g—g Is continuous and often referred to

in the literature as the clip functiord preserves the advantageous convergence

properties of at, function for inliers, but resorts to dm norm for samples that
are likely to be outliers. By this means we implicitly modek awise character-
istics more faithfully as a heavy-tail Gaussian. In ordemibthe clip threshold
k for H we analyze the variance in captured re ectance samples griassof
consecutive video frames in which the person remains intec giase relative to
the cameras. For each color channel and each material weuterth average
variance and use the squared values as material- and paoresclip thresholds.

In practice BRDF parameters are estimated in a multi-stepepiire. First, ma-
terials on the surface are clustered based on averagedlifblsr and a specular
BRDF component is estimated for each material separatelyre@fter, a per-
texel diffuse model is t to each surface point after subtirag the previously
estimated specular component from each sample. As oursaguaisetup is the
same as described in Sect. 6.2, comprised of eight camedatsvarspot lights.
Please note that we only use samples seen by exactly onesbghte for esti-
mation, which, due to the positioning of lamps in the stuthageality is true for
over 90% of samples. For numerical minimization, we empluy t-BFGS-B
minimizer [Byrd95].

Given estimates of the BRDF parameters, we can also re ne aawletuge about
surface geometry by keeping the re ectance parameters areiminimizing the
same functional in the normal direction. Once the BRDF pararadtave been
recovered from the RES, a similar minimization proceduresesduto reconstruct
the time-varying normal eld from each DSS.

8.4 Adding Spatio-Temporally Coherent
Geometric Surface Detall

Dynamic normal elds encode information on high-frequersyrface detail
without physically deforming the smooth template surfageravhich they are
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parametrized. This information is suf cient to render géliable 3D videos of hu-
mans from many angles apart from grazing ones. However3ugme-varying
geometric detail is essential in many production qualityreation settings where
realistic renditions from novel viewpoints and under agby illumination are ex-
pected. Only true deformed surface geometry will enableecbrappearance of
the shape under the nal lighting simulation.

In the following, we therefore present a new data fusion &ark that trans-
forms the original setup for relightable 3D video captur® ia system for high-
quality capture of detailed dynamic surface geometry. Oethaod is grounded
on the assumption that our smooth template, essentiallyigag low frequency
geometry, is already well-aligned with the input.

Our algorithm estimates for each surface paigton the smooth template at each
time stept a 3D displacement vectal(u;; ; t) that yields the true 3D position of
the pointu att asxq(u;; ;t) = X(u;; ;t) + d(u;; ;t). Since the true displacements
are expected to be small, it is safe to assume that the despka direction is
always along the direction of template normals.

As our measurements are potentially contaminated by nesemploy a statisti-
cal framework to robustly nd the most likely eld of surfaaisplacements given
the data. To achieve this purpose we model the joint postdistribution of the
eld of displacements at each time step as a Markov Randond [fMRF) which
takes the form

p(d(uij t;) jnm(Uij ; 1); M (1)) =
1o Cor (o (or (o (8.3)
Z
whereZ is a normalization constan{, t) models our measurement process, and
(t), (t)and (t) are prior potentials., , and are weighting factors sum-
ming to 1. Empirically we found that values of = 0:6, =0:1, = 0:2and

= 0:1 produce most decent results (see also Sect. 8.5 for a disousg he
spatio-temporal neighborhood structure of our MRF conneath surface loca-
tion to the four immediate spatially adjacent ones at theesame step (easily
found from our surface parametrization), as well as to gsantiations at the two
previous time steps.

As we are interested in the most likely solution given theeunirdata only and not
in the full posterior, we nd the most likely surface as theximaum a posteriori
(MAP) hypothesis by minimizing the negative log-likelirtbof (8.3) as

d(ui ;) =argmin (+ (O+ (+ (1), (8.4)
d(uij ;t)
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In the following subsections, we rst describe and motivatav assumptions
about noise characteristics are encoded in measurementiadg, Sect. 8.4.1, and
illustrate what prior potentials are appropriate to prépeondition our solution
space, Sect. 8.4.2. Finally, we describe how to practicalye for a maximum a
posteriori (MAP) surface even in our large scenes with omay& 350,000 surface
points, Sect. 8.4.3.

8.4.1 Measurement Potential

The information that captures the true shape of the nergrdisurface details is
encoded in our measured surface normal eld(u;t). Our measurement po-
tential therefore aims at minimizing the angular differer{c n,, (u;; t); n, (u;; t))
between the measured normals and the normals of the disdackce.

To properly constrain our problem, we don't formulate theoein normal eld
approximation based on individual locatiomg (i.e. individual texels in the tex-
ture domain), but rather based on triangles obtained byladguriangulating all
texels in the parametrization. Normals for the obtaineahygles are computed by
simply averaging the normals at their three respectivecesi(i.e. texels). Again,
we capitalize on the Huber functidd to obtain more reliable estimates in the
presence of noise. Our measurement potential thus takésrthe

X
(t)= H(( nn(D;t);n.(D;t))) , (8.5)

D=(ua;up;uc)2D

whereD = (Uujg;Uup; Ue) is a triangle formed by adjacent texels (surface points)
Ua; Up, andue, andD is the set of all such triangles, (D;t) is the normal eld
according to the current deformed surface evaluated ,aandn,(D;t) is the
corresponding measured normal eld. The clip thresholdas chosen conserva-
tively in such that deviations of new and measured normaisibse tharf0 are
considered outliers.

8.4.2 Prior Potentials

We make the general assumption that dynamic surfaces inetdeworld are
smooth in both space and time. In other words, spatiallycatjasurface loca-
tions should exhibit similar displacements and the changksiplacement for the
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same surface location over time should be in reasonabledsasmwell. The spa-
tial smoothness constraint penalizes local deviation feanoriented plane in a
4-neighborhood around each point and is encoded in the faten

X X
(t)= | HXa(ui 15;1)  2Xa(ui; s t)+

Xd(ui+l;j ;t))+
H (xq(u; L 1) 2Xd(Ui;j )+
Xd(Ui+1;1)) ,
(8.6)

wherexqg(u; 1;;t), Xa(Ui+1;;1), Xa(uij 1;t), andxq(u;; +1;t) are displaced 3D
positions of surface locations adjacentug. The clip threshold of H in this
case is chosen such that differences in local surface narriadtation of more
than30 are considered outliers.

Temporal smoothness is enforced by the potential

X X
(t)= (d(uij;t)  2d(ui;t 1) (8.7)
i
d(uij;t  2)?.

This term favors a smooth rate of change of displacementstiove, or putting it
differently, favors small "acceleration” in displacemehiange over time.

Lastly, we make the a priori assumption that displaced sarfacations should
remain close to the original smooth template shape. Therledinstraint is essen-
tial as it prevents our surface from drifting arbitrarily favay from the original

template. Our second prior therefore takes the form

X X
(B= d(us ;1) (8.8)

8.4.3 Practical Implementation

The test sequences employed by us feature parametrizatidhe smooth tem-
plate of sizel024 1024pixels. On average this corresponds3ta0 000 sur-

face locations for which a displacement needs to be foundhel ¢éime step.
Please note that we compute displacements at a much higietrolegranular-
ity than the vertex density of the original template whickyggically only 40,000.
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Figure 8.2: Patch-based optimization. A single patch, its bundary area,
and its (blue) internal area (a). While the deformed surfaceis computed,
the overlapping patches are processed in a sequence as shawiib), (c) and
(d) respectively. Only the interior patch area is preservedafter displacement
computation for one patch.

Parametrizations were obtained by manually cutting thetata open and unfold-
ing it over a 2D square by means of the conformal mapping igaendescribed
in [Zayer05b].

As we are only interested in a MAP solution to the nal surfase can conve-
niently resort to a standard off-the-shelf L-BFGS-B techiei¢Byrd95] to mini-
mize Eq. 8.4.

To keep optimization tractable in the light of our very desadgace sampling, we
also subdivide the overall surface reconstruction probl@ma series of smaller
ones. In practice, we subsequently compute displacementsdividual surface
patches and successively merge information from diffepatthes to create the
nal result.

Each patch on our model corresponds to a square region @cguldcations in
our parametrization domain. Furthermore, each such sgagien is composed
of an interior region and an exterior boundary area, Fig. &2ve would sim-
ply deform individual adjacent patches we would with venghilikelihood obtain
discontinuities at patch boundaries since the mutual MRFeégncies across
the rim are not properly considered. To prevent this soufa@sror, we arrange
subsequent patches in an interleaving, half-overlappaitem, see Fig. 8.2b,c,d
for the temporal sequence in which the patches are proceBaettiermore, after
the displacements for one complete patch were estimatednlyepreserve the
displacement at the center of the patch. The boundary regimthus only em-
ployed to initialize the optimization of any subsequentpathose center region
overlaps with the boundary. All patches are considered ledjoas the choice
of the starting patch for our optimization is arbitrary. @al& this interleaved
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optimization pattern produces a high quality surface esténthat preserves de-
tail while preventing erroneous discontinuities alongmaaries, see Sect. 8.5 for
further discussion.

8.5 Results and Validation

To demonstrate the results of our method, we have used twareajreal-world
motion sequences. The data for each sequence compriseswobting low-detail
template, all input image data (also in texture format alygafull calibration data
(cameras and lights), parametrization and warp-corrdetddre coordinates. The
latter is a set of data which encodes information on clotftisgiover the body's
surface which was detected by the method detailed in Chapter 6

The rst sequence shows a scene in which the actor wearsyrfitise clothing

and walks back and forth in front of the cameras, Fig 8.5ali® RES (used for
BRDF estimation) is 30 frames long and the DSS (used for gegncajture)

comprises 184 frames. In the second sequence, the testiulgars a diffuse
t-shirt and slightly specular trousers, and performs addasthi motion, Fig. 7.1
and 8.5c. While the RES contains again 30 frames, the actuamatthe DSS
is 110 frames long.

As can be seen in Fig. 8.5 and Fig. 7.1, and also in the acconmgarideo
[C08a], our reconstructed actor model faithfully capturesnesubtle detail, in
particular wrinkles in clothing and folds, &sie geometry. Fig. 8.4 zooms in on
certain areas of the body model to illustrate that our MRFetdssion method
allows for reconstruction of subtle folds whose width ishe tange of a few mil-
limeters. This is a major improvement in shape quality oherdriginal smooth
template which was lacking any such detail, Fig. 7.1b and &iga,e. We would
also like to point out that our nal result is not only very dded and almost free
of artifacts at individual time steps, but due to the spé&timporal MRF frame-
work also faithful and smooth over time, see video [C08a]. THtter shows the
unprecedented ability of our method to generate spatigdeaily smooth and
detailed results even in the presence of measurement noise.

Although our visual results show qualitatively that we caeasure highly-
accurate scene geometry at sub-triangulation resolutieralso want to provide a
more elaborate validation. Unfortunately, there exist®ti@r scanning technol-
ogy that would provide us with ground truth dynamic geomatrthe same level
of detalil.

We therefore resort to data that was employed by Theobadt EEheobalt07] for
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(@) (b) (c)

(d) (e)

Figure 8.3: In this test an RES was recorded with a person standg in a
static pose on a rotating turntable (a). Also, a scan was pesfmed with a
structured light laser scanner in order to obtain an as good a possible ground
truth shape (b). (c) shows the normal eld of the scan, wheredlobal) normal
direction is encoded in RGB color. (d) and (e) show the resuthat is obtained
if we start from the smooth template tted to the pose of the test subject,
perform photometric stereo and run our MRF-based method to olain the
nal detailed geometry. As one can see, our result capturedasne of the very
ne wrinkles on the body much more faithfully than even the laser scanner.
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the validation of the original surface re ectance estimmatmethod. This data set
contains an RES in which the actor strikes a static pose oratingtturntable. In
addition to the recording of the RES, a laser scan of the pexsartaken during
preprocessing. Since we were also given the pose of the a¢engt each frame,
we were able to reconstruct the BRDF and normal map based on ethod)
and could use our MRF framework to generate detailed surfaapes Since
the scan and template possess different triangulatiorstdiertex comparison is
infeasible. However, visual comparison of our result Fige8and the scanned
ground truth Fig. 8.3b shows that all detail present in thgioal scan is also
present in the deformed template, and that the resolutiarheth geometry was
recovered is even higher in our result.

Typically, we reconstruct as many as 350,000 displacemanes over the tem-
plate surface. Even at this detail level and when using algmasth size ofl6
pixels, it takes moderat® to 6 minutes per time step of video to nd the nal
detailed surface. This time is in addition to the timings odasition, BRDF and
normal estimation. Optimal values for the parameters, and were found
experimentally. To this end, we used a sequence of 3 of thenstaicted de-
tailed meshes of the sequerias a ground truth and used their normal elds as
measured normal elds. reconstruction errors could now leasuared for a rea-
sonable sample of combinations of the coef cients. Optinesllts are obtained
for =0:6, =0:1, =0:2and = 0:1whichwere used in all our experiments.

Our method is subject to a couple of limitations. An impottagsumption en-

abling us to properly localize our nal geometric solutiongpace is the one that
the template is close to the true geometry. Unfortunatblg, assumption is not
entirely true for the head of the template as there may be goine differences
to true hair style and face geometry. Simple free-form dafdron performed for

the shape capture cannot compensate for this. Thereforexehede the head

from our reconstructions and note that this is a problenbated to the provided

input data.

Secondly, the currently employed template limits the typiescenes that we can
handle to people wearing not too wide apparel. However,ithisot a general

limitation of our own contribution as we can easily apply ooethod to coarse
geometry reconstructed with any other approach as welgragds the geometry
(triangulation) is coherent over time.

The original taichi input sequence also shows some jittérerpose of the smooth
template (slightly noticeable in the video result [CO8apsgibly due to tracking
inaccuracies. We did not take any measures to compensdtedor

Finally, in any frame where a surface point is in shadow fréwa light source,
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no normal direction can be reconstructed and the templateaias used instead.
In the video [C08a], this effect is sometimes noticeable wtienarm casts a
shadow on the torso. However, our method handles this gitugtacefully and
produces the best possible result given this hard-to-pteaxasional lack of data
in general moving scenes.

Despite these limitations we have presented one of the ppt@aches to recon-
struct high-quality and high detail geometry of large dyi@astenes in a purely
passive way.

8.6 Conclusion

In this chapter we presented one of the rst passive methodsdonstruct ge-
ometry of large dynamic scenes showing moving actors at kigly detail and
accuracy from video only. One of the strength of our work &t tive only need
multi-view video data recorded under calibrated camerddighting. This allows
not only the highly detailed reconstruction but also theseidiata can be directly
used for video-based rendering or relighting. In contrastive methods solely
concentrate on the reconstruction, and normally projectiem over the scene,
which renders the video data useless for most of the otheovihsed modeling
tasks.

In this work, as a rst step we built on our earlier work thabals for capturing of

coarse geometry, surface re ectance and dynamic normasmM\&p then applied
a new MRF-based spatio-temporal surface deformation apprtiaat converts
the geometric details encoded in the normals into true 3plali®ments over the
smooth template. Our method faithfully handles typicaMyet@il measurement
noise, and is one of the rst to allow for spatially accuratel demporally consis-
tent height reconstruction over curved dynamic base gagmet

Our work is not limited to any particular representation lo¢ tmodel. In the

next part of this thesis, we will present a passive methoctomstruct spatio-
temporally coherent arbitrary scene geometry from muéisvvideo data. The
reconstructed spatio-temporal mesh animation of any stubgn be used for sur-
face re ectance, dynamic normal eld estimation, and sujpsntly for recon-

structing high quality time-varying details.
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Figure 8.4: Our method can capture even subtle folds and wrikles whose
size is in the range of a few millimeters only. Zoom-in on leg: & smooth
template, (b) template with texture, (c) color-coded normé eld, (d) our nal
result rendered in OpenGL using Gouraud shading. (e)-(h) sbw a similar
zoom onto the torso of the subject in the walking sequence. 8 here, surface
details were faithfully recovered in geometry.
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(@) (b)

() (d)

Figure 8.5: Each pair of images shows, side-by-side, one oigl input video
frame and the full 3D surface model with all geometric detailrendered in
OpenGL from the same perspective. Sample input video framesf the mo-
tion sequences along with the corresponding detailed geoitng The direct
comparison shows that our method captures even subtle dynamgeometric
details in the actor's clothing very accurately.
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Chapter 9

Problem Statement

This part proposes a solution to the problem of reconstnggti
a structured mesh sequence from synchronized multi-viel®ovi
streams. After reviewing the related work, a method for esthinlg
dense correspondences between unrelated meshes is pd; semiteh
is used to obtain a spatio-temporal coherent mesh sequence.

In the previous chapters of this thesis, we focused on réarimg realistic hu-

man animations from multi-view video data. All of the presshmethods relied
on a template human body model that was deformed and anirttategture the
true shape and motion of the human actor. Although we haveodstrated that
our animation reconstruction methods result in high gualitimations, they were
nevertheless limited by the model description of the temeplt can only handle
the speci c scene for which the template model is availalid @an not handle
any arbitrary scene. Ideally, instead of using a templatdehamne would like

to reconstruct the time-varying shape and appearance @arbiary real-world

scene performers from multi-view video data directly withdaving to craft a
scene model beforehand. To some extent there are alreadyagtew methods
that can achieve this goal, Sect. 9.1.

Most of these methods provide convincing shape and appaafan each time
step of an input animation individually. However, they fatlort of reconstructing
spatio-temporally coherent scene geometry for arbitrabjexts since the chal-
lenging 3D correspondence problem is not addressed. Sjegatiporal coherence
is an important and highly-desirable property in captungidhations, as it greatly
facilitates or even is inevitable for many tasks such asreglitompression or
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spatio-temporal postprocessing.

We therefore propose a new spatio-temporal dense 3D comdspce nding

method that enables us to capture coherent dynamic scengeggaising stan-
dard shape-from-silhouette methods [Ahmed08b]. Our &lyuaris tailored to the
characteristics of video-based reconstruction methodshaften capture high
spatial detail in the input video frames, but provide rekly sparsely sampled
3D geometry with a much lower level of shape detail and withoasaerable
level of noise.

In a rst step, shape-from-silhouette surfaces are recootd for each time step
of video yielding a sequence of shapes made of triangle rsesfth varying
connectivity. Thereafter, sparse 3D correspondencesgeeisubsequent pairs of
surfaces are computed by matching 3D positions of optictlufes that can be
accurately extracted from high-resolution input videarfess, Sect. 10.3. These
sparse correspondences represent control points for angtappropriate bivari-
ate scalar functions on each reconstructed surface mest,18e4. The choice of
these functions enables us to establish dense correspmegsentially by match-
ing function values. The dense correspondences can beasgdightforwardly
align one mesh to all other reconstructions by performingcuence of pairwise
registrations, Sect. 10.6. The output of our approach isticspemporally coher-
ent animation, i.e. a sequence of meshes with constant gtaptture and low
tangential distortion. Main contributions, advantaged aavelties of our algo-
rithm are the following

As an object space method it does not suffer from param&bizanduced
limitations.

It establishes dense correspondence elds independehtlyeolevel and
structure of surface discretization which makes surfagmaient straight-
forward.

It explicitly addresses the characteristics of shape-fsihouette-based an-
imation reconstruction. By combining both accurate imageuee and
function matching, we are able to robustly match even cbanszon-
structed surface geometry lacking coherent and densecsuttgails.

In practice, robustness to topology changes.

In the following section we will review the related work inmains of surface re-
construction, mesh animation and correspondence estimagitween the meshes.
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@) (b) (©) (d)

(e) (f)

Figure 9.1: Input video frames (a), (c) and corresponding satio-temporally
coherent meshes rendered back into same camera view (b), (@he checker-
board texture shows the consistently small tangential sudce distortion in
our reconstruction even between temporally far apart frames (e), (f).

9.1 Related Work

Technological progress in recent years has made it feasibleconstruct shape
and appearance of dynamic scenes using video [Matsuyama@#jeo plus ac-
tive sensing [Waschisch07]. Multi-view video methods based on the shape-
from-silhouette [MatusikO1] or stereo principle [Zitnie&] bear the intriguing
advantage that they enable reconstruction of arbitraryimgosubjects. Unfor-
tunately, none of these methods is designed to reconsttaoesgjeometry with
coherent connectivity over time since the 3D corresponelgmoblem is not ad-
dressed. Model-based approaches employ shape priors [darBgb, Cheung03,
Herrandez07] which limits them to certain types of scenes. Therdahm pro-
posed in this part enables coherent dynamic shape recotistrwhile maintain-
ing the exibility of shape-from-silhouette methods.

In geometry processing, the 3D correspondence problem dessed in
parametrization and its application in (compatible) rehmes see, e.g., the sur-
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veys [Hormann07, Alliez07] where the goal is to match thensmtivity of one

single shape model to the connectivity of another one. Generdily,réquired

robust parametrization techniques are limited to xed fogy and are computa-
tionally involved, especially in the presence of additioc@nstraints from given
correspondences.

The key to spatio-temporally coherent reconstruction abaist solution to the 3D
correspondence problem. Conceptually similar to this mmobhlbeit in a reduced
problem domain, is the shape matching problem [Rusinkie®dstzOne way to
solve this problem is to localize and match salient geomé#atures between
two shapes [Gal06]. By combining feature matching with peaadformation,
two shapes can be aligned [Huber03]. Some probabilisgnaient methods reg-
ister laser scans by nding the most probable embedding ef gitape into the
other [Anguelov04]. Iterative closest point (ICP) proceshiuse a much sim-
pler correspondence criterion that iteratively pairs tmees closest to each other
[Hahnel03]. ICP methods may easily get stuck in local minimaitiecent ini-
tial registration is provided. None of the aforementionégbathms explicitly
addresses the problem of multi-frame animation recontsmnic

Only few methods so far explicitly address the problem obrestructing coherent
animated surfaces from real-time scanner data, such atimeaktructured light
scanners [Wand07, Stoll06]. Unfortunately, in a videodubsetting like ours, the
applicability of these methods is either limited by high gartational complexity,

or by the requirement of high spatial and temporal sampliegsdy which is

typically not ful lled.

Similar to our approach is the algorithm proposed by Shirtyal.e[Shinya04]

who deform a 3D model into sequences of visual hull meshesibymizing a

deformation energy. In contrast to our algorithm, accuagtical feature infor-
mation is not exploited, and the ICP-like correspondenderton is vulnerable to
erroneous local convergence.

Matsuyama et al. [Matsuyama04] suggest a method to deforrash fdased on
multi-view silhouettes and multi-view photo-consisteexi By optical means
only, the required dense matches are dif cult to nd, andrdfere the strongly
constrained non-linear minimization takes several mset@mputation time per
frame. In contrast, our algorithm is computationally mofeient and creates
dense correspondences despite only sparse optical matches

Starck et al. [Starck05] also aim at establishing coher@msequences of shape-
from-silhouette meshes. Their method establishes carreigmces in a spher-
ical parametrization domain which may fail in extreme poaad may intro-
duce distortion-dependent matching inaccuracies closengular points. In a
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recent follow-up, Starck et al. [StarckO7a] apply a Markamdom eld to match
isometry-invariant surface descriptors based on locakmpatrization. This en-
ables establishing correspondence over wide time-framieish is in fact a dif-
ferent problem. For both, [Starck05, StarckO7a], numémpcablems are more
involved and computational costs are orders of magnitudédrithan for our
method.
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Chapter 10

Spatio-Temporally Coherent
Dynamic Surface

Reconstruction Using Dense
Correspondence

This chapter describes a dense correspondence nding rdetho
that enables spatio-temporally coherent reconstructidnsorface
animations from multi-view video. First, a method to essbl
sparse correspondences between the two surfaces is preseisiad
sparse correspondences as the anchor points, dense condspce
Is established between the surfaces. This dense correspomnde
propagated from the start to the end of the sequence, in dier
obtain a spatio-temporally coherent sequence.

10.1 Overview

The input to our method is a sequence of calibrated synckednrideo streams
that were recorded from multiple viewpoints around the scand that show a
subject performing in the scene's foreground. Our test &tipn system features
eight synchronized video cameras arranged in a circulapsetd delivering 25fps
at 1004x1004 pixel frame resolution (Chapter 3).
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Background subtraction yields a foreground silhouette &mheof theN captured
video frames. In a pre-processing step a polyhedral viauhihiethod [Franco03]
is applied to each time-step of video. In order to cure tlamiggeneracies in the
input data and to produce a more uniform surface discratizathe visual hull
surfaces are resampled and the resulting point cloudséirettiea Poisson surface
reconstruction approach [Kazhdan06] (we use their impfeaimn). This way,
a sequence of triangle meshes with varying vertex conngcis/produced that
captures the shape of the subject at each time step.

10.2 Spatio-Temporal Correspondence
Finding

In the following we describe a triangle meshMs= (V; T ; p), whereV denotes
vertices andl their triangulation orconnectivity Hence,(i;j;k ) 2 T denotes
a triangle, and with each vertéx2 V we associate positions 2 R® de ning
the surface's embedding in 3D. We considértime-frames and thus write a se-
quence of meshes & (t) = (V(t); T (t);p(t));t=0;:::;N 1, whereM (t)
approximates the (ideal) surfa&¢t).

Our algorithm propagates the connectivity of mést{0) by iteratively matching
it against reconstructed visual hull meshes. In the foltmyiwe writeM o(t)
for meshes with connectivitiNg; To) := (V(0); T (0)) of M (0), i.e.,M o(t) =

(T (0); V(0); p(t)) and in particulaM (0) = M ¢(0). Then given a subsequent
pair of meshed/ ((t) andM (t + 1), whereM o(t) is M (0) aligned withM (t)
during a previous iteration, our algorithm proceeds a®vad!:

In a rst step, initial coarse correspondences are obtaimgdnatching robust

optical features between image-frames and mapping them4ea3itions on the

surfaces, Sect. 10.3. We use SIFT [Lowe99] for this purppisdding a sparse

covering of the surfaces with feature points. In contradddformation transfer

methods [Sumner04, ZayerO5a], we can't choose ideal festure. our sparse
features alone generally don't carry enough informatiardicect correspondence
or deformation-based alignment, see also Sect. 10.8.

Therefore, we estimate dense correspondences in a seepnavkich constitutes
the core of our approach: with each feature point we assoaiatalar, monotonic
function with certain interpolation properties. Requirensefor such functions
will be discussed in detail in Sect. 10.4. Dense correspuocete are found by
pairing surface locations with similar function values.
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(a) (b) (c)

(d) (e)

Figure 10.1: Detected SIFT features in two consecutive fraes (a) and (b).
Matched features are shown in (c). Obvious outliers, such asatches outside
the silhouette, are Itered out during preprocessing. Intersecting iso-contours
of harmonic functions centered on sparse correspondenceshown as colored
lines) can be used to localize surface points. For clarity,e) zooms in on a
subregion of (d).

This way we can provide surface correspondences which argetieand faith-

fully distributed over the surface. We use these matchings@Bace points as
constraints for deforming one mesh over time without resgito involved defor-

mation algorithms (see, e.g., [Botsch07]) that were necgsseorrespondences
were sparse. The result is an animation sequence with cdrestanectivity.

We remark that the approach is tailored to the particulanation setting: the ac-
quisition and shape-from-silhouette reconstruction gtes only moderately ac-
curate and medium resolution geometry data, possibly ountted with noise,
but at the same time high-resolution texture informationipege frame. The
individual matching steps are detailed in the following sediions.

10.3 Coarse Correspondences

In order to establish coarse correspondences we nd rolptstad features be-
tween adjacent frames by localizing them in the input videonkes and infer-
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ring their 3D positions by means of the available reconsedienodel geometry.
For localizing features we apply SIFT descriptors [Lowe&8}his technique has
a number of advantageous properties for our video settidgnti ed features
are largely invariant under rotation, scale and moderas@gh in viewpoint, and
the rich descriptors also enable wide-baseline matchingparticular the latter
property pays off in our setting as rapid scene motion mayyelsad to large
image disparities between subsequent frames. In such arszealternative im-
age matching approaches, such as KLT or general optical @thods are more
likely to fail [Barron92]. Also, as opposed to geometric fga@tmatching [Gal06]
we can maintain precision even if the reconstructions dextiibit salient shape
details.

We compute 2D SIFT feature locations for each input frapi® at all time steps

t and all camera viewsin a preprocessing step. On a typical sequence we obtain
between 300 and 500 features per time step (with multiplamences of the same
feature across cameras discarded.

When aligning two subsequent meshids(t) andM (t + 1), we compute 3D
feature positions at either time step by back-projectiomfimages onto the 3D
shapes. To preserve the highest possible feature logahzatcuracy indepen-
dently of triangulation (from Marching Cubes after Poisseoanstruction), 3D
positions of features are computed from linear interpotatiather than nearest
vertex positions. To this end, we exploit the graphics hamdvwand assign to each
feature an interpolated 3D position obtained via rastegizhe 3D shape's coor-
dinates into the same camera view.

To facilitate later computation of dense correspondeneesintermediately en-
force association of features with vertices by locallytsply each original trian-
gle containing a feature into three triangles. This is aadeby inserting a new
vertex at the interpolation point. By performing 3D locatipa and subdivision
for all camera views at a each time stepndt + 1, we create a set of possibly
subdivided versions of the original reconstruction megfieit) andM Yt + 1) .
Each of these meshes possesses an associated set of featexendiced- (t)
andF (t + 1). Note that these meshes only serve as temporary helpetustsic
to gain accuracy. Local splits will be rolled back later, aaré neither used in
the nal output of our method nor induce any other side eesee Sect. 10.6.
Therefore, and to keep notation simple, we will continueetier toM o andM .

We nd correspondences between SIFT feature vertices bememesh by looking
for pairs with similar descriptors. To this end, we comptie Euclidean distance
De(i;j ) between the descriptors of all element® F (t) andj 2 F (t+1). A
correspondenc§; | ) is considered plausible and hence establish&x.(f;] ) is
below a certain threshold. This way, possible outliers ircatrespondence sets
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Figure 10.2: (a) Vertexk (corresponding to uy) and the iso-contours inter-
secting at it. For better visibility only K = 3 contours are shown. At time
t + 1, the same iso-contours don't intersect in a single point. Edtcandidate
triangle (shown in red) is intersected by two of the iso-cordurs. (b) A vertex
k® from the candidate triangle set onM (t + 1) that is closest tok accord-
ing to Dy, criterion is selected. (c) Finding the surface pointu within the
best-matching triangle (a% > k9 (according to Dy,) that is adjacent tok°

are ltered out by discarding matches with implausible 3Btdnces. Erroneous
matches outside the silhouette area are trivially dischrBegy. 10.1(a-c) illustrates
SIFT features.

10.4 Finding Dense Correspondences

The basic idea for establishing dense correspondence igepadditional val-
ues from the given sparse features and the surface, andrt@@hnefully analyze
and compare these values over time. For this purpose we devagiate scalar
functionsh; on the surfaces, each function is associated with a paati¢eéture

fi 2 F,1 =0;:::;m. In an ideal setting we could think of these as distance
or coordinate functions: given three (feature) poeutb; cin the plane, any point

in the plane can be characterized by its distance to eaahlpfcor in terms of

its barycentric coordinates w.r.t. the triandk b; 9. Our choice of functions

h; resembles barycentric coordinates as we requatexpolationh;(u;) = 1 and
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hi(u;) = 0 for alli & j, andmonotonicityof h; with extrema at the interpolation
points, wherau; 2 R? denotes a surface point associated Wjth

In order to be meaningful when evaluated for differeover the time-dependent
surfaceS(t), we additionally require thah; is taken from a class of functions
which change their values only slightly under moderatessi@tdeformations. For
this reason we chose harmonic functions which satisfy

sy hi=0 ; (10.1)

where ) denotes the Laplace-Beltrami operator. This is justied hg t
isometry-invariance of the operator, i.e., for isometréfatmations ofS into S°
we have s = gso. We assume moderate deformationsSgf) to be largely
isometric. This property has previously been exploitedaimpute signatures for
shape matching and retrieval, see, e.qg., [Elad03, Reuter06]

So far we assumed continuous functions. In prachcere piecewise linear func-
tions w.r.t. M (t), and an appropriate discretization of the differential rapa

s IS required. In particular, we require independence of tla@gulation, i.e.
for different meshes approximating the same shape, theetigseolutions of (10.1)
should yield the same or very similar results. We use the-esthblished cotan-
gent discretization which provides this linear-precigmaperty and is symmetric
(see [Wardetzky07] for a comparison of alternative diszadions).

With functionsh; computed we proceed in several steps to nd dense correspon-
dence. Given a surface poing 2 S(t) that corresponds to a vert&xof M (t),
the goal is to nd a matching point$ 2 S(t + 1) usingh; de ned on the mesh
M o(t) andh? de ned onM (t + 1). Evaluation of the harmonic functions yields
“coordinates™h(u) = [ho(u);:::;hm(u)] andhQu) := [h3(u);:::;h2 (u)] for
both surfaces. As contributions bf are localized we restrict ourselves to the
K coordinate values of largest magnitudeuat i.e., we considehy(ug) :=
[hiy;iohi ] i ik 2 K, whereh-(u) h-<(ug) for all * 2 K;™ 2 K.

In our implementation we usi€ = 10. We can visualize the local in uence of
theh; geometrically by the analog of a planar Voronoi diagramkimg of 1 h;

as distance function. Then for each element in a “Vorondi,oge expect signif-
icant or meaningful contribution only from functions assted with the cell and
its immediate neighbor cells. We therefore chgseonservatively, as on average
one will nd 6 immediate neighbors. In an ideal settifgu) = hYu), and re-
trieving u® can be imagined as intersecting iso-contduf(s) = h;(uop), i 2 K.
Fig. 10.1(d),(e) illustrates this concept by visualizimyeral iso-contours on the
surface of a visual hull mesh intersecting in a single vertexthe presence of
moderate deformations and given discrete meshes, thetyqgeierally does not
hold. Therefore, instead of exact intersections, we as¥a@sted in a set dfian-
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gles T (t+1), which are intersected by at least one of the iso-contogsipa
throughuo. These are triangles in whialf potentially resides. To put this idea
into practice, we add t& all those triangles that are intersected by the highest
number of contours with iso-valug (ug). This yields a (potentially) 1-to-many
match fromu, to a set of candidate triangles, see Fig. 10.2(a). To hardisilple
localization inaccuracies, in practice we buitdconservatively and also include
all candidate triangles for the vertices in a 1-ring arougdvhich are identi ed

by the same procedure.

To determine the nal position ofiJ on M (t + 1), we rst identify the vertex
k%2 V.. thatis closest taf. We extract this vertek®from the setE by com-
puting a distance measure betwes(uo) andh$(u9 for all vertices™ out of
E, see Fig. 10.2(b) for illustration on a simpli ed settindNdte that the sei is
determined w.r.th onM ,.)

Through experiments we found the following measure to wenly satisfactorily.
Letdy = hk(up) h%(u®). We de ne the distanc®y,(uo; u®) as

Di(uo;u® = dy (I diagh®(u%)® dy

Let B, contain all vertices shared by trianglesEinWe select that vertei® 2 Ey
with minimal distance, i.eD(Ug; u%) Dn(ug; u®) forall~ 6 k%" 2 Ey.

The nal step in ndingu§ is to localize its position at sub-discretization accuracy

since, in generalyd is an arbitrary surface point and won't coincide with a verte

location. To achieve this purpose, we rst identify the trige (a% I k9 in the

1-ring of k° for which the average obn(ug;w) (With w 2 f U] Uw; Uyog) is

minimal. The best-matching surface point is expressedtigasud = U+
pUp+  koUgo: We determinau within (a% P k) as

arg minjjdjj* ;

a0 p0; kO

whered; := hj(up) h9(u3) andJ K contains the indices of the three largest
coordinate values ato. Intuitively, we thereby place as close as possible to
either of the three highest-value iso-contours within treaf(a b’ k9, ideally

at their intersection point. Fig. 10.2(c) illustrates tlaist step.
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10.5 Remarks on Practical Implementation

10.5.1 Computation of Coordinate Functions

Numerically,h; can be computed for eveiy (t) very ef ciently by factoring a
sparse matrix and then applying+ 1 back-substitutions. As a result we obtain
m+1 linear functiond; , i.e., for every vertex 2 V we haveh;(u;). In practice,
we compress this data ef ciently by storing only tKe largest values together

j we storeh-(u;), * 2 1;, whereh-(u;)  h<(u;), ~ 2 I;. Consequently, we
implicitly assumeh-(u;) = 0, which is reasonable and induces only small error
as the values df; fall off quickly and signi cant contribution is localizedThis
way, we never require more storage than(tr+1) # V values and indices for
the cost of# V K -element sorts after each solution of the Laplace equation.

10.5.2 Intersection with Iso-contours

The intersections of triangles with an iso-contbifu) = ¢ can be implemented
by a local search without additional data structures: B@gftom the vertex asso-
ciated with the featuré;, i.e. whereh;(u;) = 1, we apply a gradient descef; (
is monotone) on an arbitrary triangle attached to this xeMée keep descending
neighboring triangles until we hit a triangle that is inerted by the iso-contour.
We then iteratively traverse all neighboring trianglesathare also intersected.

10.5.3 Pre ltering of SIFT Features and Adaptive Re ne-
ment

Coarse correspondences identi ed in Sect. 10.3 may be llis¢d unevenly on
the surface and can therefore be redundant if concentrateeriain areas. We
can exploit this redundancy and reduce computation timereytering keeping
only a well-distributed subset. To identify the active teatsubset, we partition
the surface into patches with similar geodesic radius omg#ioc complexity. For
each resulting surface cell, we maintain only one coarseifegcolored regions
in Fig. 10.3(a)). In local sub-regions this reduction of rsgacorrespondences
may lead to too few adjacent “cells” to yield meaningful atioates. There we
raise the number of coarse correspondences, thereby\algjricrease the patch
density and then proceed iteratively as described aboge 1Bi3(b) shows that —
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@) (b)

Figure 10.3: Feature pre Itering and re nement. (a) zoom-in onto hand re-
gion of the model at two subsequent time steps. Colored areaspresent sur-
face regions. Due to sparse distribution of coarse featureshe correspon-
dences (colored dots) are not correct. (b) Adaptively incrasing the number
of coarse features leads to accurate correspondences.

on this particular data set — the latter greatly improveschiag robustness in the
hand region of the reconstructed human.

10.6 Alignment by Deformation

One intriguing advantage of our approach is that in the ideaé the dense cor-
respondence eld speci es the complete alignmenibg(t) andM (t +1). To
register the two meshes, we can therefore trivially movéexdocations without
having to resort to involved deformation schemes. In pcactive nd it advan-
tageous to apply a fast and simple Laplacian deformatiorraehrather than to
perform vertex displacements only. This setting allowstfimial enforcement of
surface smoothness during alignment hence smoothing e and mismatches.
We refer to the recent survey [Botsch07] and the referenasithfor informa-
tion on the method and its many variants. Laplacian defaondtelps us to cure
local reconstruction inaccuracies which may occur in sigrfeegions for which
feature localization was non-trivial, e.g. due to textungarmity. Also, we take
care that no loss of volume is introduced by the latter de&tion approach: in
rare cases where this becomes necessary, we force vertidks(®) back onto
M (t + 1) along the shortest distance. This way we effectively defbtrg(t) to
time-stept + 1, and as we iterate the whole matching process over time,agk tr
a single consistent mesh over the whole sequence, see Fign®Fig. 10.6
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10.7 Results

To demonstrate the performance of our reconstruction @gprowe recorded
two real-world motion sequences in our multi-camera sysféne rst sequence
comprising of 105 frames shows a walking subject, Fig. 9-lda and the sec-
ond sequence comprising of 100 frames shows a human penfgransimple
capoeira move, Fig. 10.6. As shown in these images as wetleaadcompany-
ing video [C08b], our method enables faithful reconstruttbspatio-temporally
coherent animations from this footage. A side-by-side camspn of the original
input sequence and the reconstructed mesh sequence slawsitimethod de-
livers coherent scene geometry with low tangential digiortWhen texturing our
result with a xed checkerboard, coherence and low distorproperties become
very obvious, see Fig. 9.1(e),(f). We chose this visuabreas texturing with the
input video images would hide any geometric distortions.

Our algorithm is computationally more ef cient than mostatenation-based reg-
istration methods (see Sect. 9.1). Even if very detailednesomprising of
roughly 10,000 vertices are reconstructed (Fig. 10.64®)gnd almost 600 coarse
features are used, correspondences between pairs of fcamdse computed in
approximately 2 minutes on a Pentium IV 3.0 GHz. Pre Iteriagd adaptive
re nement down to 120 coarse matches reduces alignmenttoreminute per
frame. In the more likely and practical case that mesh coxitgles around 400
vertices, two frames can be aligned in as fast as 2 seconds\gtreout pre Iter-

ing.

Even if surface triangulations are very coarse, our methodyres high-quality
coherent mesh animations and the advantages of the coneeshtrepresentation
become even more evident. In the non-coherent version taagegulation dif-
ferences between adjacent frames, Fig. 10.6(g),(h), keattang temporal noise
which is practically eliminated in the coherent reconginrs, Fig. 10.6(e),(f).

10.8 Validation

In order to measure the accuracy of our algorithm we createsyrahetic
ground truth video sequence by texturing a virtual humamadtar model (skele-
ton+surface mesh) with a constant noise texture, animatiegnodel with cap-
tured motion data, and rendering it back into 16 virtual caangews. By this
means, we obtain for each time step a ground truth 3D modél eaihstant tri-
angulation, as well as respective image data. To compargesults against
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Figure 10.4: (a) Average vertex distance (ifR®) over time. (b) Recall accuracy
(geodesic) for all vertices in complete sequence. Errors gim w.r.t. ground
truth sequence in % of bounding box size {%error  1:8cm)

ground truth, we reconstruct visual hull meshes for all ®anof the synthetic
input and align the ground truth 3D model of the rst framehwvill subsequent
ones. Fig. 10.4(a) shows that the average vertex distatae®e the ground truth
and the coherent reconstruction remains at a very low lé\E}woof the bounding
box dimension over time. The plot also shows no signi cambedrift which
underlines the robustness of our algorithm. Fig. 10.4(lpwshrecall accuracy:
for more tharB0%of the vertices (all time-steps) we are witHiflo bounding box
diagonal € 2cm) error radius.

By comparing the overlap between the coherent animationsheenhput silhou-
ette images, we can assess the reconstruction quality Ifegaences. On aver-
age, around 2.4% of the input silhouette pixels do not opentdh the reprojec-
tion which corresponds to an almost perfect match betweaut iand our result,
see Fig. 10.5(b). This comparison also clearly shows thaseleorrespondences
are indeed needed to achieve this quality level as a defmmbased on coarse
features alone leads to a high residual alignment error, g (a).

Our visual and quantitative results con rm effectivenessl &f ciency of our
method. In the following we discuss some properties andtditions inherent
to the approach.

As we reconstruct shape from silhouette in every frame, tfadity of results de-
pends on the quality of the input video data and may suffenfadifacts attributed
to the visual hull method itself. Some of the apparent phantolumes in the re-
sults are solely due to the inability of shape-from-silhteienethod to reconstruct
concavities, and they are not introduced by our correspwaleethod. The fo-
cus of this method is not improving per-time step shapesrstaction itself, and
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(@) (b)

Figure 10.5: Overlap of silhouettes of input and reprojecte reconstructions
in one camera view (red: non-overlapping pixels of input sihouette; green:
non-overlapping pixels of reconstruction). (a) Coarse caespondences alone
don't lead to a satisfactory alignment. (b) Dense correspatiences, however,
lead to an almost perfect alignment.

our method could be used in just the same way with more addaecenstruction
methods that also enforce photo-consistency, such as spagag.

Comparing to related work by Starck et al. [Starck05], ourapph is more exi-
ble (handles surfaces of arbitrary genus) and more ef c[{&tarck] as it does not
rely on spherical parametrization, which is a non-triviedlgem in its own. For
their recent follow-up paper [StarckO7a], we rst remarktkheir goal is different
in that wide time-frames are taken into account to solve bajlproblem. Hence,
it is natural that our local approach is much more ef cientt the same time is
accurate (they report typical errors of 5—-10cm in theinsgjtand provides a map
for anysurface point.

Also, some video sequences show a fair amount of motion &hd,hence some
reconstruction errors appear which could be easily oveecwith faster cam-
eras. Despite these unfaithful reconstructions our téste she robustness of our
method.

Our approach does not require surface parametrization. eMenyit shares one
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limitation with most practical parametrization methodsjmely the absence of
guarantees to obtain a valid one-to-one mapping: this meaatfold-overs may
occur when triangles are mapped between surfaces [Horridanml practice,
the alignment by means of Laplacian deformation smoothéswueh local mis-
matches. This fact and experiments back the assumptionaolyrisometric de-
formations.

From a theoretical point of view our method is not proven tadia changes of
the surface topology over time: “coordinate” functions htige locally unrelated
in this situation, hence there is no guarantee that restdtmaaningful in the af-
fected surface regions. Note that similar arguments aesfemanymethod relying
on local isometry which is not given under topology chandegractice however,
our method performs robustly towards typically observgmbtogy changes (such
as arms and legs merging in the visual hulls) similarly taf&07a]. To illustrate
this robust handling, the video contains two syntheticgiyerated example se-
guences (similar to the sequence used for accuracy measuoieim which arms
and legs merge with the rest of the body. Generally, our gospatio-temporally
coherent reconstruction, hence, topology changes sheutddided or corrected
during the initial reconstruction step.

We gave intuitive motivation for selecting suitable “coim@te” functions and ap-
plying appropriate matching of surface points. We shouldaxk that several as-
pects of our approach are based on heuristics which aresgistinly empirically,
in particular the choice of distance measlrg. An alternative approach might
be based on learning techniques which compute perfecthnpetrized distance
functions for training sets.

Despite these limitations we have presented a robust argieet dense corre-
spondence nding method that enables spatio-temporalemmt animation re-
construction from multi-view video footage.

10.9 Conclusion

We presented a method to establish dense surface correspmscbetween origi-
nally unrelated shape-from-silhouette volumes that haanlyeconstructed from
multi-view video. Our approach relies on sparse robustcaptieatures from
which dense correspondence is inferred in a discretizatidependent way and
without the use of parametrization techniques. Dense sporaences serve as
mapping between surfaces to align a mesh with constant ctwite to all per-
time-step reconstructions. Our experiments con rm efraig and robustness of
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@) (b) (© (d)

(e) (f) ) (h)

Figure 10.6: (a)-(d) Sample frames from a spatio-temporajl coherent recon-
struction of a capoeira move. Note that the actor's shape isithfully recon-
structed and triangle distortions are low. Remaining geomgy artifacts are
solely due to limitations of shape-from-silhouette methos. — The advantage
of our reconstruction becomes very apparent in case of coagdriangulations
( 750triangles). (e), (f) show subsequent frames from our recomsiction,
and (g),(h) the same frames from the non-coherent input. Thertangulation
in the former models remains very consistent while in the laer case the tri-
angulation dramatically changes even from one time step tdie next.

our approach, even in the presence of topology changes. sidtseve recon-
struct animations from video as a deforming mesh with conistaucture and low
tangential distortion. This kind of input is required by seluent higher-level
processing tasks, such as analysis, compression, regcistrimprovement, etc.

Our method allows us to reconstruct spatio-temporally oeditegeometry of ar-
bitrary scenes directly from multi-view video data. Earlie this thesis, we pre-
sented solutions to different problems that made use ofeheplate mesh for
capturing the shape and motion of the human actor. In ordethfise methods
to work correctly with different subject, e.g. animals, thailability of the cor-

rect template geometry was necessary. We can completdpcesfhe template
geometry along with shape and motion capture with our metiwbech provides
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spatio-temporally coherent dynamic geometry of arbitsamgnes. This allows us
to apply variety of video-based rendering, relighting ord@aking algorithms over
a wide range of multi-view video sequences, even if no tetaptaavailable. It
should be noted that a template model would not suffer byithiggtions induced
by the geometry reconstruction methods, e.g. concaviteslevel of detail etc.
On the other hand, our method allows a higher degree of &#hn comparison
to using a template model at the cost of the lower overall mayu
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Chapter 11

Conclusions and Future Work

In this thesis we presented algorithmic solutions for a neindd problems that
arise in the reconstruction of high quality animation of taun®s from multi-view

video data. Although the solution to each problem has besatdd individually,

they could also be combined to constitute a complete anomaipeline for acqui-
sition, reconstruction and rendering of high quality vaitactors from multi-view

video data. Even though the focus of the methods is recanstguanimation of

real-world human actors, their fundamental principals lsarapplied to a larger
class of real-world scenes.

In part | of this thesis, we described the fundamental coreptmthat are com-
monly used in all the algorithmic solutions described intthesis. We described
how to model the shape, appearance and kinematics of a huwWaralso de-
scribed methods to animate the digitized human body modedj imth the kine-
matic skeleton and deformation. Either of the two animatiechniques has
been used throughout the solutions. In Chapter 3 we descobedulti-view
video studio, which is used to acquire high quality syncized multi-view video
streams under calibrated cameras and lighting. The achuidti-view video
streams are used in all of the presented algorithmic saisitio

In part 1l of this thesis we presented an automatic modegthapproach to gen-
erate a personalized avatar from multi-view video stredmg/gg a moving per-
son. This solution is tailored for a speci ¢ scenario whdre tomplexity of the
model is limited by the available resources. We create higdility personal-
ized human avatars with simplest of model descriptions. alsar's geometry
is generated by shape adapting a template human body mddedurface tex-
ture is assembled from multi-view video frames showingteaby different body
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poses. The generated static texture can be used to rendeortimete human
animation with just a single texture. Personalized humaataas allow for the
photo-realistic rendition of real-world humans with a mmail model description.
We demonstrated that they can be easily incorporated inalienvironments.

In part Il of this thesis, we described methods that allowtaiseconstruct high
quality relightable free-viewpoint video from multi-viewideo data. We extended
the earlier work in the area of dynamic surface re ectandaregion. First, we
rst described a method to improve spatio-temporal registn of the dynamic
texture. The new method detects and compensates the gluftihe apparel over
the body's surface of the actor. Exact texture registraisoone of the main re-
quirement for the accurate estimation of surface re ecta@ur second contribu-
tion was a spatio-temporal re ectance sharing method #duices the bias in the
estimated dynamic re ectance. This method assures thadiated re ectance
properties are not biased towards the recording envirohméfe validated our
methods both visually and quantitatively.

In part IV of this thesis, we presented one of the rst passhethods to recon-
struct geometry of large dynamic scenes showing movingsetainprecedented
detail and accuracy from video only. Methods presentedezanl the thesis, used
models that did not have embedded high resolution dynamaigestietails. For re-
lightable free-viewpoint video, we measured dynamic sigfaormal eld param-
eterized over the smooth template. This was suf cient fordexing relightable
free-viewpoint video from many angles apart from grazingggnvhich require the
details in the geometry. Also, the conversion of potentialbise-contaminated
normal eld parameterized over an arbitrarily shaped srhaoftrface into highly-
detailed time-varying scene geometry, is a dif cult prable itself. We make use
of the previous work in relightable free-viewpoint videmdaimprove the origi-
nal re ectance estimation and normal estimation approackrbploying robust
statistics to handle sensor noise faithfully. Later, weligppa new MRF-based
spatio-temporal surface deformation approach that ctsee geometric details
encoded in the normals into true dynamic 3D displacements.

Adding time-varying details to the geometry results in veigh quality anima-

tions. Moreover, our method is completely passive and doesequire any addi-
tional information other than multi-view video streamsaorted under calibrated
light sources. Our method can reconstruct subtle dynanomgéy details, such
as wrinkles and folds in clothing. Our spatio-temporal restcuction method
outputs displaced geometry that is accurate at each tinpeo$tthe video and

temporally smooth, even if the input data are affected bgeaoi

In part V of this thesis, we described a method to establistselsurface corre-
spondences between originally unrelated shape-fronotggtie volumes that have



109

been reconstructed from multi-view video. The method upasse robust features
that are used as the anchor points from which the dense porrdence is estab-
lished. Dense correspondences are not only discretizata@pendent but also
do not use any parameterization technique. This assureththmethod does not
suffer from any parameterization induced limitations, ggints at singularities.
The method establishes dense correspondence between ltwoegothat are re-
constructed from adjacent frames of the video. Dense quuretences allow triv-
ial deformation of one volume to the other. Starting from tisetwo frames, the
dense correspondences are propagated over the whole segueiith the start-
ing volume being deformed at each time steps. This resuéispatio-temporally
coherent animation as a deforming mesh with low tangenisabdion.

Spatio-temporally coherent scene geometry is an impoaadthighly required
property in captured animations. The output from our metbaa be directly
used in the solutions presented earlier in this thesis. hlgarlier method used
a template model for capturing the shape and tracking théomof the human
actor. Thus the availability of the template and its accyraas one of the limi-
tations in all of the methods. Spatio-temporally coheresurgetry of arbitrary
scenes removes the template induced limitations and altbwest application
of the video-based algorithms over multi-view video datald&vonally, spatio-
temporal coherence is an explicit requirement for somestasich as surface
re ectance estimation, compression, motion analysigjreglireconstruction im-
provements, etc. Our proposed method is not only very efickat is also very
robust even in the presence of topology changes. Even theadtave only used
the recordings of human actors for our experiments, the adetan be applied on
any subject as long as the high spatial details in the inplgosare present.

The methods presented in the thesis demonstrate that itngnossible to pas-
sively reconstruct high quality 3D animation from multew video data. We
would like to note that the arrival of high quality and highcaacy acquisition
equipments have also played a part in the development oé tinethods. We
can envision that in the future, with even higher resolutm accuracy video
acquisition, the reconstructions quality or at least thal renditions should be
even better. The methods presented in this thesis represeet early steps in the
direction of high quality 3D animation reconstruction fraideo. They con rm
that this goal is not only achievable but can already be gatpractice with their
use.



110 Chapter 11: Conclusions and Future Work




Bibliography

[Agarwal03]

[Agrawal06]

[Ahmedo5]

[Ahmed07a]

[Ahmed07b]

[Ahmed08a]

SAMEER AGARWAL, RAVI RAMAMOORTHI, SERGE BE-
LONGIE, AND HENRIK WANN JENSEN Structured impor-
tance sampling of environment maps. $WGGRAPH '03:
ACM SIGGRAPH 2003 Paperpages 605-612, New York,
NY, USA, 2003. ACM.

AMIT K. AGRAWAL, RAMESH RASKAR, AND RAMA CHEL-
LAPPA. What Is the Range of Surface Reconstructions from a
Gradient Field? IrProc. of ECCV pages 578-591, 2006.

NavEED AHMED, EDILSON DE AGUIAR, CHRISTIAN
THEOBALT, MARCUS MAGNOR, AND HANS-PETER SEI-
DEL. Automatic generation of personalized human avatars
from multi-view video. INVRST '05: Proceedings of the ACM
symposium on Virtual reality software and technologgiges
257-260, New York, NY, USA, 2005. ACM.

MVEED AHMED, CHRISTIAN THEOBALT, MARCUS A.
MAGNOR, AND HANS-PETER SEIDEL. Spatio-Temporal
Registration Techniques for Relightable 3D Video. IGIP
(2), pages 501-504. IEEE, 2007.

NAWVEED AHMED, CHRISTIAN THEOBALT, AND HANS-
PETER SEIDEL. Spatio-temporal Re ectance Sharing for Re-
lightable 3D Video. In Andr Gagalowicz and Wilfried Philips
editors,MIRAGE volume 4418 ot_ecture Notes in Computer
Sciencepages 47-58. Springer, 2007.

MVEED AHMED, CHRISTIAN THEOBALT, PETAR DOBREYV,
SEBASTIAN THRUN, AND HANS-PETER SEIDEL. Robust Fu-
sion of Dynamic Shape and Normal Capture for High-quality
Reconstruction of Time-varying Geometry. @VPR Anchor-
age, Alaska, 2008. IEEE Computer Society.



112

BIBLIOGRAPHY

[Ahmed08b]

[Alliez07]

[Anguelov04]

[Baran07]

[Barron92]

[BernardiniO1]

[Boivin01]

[Borovikov0O]

[BotschQ7]

[Brostow04]

[Byrd95]

NVEED AHMED, CHRISTIAN THEOBALT, CHRISTIAN
ROSSL, SEBASTIAN THRUN, AND HANS-PETER SEIDEL.
Dense Correspondence Finding for Parametrization-free An-
imation Reconstruction from Video. IGVPR Anchorage,
Alaska, 2008. IEEE Computer Society.

P. ALLIEZ, G. UcELLI, C. GOTSMAN, AND MARCO AT-
TENE. Recent Advances in Remeshing of SurfacesShape
Analysis and StructuringSpinger, 2007.

D. ANGUELOV, D. KOLLER, P. SRINIVASAN, S. THRUN,
H.-C. IANG, AND J. Davis. The correlated correspondence
algorithm for unsupervised registration of nonrigid sugs.

In Proc. NIPS 2004.

LyA BARAN AND JOVAN PopovIC. Automatic rigging and
animation of 3D charactersACM Trans. Graph. 26(3):72,
2007.

J.L. B\RRON, D.J. H.EET, S.S. BEAUCHEMIN, AND T.A.
BURKITT. Performance Of Optical Flow Techniques. In
CVPR pages 236-242, 1992.

FAUSTO BERNARDINI, |OANA M. MARTIN, AND HOLLY
RUSHMEIER. High-quality texture reconstruction from mul-
tiple scanslEEE TVCG 7(4):318-332, 2001.

SAMUEL BOIVIN AND ANDRE GAGALOWICZ. Image-Based
Rendering of Diffuse, Specular and Glossy Surfaces From a
Single Image. IrProc. of ACM SIGGRAPH 200pages 107—
116, 2001.

E. BoroviKoVv AND L. DAvis. A Distributed System for
Real-Time Volume Reconstruction. Iroceedings of Intl.
Workshop on Computer Architectures for Machine Perception
page 183ff, 2000.

M. BoTSCH AND O. SORKINE. On linear variational surface
deformation methoddEEE TVCG 2007.

&ABRIEL J. BROSTOW IRFAN ESSA, DREW STEEDLY, AND
VIVEK KWATRA. Novel Skeletal Representation For Articu-
lated Creatures. IECCV04 pages Vol lll: 66—78, 2004.

RICHARD H. BYRD, PEIHUANG LU, JORGENOCEDAL, AND
CI You ZHu. A Limited Memory Algorithm for Bound Con-



BIBLIOGRAPHY 113

strained OptimizationSIAM Journal on Scienti c Computing
16(6):1190-1208, 1995.

[CO8a] http://www.mpi-inf. mpg.de/nahmed/CVPRO08b.wmv .
[CO8b] http://www.mpi-inf.mpg.de/nahmed/CVPR08a.wmv .
[Carranza03] J. BRRANZA, C. THEOBALT, M.A. MAGNOR, AND H.-P.

SEIDEL. Free-Viewpoint Video of Human Actors. roc. of
SIGGRAPH'03 pages 569-577, 2003.

[Chang07] J YONG CHANG, KYOUNG MU LEE, AND SANG UK LEE.
Multiview normal eld integration using level set methods.
CVPR 2007.

[Cheung00] K. M. (GIEUNG, T. KANADE, J.-Y. BOUGUET, AND

M. HOLLER. A Real Time System for Robust 3D Voxel Re-
construction of Human Motions. IRroc. of CVPRvolume 2,
pages 714 — 720, June 2000.

[Cheung03] G. GEUNG, S. BAKER, AND T. KANADE. Shape-from-
silhouette for articulated objects and its use for humanybod
kinematics estimation and motion capture. Rroc. CVPR
2003.

[de Aguiar04] E.DE AGUIAR, C. THEOBALT, M. MAGNOR, H. THEISEL,
AND H.-P. SIDEL. Marker-free Model Reconstruction and
Motion Tracking from 3D Voxel Data. Proc. IEEE Pacic
Graphics 2003Seoul, South Korea, pages 101-110, October
2004.

[de Aguiar05] EDILSON DE AGUIAR, CHRISTIAN THEOBALT, MARCUS
MAGNOR, AND HANS-PETER SEIDEL. Reconstructing Hu-
man Shape and Motion from Multi-View Video. Bnd Euro-
pean Conference on Visual Media Production (CVMgges
42-49, London, UK, December 2005. The IEE.

[de AguiarO7a] EDE AGUIAR, C. THEOBALT, C. StoLL, AND H.-P. &I-
DEL. Rapid Animation of Laser-scanned Humans. IEEE
Virtual Reality 2007 pages 223-226, 2007.

[de AguiarO7b] BILSON DE AGUIAR, CHRISTIAN THEOBALT, CARSTEN
STOLL, AND HANS-PETER SEIDEL. Marker-less Deformable
Mesh Tracking for Human Shape and Motion Capture. In
Proc. CVPRpages 1-8. IEEE, 2007.



114

BIBLIOGRAPHY

[de Aguiar08]

[Debevec97]

[Debevec00]

[Einarsson06]

[Elad03]

[Farin99]

[Franco03]

[Frankot88]

[Fua94]

[Fua98]

E.DE AGUIAR, C. StoLL, C. THEOBALT, N. AHMED, H.-P.
SEIDEL, AND S. THRUN. Performance Capture from Sparse
Multi-view Video. In ACM TOG (Proc. SIGGRAPH2008.

RUL E. DEBEVEC AND JTENDRA MALIK . Recovering high
dynamic range radiance maps from photographs. SIG-
GRAPH '97: Proceedings of the 24th annual conference on
Computer graphics and interactive techniqgugmges 369—
378, New York, NY, USA, 1997. ACM Press/Addison-Wesley
Publishing Co.

P. BBEVEC, T. HAwWKINS, C. TcHoU, H.-P. DUIKER,
W. SAROKIN, AND M. SAGAR. Acquiring the Re ectance
Field of a Human FaceProc. of ACM SIGGRAPH'00pages
145-156, 2000.

PR EINARSSON, CHARLES-FELIX CHABERT, ANDREW
JONES, WAN-CHUN MA, BRUCE LAMOND, IM HAWKINS,
MARK BOLAS, SEBASTIAN SYLWAN, AND PauL DE-
BEVEC. Relighting Human Locomotion with Flowed Re-
ectance Fields. InRendering Techniquepages 183-194,
2006.

A. BLAD AND R. KIMMEL. On Bending Invariant Signatures
for SurfaceslEEE Trans. PAM| 25(10):1285-1295, 2003.

GERALD FARIN. Curves and Surfaces for CAGD: A Practical
Guide Morgan Kaufmann, 1999.

ZEAN-SEBASTIEN FRANCO AND EDMOND BOYER. Exact
Polyhedral Visual Hulls. IrProc. of BMVC pages 329-338,
2003.

FOBERT T. FRANKOT AND RAMA CHELLAPPA. A Method
for Enforcing Integrability in Shape from Shading Algoritis.
IEEE Trans. PAM| 10(4):439-451, 1988.

FRAsScAL FUA AND YVAN G. LECLERC Using 3-Dimensional
Meshes To Combine Image-Based and Geometry-Based Con-
straints. InProc. of ECCV pages 281-291, 1994.

P. A, A. GRUEN, R. PLANKERS, N. APUZzZO, AND

D. THALMANN. Human body modeling and motion analy-
sis from video sequences. Rroc. Int. Symp. on Real-Time
Imaging and Dynamic Analysi4998.



BIBLIOGRAPHY 115

[Gal06] RAN GAL AND DANIEL COHEN-OR. Salient geometric fea-
tures for partial shape matching and similarithCM TOG
25(1):130-150, 2006.

[Gardner03] A. QRDNER, C. TcHou, T. HAWKINS, AND P. DEBEVEC.
Linear light source re ectometry. ACM Trans. Graphics.
(Proc. of SIGGRAPH'03)22(3):749-758, 2003.

[Georghiades03] AHINODOROS S. GEORGHIADES Recovering 3-D Shape
and Re ectance From a Small Number of Photographs. In
Eurographics Symposium on Renderipgges 230—-240, 2003.

[Gibson01] $MON GIBSON, TOBY HOWARD, AND ROGER HUBBOLD.
Flexible Image-Based Photometric Reconstruction using Vir-
tual Light SourcesComputer Graphics Forun20(3), 2001.

[Goesele00] M. ®ESELE, H. LENSCH, W. HEIDRICH, AND H.-P. SEI-
DEL. Building a Photo Studio for Measurement Purposes. In
Proc. of VMV2000pages 231-238, 2000.

[Goldman04] D. ®LDMAN, B. CURLESS A. HERTZMANN, AND
S. SITz. Shape and Spatially-Varying BRDFs From Pho-
tometric Stereo. IProc. of ICCV, pages 341-448, 2004.

[Gross03] MARKUS H. GROSS STEPHAN WURMLIN, MARTIN NAF,
EDOUARD LAMBORAY, CHRISTIAN P. SPAGNO, AN-
DREAS M. KUNZ, ESTHER KOLLER-MEIER, TOMAS SvO-
BODA, Luc J. VAN GooL, SILKE LANG, KAl STREHLKE,
ANDREW VANDE MOERE, AND OLIVER G. STAADT. blue-
c: a spatially immersive display and 3D video portal for
telepresence ACM Trans. Graph. (Proc. of SIGGRAPH'Q3)
22(3):819-827, 2003.

[Hahnel03] D. HRHNEL, S. THRUN, AND W. BURGARD. An Extension
of the ICP Algorithm for Modeling Nonrigid Objects with Mo-
bile Robots. InProc. of IJCA| 2003.

[Hartley0O0] R. HARTLEY AND A. ZISSERMAN. Multiple View Geometry
in Computer Vision Cambridge University Press, 2000.

[Hawkins04] T. HAWKINS, A. WENGER, C. TcHou, A. GARDNER,
F. GORANSSON AND P. DEBEVEC. Animatable Facial Re-
ectance Fields. IrProc. of Eurographics Symposium on Ren-
dering, pages 309-319, 2004.



116 BIBLIOGRAPHY

[Heikkila96] J. HEIKKILA AND O. SLVEN. Calibration Procedure for
Short Focal Length Off-the-shelf CCD Cameras. Piroc. of
13th ICPR pages 166-170, 1996.

[Hermandez04] C. HBRNANDEZ AND F. SCHMITT. Silhouette and Stereo
Fusion for 3D Object Modeling.Computer Vision and Im-
age Understanding, special issue on ‘Model-based and image
based 3D Scene Representation for Interactive Visuatiaati
December 2004.

[Hernandez07] @RLOS HERNANDEZ, GEORGE VOGIATZIS, GABRIEL J.
BROSTOW BJOORN STENGER, AND ROBERTO CIPOLLA.
Non-Rigid Photometric Stereo with Colored Lights. Rinoc.
of ICCV, 2007.

[Hilton99] ADRIAN HILTON, DANIEL BERESFORD THOMAS GEN-
TILS, RAYMOND SMITH, AND WEI SUN. Virtual People:
Capturing Human Models to Populate Virtual Worlds. GA
'99: Proceedings of the Computer Animatjgrage 174, Wash-
ington, DC, USA, 1999. IEEE Computer Society.

[Hormann07] Kal HORMANN, BRUNO LEVY, AND ALLA SHEFFER Mesh
Parameterization: Theory and PracticeSIGGRAPH Course
Notes 2007.

[Huber03] DANIEL HUBER AND MARTIAL HEBERT. Fully automatic
registration of multiple 3D data setd/C, 21(7):637—-650, July
2003.

[Huber04] P.J. WWBER. Robust Statisticswiley, 2004.

[Jain95] R. AIN, R. KASTURI, AND B. G. SCHUNCK. Machine V-

sion McGraw Hill International, 1995.

[Jones06] AIDREW JONES, ANDREW GARDNE, MARK BOLAS, IAN
McDOWALL, AND PauL DEBEVEC. Performance Geometry
Capture for Spatially Varying Relighting. IRroc. of CVMR
2006.

[Kakadiaris95] |. A. KAKADIARIS AND D. METAXAS. 3D human body
model acquisition from multiple views. IICCV '95: Pro-
ceedings of the Fifth International Conference on Computer
Vision, page 618, Washington, DC, USA, 1995. IEEE Com-
puter Society.



BIBLIOGRAPHY 117

[Kanade97] RKEO KANADE, PETER RANDER, AND P. J. N\ARAYANAN .
Virtualized Reality: Constructing Virtual Worlds from Real
SceneslEEE MultiMedia 4(1):34-47, 1997.

[Kanade98] T. KKNADE, H. SAITO, AND S. VEDULA. The 3D Room:
Digitizing Time-Varying 3D Events by Synchronized Mul-
tiple Video Streams. Technical Report CMU-RI-TR-98-34,
Robotics Institute - Carnegie Mellon University, 1998.

[Kazhdan06] M. KAZHDAN, M. BOLITHO, AND H. HOPPE Poisson Sur-
face Reconstruction. IRroc. SGR pages 61-70, 2006.

[KuckO4] H. KUCK, W. HEIDRICH, AND C. VOGELGSANG Shape
from Contours and Multiple Stereo - A Hierarchical, Mesh-
Based Approach. IERV, pages 76-83, 2004.

[Kutulakos00] KIRIAKOS N. KUTULAKOS AND STEVEN M. SEITz. A
Theory of Shape by Space Carvingnt. J. Comput. Vision
38(3):199-218, 2000.

[Lafortune97a] E. IAFORTUNE, S. FoO, K. TORRANCE, AND D. GREEN-
BERG. Non-Linear Approximation of Re ectance Functions,
August 1997.

[Lafortune97b]  ERIC P. F. LAFORTUNE, SING-CHOONG FOO, KENNETH E.
TORRANCE, AND DONALD P. GREENBERG Non-linear
approximation of re ectance functions. IRroc. of SIG-
GRAPH'97 pages 117-126. ACM Press, 1997.

[Lange99] HOLGERLANGE. Advances in the Cooperation of Shape from
Shading and Stereo VisioBdim, 00:0046, 1999.

[Lee0O] W-S. LEE, J. GU, AND N. MAGNENAT-THALMANN . Gen-
erating Animatable 3D Virtual Humans from Photographs. In
M. Gross and F. R. A. Hopgood, editoGomputer Graphics
Forum (Eurographics 2000yolume 19(3), 2000.

[Lensch03] HENDRIK P. A. LENSCH, JAN KAUTZ, MICHAEL GOESELE,
WOLFGANG HEIDRICH, AND HANS-PETER SEIDEL. Image-
Based Reconstruction of Spatial Appearance and Geometric
Detail. ACM Transactions on Graphic82(2):27, 2003.

[Lensch04] HENDRIK P. A. LENSCH Ef cient, Image-Based Appearance
Acquisition of Real-World Object®hD thesis, Universit des
Saarlandes, &Gtingen, Germany, March 2004.



118

BIBLIOGRAPHY

[Levoy96]

[Li02]

[Lowe99]

[Lucas81]

[Luck02]

[Marschner98]

[Matsuyama02]

[Matsuyama04]

[Matusik00]

[Matusik01]

[Matusik03]

MARC LEVOY AND PAT HANRAHAN. Light eld rendering.
In in Proc. of ACM SIGGRAPH'9&ages 31-42, 1996.

MING LI, HARTMUT SCHIRMACHER, MARCUS MAGNOR,
AND HANS-PETER SEIDEL. Combining Stereo and Visual
Hull Information for On-line Reconstruction and Rendering of
Dynamic Scenes. IiProc. of IEEE Multimedia and Signal
Processingpages 9-12, 2002.

DaviD G. Lowe. Object Recognition from Local Scale-
Invariant Features. IProc. IEEE ICCV volume 2, page
1150ff, 1999.

B. LucAas AND T. KANADE. An iterative image registra-
tion technique with an application to Stereo Vision. Rroc.
DARPA 1U Workshoppages 121-130, 1981.

J. Luck AND D. SMALL. Real-Time Markerless Mo-
tion Tracking Using Linked Kinematic Chains. Rroc. of
CVPRIP 2002.

S. MRSCHNER Inverse Rendering for Computer Graphics
PhD thesis, Cornell University, 1998.

T. MTSUYAMA AND T. TAKAI. Generation, Visualization,
and Editing of 3D Video. IrProc. of 1st International Sympo-
sium on 3D Data Processing Visualization and Transmission
(3DPVT'02) page 234ff, 2002.

T. MTSUYAMA, X. WU, T. TAKAI, AND S. NOBUHARA.
Real-time 3D shape reconstruction, dynamic 3D mesh defor-
mation and high delity visualization for 3D video.CVIU,
96(3):393-434, 2004.

W. MATUSIK, C. BUEHLER, R. RASKAR, S.J. G®RTLER,
AND L. MCMILLAN . Image-Based Visual Hulls. IRroceed-
ings of ACM SIGGRAPH Q@ages 369-374, 2000.

W. MATUSIK, C. BUEHLER, AND L. MCMILLAN. Polyhe-

dral Visual Hulls for Real-Time Rendering. Proceedings of
12th Eurographics Workshop on Renderipgges 116-126,
2001.

W. MATUSIK, H. PFISTER, M. BRAND, AND L. MCMIL-
LAN. A data-driven re ectance modelACM Trans. Graph.
(Proc. SIGGRAPH'03)22(3):759-769, 2003.



BIBLIOGRAPHY 119

[Matusik04] WOJCIECHMATUSIK AND HANSPETERPFISTER 3D TV: a
scalable system for real-time acquisition, transmissaon,au-
tostereoscopic display of dynamic scen&€M Trans. Graph.
(Proc. of SIGGRAPH'04)23(3):814-824, 2004.

[Moezzi97] AIED MOEZzI, LI-CHENG TAI, AND PHILIPPE GERARD.
Virtual View Generation for 3D Digital Video.lEEE Multi-
Media, 4(1):18-26, 1997.

[Motion] ORGANIC MOTION. http://www.organicmotion.com.

[Narayanan98]  P.J.MARAYANAN, P. RANDER, AND T. KANADE. Construct-
ing Virtual Worlds using Dense Stereo. Rroc. of ICCV'98
pages 3-10, 1998.

[Nehab05] DEGO NEHAB, SZYMON RUSINKIEWICZ, JAMES DAvIs,
AND RAVI RAMAMOORTHI. Ef ciently Combining Positions
and Normals for Precise 3D Geometr ACM TOG 24(3),

2005.
[Nesys] NESYs http://lwww.nesys.de/.
[Nishino01] K. NISHINO, Y. SATO, AND K. IKEUCHI. "Eigen-Texture

Method: Appearance Compression and Synthesis based on a
3D Model”. IEEE Trans. PAM]23(11):1257-1265, nov 2001.

[Pagquette96] $EVEN PAQUETTE. 3D Scanning in Apparel Design and Hu-
man EngineeringlEEE Comput. Graph. Appl16(5):11-15,
1996.

[Phong75] B.-T. RIONG. Illumnation for Computer Generated Pictures.

Communications of the ACNdages 311-317, 1975.

[Poppe07] R.W. BPPE Vision-based Human Motion Analysis: An
Overview.CVIU, 108:4-18, 2007.

[Ramamoorthi0l] R. RMAMOORTHI AND P. HANRAHAN. A Signal-
Processing Framework for Inverse RenderingPtaceedings
of SIGGRAPH 2001pages 117-128. ACM Press, 2001.

[Reuter06] M. REUTER, F.-E. WOLTER, AND N. PEINECKE. Laplace-
Beltrami spectra as 'Shape-DNA' of surfaces and solids.
Computer-Aided Desigr38(4):342—-366, 2006.

[Rushmeier97] H. RSHMEIER, G. TAUBIN, AND A. GUEzIEC. Applying
Shape from Lighting Variation to Bump Map Capture.Hn-
rographics Workshop on Renderiqgages 35—-44, June 1997.



120 BIBLIOGRAPHY

[Rusinkiewicz00] S. RSINKIEWICZ AND S. MEASUREMENT MARSCHNER
Measurement | - BRDFs. Script of course CS448C: Topics
in Computer Graphics, held at Stanford University, October
2000.

[Rusinkiewicz05] S. RSINKIEWICZ, B. BROWN, AND M. KAZHDAN. 3D Scan
Matching and Registration. lMCCV short course2005.

[Sato97] YOICHI SATO, MARK D. WHEELER, AND KATSUSHI
IKEUCHI. Object Shape and Re ectance Modeling from Ob-
servation. InProc. of SIGGRAPH'9/pages 379-388, 1997.

[Shinya04] MKIO SHINYA. Unifying Measured Point Sequences of De-
forming Objects. IProc. of 3ADPVT pages 904-911, 2004.

[Starck] JHNATHAN STARCK. personal communication.

[Starck05] J. SARCK AND A. HILTON. Spherical Matching for Tempo-

ral Correspondence of Non-Rigid Surfac#sEE ICCV, pages
1387-1394, 2005.

[Starck06] J. SARCK, G. MILLER, AND A. HILTON. Volumetric Stereo
with Silhouette and Feature Constraint®?roc. of BMVC
3:1189-1198, 2006.

[Starck07a] J. 3ARCK AND A. HiLTON. Correspondence labelling for
wide-timeframe free-form surface matching. IEEE ICCV,
2007.

[Starck07b] J. $ARCK AND A. HILTON. Surface Capture for Performance

Based AnimationlEEE Computer Graphics and Applicatigns
27(3):21-31, 2007.

[Stoll06] C. SroLL, Z. KARNI, C. ROssL, H. YAMAUCHI, AND H.-P.
SEIDEL. Template Deformation for Point Cloud Fitting. In
Proc. SGR pages 27-35, 2006.

[Sumner04] RBERT W. SUMNER AND JOVAN Popovic. Deformation
transfer for triangle mesheACM TOG (Proc. SIGGRAPH)
23(3):399-405, 2004.

[Theobalt03] C. HEOBALT, M. LI, M. MAGNOR, AND H.-P. EIDEL. A
Flexible and Versatile Studio for Multi-View Video Record-
ing. In Peter Hall and Philip Willis, editora/ision, Video and
Graphics 2003pages 9-16, Bath, UK, July 2003. Eurograph-
ics, Eurographics.



BIBLIOGRAPHY 121

[Theobalt04] C. HEOBALT, J. CARRANZA, M. MAGNOR, AND H.-P.
SEIDEL. Combining 3D Flow Fields with Silhouette-based
Human Motion Capture for Immersive Vide@Graphical Mod-
els 66:333-351, September 2004.

[TheobaltO5a] GRISTIAN THEOBALT. From Image-based Motion Analysis
to Free-Viewpoint VideoPhD thesis, Universit des Saarlan-
des, December 2005.

[TheobaltO5b] GIRISTIAN THEOBALT, NAVEED AHMED, EDILSON
DE AGUIAR, GERNOT ZIEGLER, HENDRIK P. A. LENSCH,
MARCUS MAGNOR, AND HANS-PETER SEIDEL. Joint
Motion and Re ectance Capture for Creating Relightable
3D Videos. Research Report MPI-I-2005-4-004, Max-
Planck-Institut fuer Informatik, Saarbruecken, Germapy;il
2005.

[Theobalt07] CGIRISTIAN THEOBALT, NAVEED AHMED, HENDRIK P. A.
LENSCH, MARCUS MAGNOR, AND HANS-PETER SEIDEL.
Seeing People in Different Light - Joint Shape, Motion and
Re ectance CapturdEEE TVCG 2007.

[Tsai86] R. Y. TsAl. An Efcient and Accurate Camera Calibration
Technique for 3D Machine Vision. IRroc. of CVPR pages
364-374, 1986.

[Wand07] MCHAEL WAND, PHILIPP JENKE, QIXING HUANG,
MARTIN BOKELOH, LEONIDAS GUIBAS, AND ANDREAS
SCHILLING. Reconstruction of deforming geometry from
time-varying point clouds. IProc. SGR pages 49-58, 2007.

[Ward92] G. J. WARD. Measuring and Modeling Anisotropic Re ec-
tion. In Proc. of SIGGRAPHpages 265-272, 1992.

[Wardetzky07] M. WARDETZKY, S. MATHUR, F. KLBERER, AND E. GRIN-
SPUN Discrete Laplace operators:No free lunch. Rroc.
SGR pages 33-37, 2007.

[Waschliisch05] M. WASCHBUSCH, S. WURMLIN, D. COTTING, F. SADLO,
AND M. GROSS Scalable 3D Video of Dynamic Scenes. In
Proc. of Paci ¢ Graphics pages 629—-638, 2005.

[Waschliilsch07] M. WASCHBUSCH, S. WURMLIN, AND M. GROSS 3D Video
Billboard Clouds. InProc. Eurographics2007.



122

BIBLIOGRAPHY

[Weng90]

[Wenger05]

[Woodham89]

[Wirmlin02]

[Wirmlin03]

[Yu9s]

[Yu99]

[Zayer05a]

[ZayerO5b]

[Zhang99]

[Zhang04]

J. VENG, P. COHEN, AND M. HERNIOU. Calibration of
Stereo Cameras Using a Non-Linear Distortion Model. In
ICPR, pages 246-253, 1990.

A. WENGER, A. GARDNER, C. TcHou, J. UNGER,
T. HAWKINS, AND P. DEBEVEC. Performance Relighting and
Re ectance Transformation with Time-Multiplexed lllumina
tion. In ACM TOG (Proc. of SIGGRAPH'05yolume 24(3),
pages 756-764, 2005.

RBERT J. WOODHAM. Photometric method for determin-
ing surface orientation from multiple images. pages 51353
1989.

S. WURMLIN, E. LAMBORAY, O.G. STAADT, AND M.H.
GRoss 3D Video Recorder. IfProc. of IEEE Paci ¢ Graph-
ics, pages 325-334, 2002.

S. WORMLIN, E. LAMBORAY, O. G. SAADT, AND M. H.
GRross 3D Video Recorder: a System for Recording and
Playing Free-Viewpoint Video. Comput. Graph. Forum
22(2):181-194, 2003.

Y. YU AND J. MALIK. Recovering Photometric Properties
of Architectural Scenes from Photographs.Proceedings of
ACM SIGGRAPH'98pages 207-218, 1998.

Y. Yu, P. DEBEVEC, J. MALIK, AND T. HAWKINS. Inverse
Global Illumination: Recovering Re ectance Models of Real
Scenes From Photographs. Pnoc. of ACM SIGGRAPH'99
pages 215-224, August 1999.

RIALEB ZAYER, CHRISTIAN ROSSL, ZACHI KARNI, AND
HANS-PETER SEIDEL. Harmonic Guidance for Surface De-
formation. Computer Graphics Forun24(3):601-609, 2005.

RHALEB ZAYER, CHRISTIAN ROSSL, AND HANS-PETER
SEIDEL. Discrete Tensorial Quasi-Harmonic Maps. Rroc.
of Shape Modeling Internationgbages 276—285. IEEE, 2005.

RIO ZHANG, PING-SING TsAl, JAMES CRYER, AND
MUBARAK SHAH. Shape from Shading: A SurveylEEE
Trans. PAM| 21(8):690-706, 1999.

L ZHANG, NOAH SNAVELY, BRIAN CURLESS AND
STEVEN M. SEITz. Spacetime Faces: High-Resolution Cap-



BIBLIOGRAPHY 123

ture for Modeling and Animation. IACM TOG pages 548—
558, 2004.

[Zickler05] TODD ZICKLER, SEBASTIAN ENRIQUE, RAVI RAMAMOOR-
THI, AND PETER N. BELHUMEUR. Re ectance Sharing:
Image-based Rendering from a Sparse Set of Imagd3roin
of Eurographics Symposium on Renderimgpges 253-264,
2005.

[Ziegler] G. ZIEGLER, H. LENSCH, N. AHMED, M. MAGNOR, AND
H.-P. SEIDEL. Multi-Video Compression in Texture Space,.

[Zitnick04] C. LAWRENCE ZITNICK, SING BING KANG, MATTHEW
UYTTENDAELE, SIMON WINDER, AND RICHARD
SzELISKI.  High-quality video view interpolation using
a layered representatiolACM TOC (Proc. SIGGRAPH'04)
23(3):600-608, 2004.



124 BIBLIOGRAPHY




[A]

[B]

[C]

[D]

[E]

[F]

[G]

Appendix A

List of Publications

N. Ahmed, C. Theobalt, P. Dobrev, H.P. Seidel, S. Thrikobust Fusion
of Dynamic Shape and Normal Capture for High-quality Recats$ion of
Time-varying Geometryin Proc. of CVPR 2008, Anchorage, USA.

N. Ahmed, C. Theobalt, C. &sl, H.P. Seidel, S. ThrunDense Corre-
spondence Finding for Parametrization-free Animationdetruction from
Videa In Proc. of CVPR 2008, Anchorage, USA.

E. de Aguiar, C. Stoll, C. Theobalt, N. Ahmed, H.-P. Seided & Thrun:
Performance Capture from Sparse Multi-view Videlm Proc. of ACM
SIGGRAPH 2008, Los Angeles, USA.

M. Eisemann, B. de Decker, M. Magnor, P. Bekaert, E. de AguM
Ahmed, C. Theobalt and A. SellenEloating Textures. In Proc. of EU-
ROGRAPHICS 2008 (Computer Graphics Forum, vol. 27 issue 2}eCre
Greece.

C. Theobalt, N. Ahmed, G. Ziegler, H.P. Seidéligh-quality Reconstruc-
tion of Virtual Actors from Multi-view Video Streamin IEEE Signal Pro-
cessing Magazine, 2007.

N. Ahmed, C. Theobalt, M. Magnor, H.P. Seid&@patio-Temporal Regis-
tration Techniques for Relightable 3D Videtn Proc. of ICIP 2007, San
Antonio, USA.

N. Ahmed, C. Theobalt, H.P. SeideBpatio-temporal Re ectance Sharing
for Relighatble 3D Videoln Proc. of Mirage 2007, Paris, France.



126 Chapter A: List of Publications

[H] C. Theobalt, N. Ahmed, H.Lensch, M. Magnor, H.P. Seid&teing People
in Different Light: Joint Shape, Motion, and Re ectance Qapt In IEEE
Transactions on Visualization and Computer Graphics, 2007.

[l N. Ahmed, E. de Aguiar, C. Theobalt, M. Magnor, H.-P. Se¢idsutomatic
Generation of Personalized Human Avatars from Multi-vieged. In Proc.
of the ACM VRST '05, p. 257-260. Monterey, USA. 2005.

[J] C. Theobalt, N. Ahmed, E. de Aguiar, G. Ziegler, H. Lensbkh, Mag-
nor, H.-P. SeidelJoint Motion and Re ectance Capture for Relightable 3D
Video. Technical Sketch, ACM SIGGRAPH, Los Angeles, 2005.

[K] G.Ziegler, H. Lensch, N. Ahmed, M. Magnor, H.P. Seidéulti-Video
Compression in Texture Spada Proc. of ICIP 2004, Singapore.



Appendix B

Curriculum Vitae — Lebenslauf

Curriculum Vitae

1979 Born in Karachi, Sindh, Pakistan

1988-1995 Chiniot Islamia Public School, Karachi, Pakistan

1995-1997 D.J. Science College, Karachi, Pakistan

1998-2001 B.S. in Computer Science, University of Karachra€hi, Pakistan
2003-2004 MSc. in Computer Science, Saarland Universiggtsizcken, Germany

2005- Ph.D. Student at the Max-Planck-Institint hformatik, Saarkicken, Germany
Lebenslauf
1979 Geboren in Karachi, Sindh, Pakistan

1988-1995 Chiniot Islamia Public School, Karachi, Pakistan

1995-1997 D.J. Science College, Karachi, Pakistan

1998-2001 B.S. in Computer Science, University of Karachra€hi, Pakistan
2003-2004 MSc. in Computer Science, Universies Saarlandes, Saartken, Germany
2005- Promotion am the Max-Planck-Institiit informatik, Saarkicken, Germany



