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Abstract

Digitization of virtual faces in movies requires complexptire setups and extensive manual work
to produce superb animations and video-realistic editiffys thesis pushes the boundaries of the
digitization pipeline by proposing automatic algorithnos high-quality 3D face capture and ani-
mation, as well as photo-realistic face editing. Theserilyns reconstruct and modify faces in
2D videos recorded in uncontrolled scenarios and illunmmat In particular, advances in three
main areas offer solutions for the lack of depth and ovenatleutainty in video recordings. First,
contributions in capture include model-based reconstmaif detailed, dynamic 3D geometry that
exploits optical and shading cues, multilayer parameg@nstruction of accurate 3D models in
unconstrained setups based on inverse rendering, andsegrdased 3D lip shape enhancement
from high-quality data. Second, advances in animation ateovbased face reenactment based
on robust appearance metrics and temporal clusteringonpesthce-driven retargeting of detailed
facial models in sync with audio, and the automatic creatiqrersonalized controllable 3D rigs. Fi-
nally, advances in plausible photo-realistic editing sgesi face albedo capture and mouth interior
synthesis using image warping and 3D teeth proxies. Higlitguresults attained on challenging
application scenarios con rm the contributions and shoeagipotential for the automatic creation
of photo-realistic 3D faces.






Kurzzusammenfassung

Die Digitalisierung von Gesichtern zum Einsatz in der Fiidustrie erfordert komplizierte Aufnah-
mevorrichtungen und die manuelle Nachbearbeitung von Rakaktionen, um perfekte Animatio-
nen und realistische Videobearbeitung zu erzielen. Digsseltation erweitert vorhandene Digita-
lisierungsverfahren durch die Erforschung von automiagiacVerfahren zur qualitativ hochwerti-
gen 3D Rekonstruktion, Animation und Modi kation von Gesiern. Diese Algorithmen erlauben
es, Gesichter in 2D Videos, die unter allgemeinen Bedingongnd unbekannten Beleuchtungs-
verhéltnissen aufgenommen wurden, zu rekonstruieren umdadi zieren. Vorallem Fortschritte

in den folgenden drei Hauptbereichen tragen zur Kompeamsatn fehlender Tiefeninformation
und der allgemeinen Mehrdeutigkeit von 2D Videoaufnahmanlerstens, Beitrdge zur modellba-
sierten Rekonstruktion von detaillierter und dynamisc3i@rGeometrie durch optische Merkmale
und die Shading-Eigenschaften des Gesichts, mehrsajggbéirametrische Rekonstruktion von ex-
akten 3D Modellen mittels inversen Renderings in allgemi®zenen und regressionsbasierter
3D Lippenformverfeinerung mittels qualitativ hochwedigDaten. Zweitens, Fortschritte im Be-
reich der Computeranimation durch videobasierte Gesioktiruckslibertragung und temporaler
Clusterbildung, Ubertragung von detaillierten Gesichudeilen, deren Mundbewegung mit Ton
synchronisiert ist, und die automatische Erstellung vasqraalisierten “3D Face Rigs”. Schliel3-
lich werden Fortschritte im Bereich der realistischen ‘didearbeitung vorgestellt, welche auf der
dichten Rekonstruktion von Hautre ektionseigenschafted der Mundinnenraumsynthese mittels
bildbasierten und geometriebasierten Verfahren aufba@ealitativ hochwertige Ergebnisse in an-
spruchsvollen Anwendungen untermauern die Wichtigkeigééeisteten Beitrdgen und zeigen das
groRe Potential der automatischen Erstellung von resdtstin digitalen 3D Gesichtern auf.
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Summary

Thanks to cutting-edge advances in technology in the efdSamputer Graphics and Vision in the
last two decades, the entertainment industry is now capdblénging digital models of our favorite
actors to life in a very realistic way. The movie industry doys such technology for a range of
purposes, from the complexity of live action shots to thedrfee photo-realistic virtual characters
that resemble an actor's appearance, e.g., a younger ar digiéal double. Digitizing photo-
realistic humans, especially faces, is a highly complexgse. Itis dif cult because the human eye
is accustomed to identifying faces in our daily lives, angstfour expert eye can easily spot even the
smallest inaccuracies in digital models. To achieve theektevel of photorealism, the digitization
pipeline in post-production performs several standaddizehnical steps. First, it creates a high-
quality fully-controllable 3D model in shape and appeaeant the actor's face — often referred
to as a “face rig” in the literature — to be animated by skiltigital artists. Then, the model is
rendered under desired lighting conditions. Finally, iiniserted back into the scene in an editing
step to create the nal composite. We know that these stepectinstruct detailed personalized 3D
face models and accurate facial motion require sophisticaapture setups and studio controlled
illumination to achieve the animation of photo-realistigithl faces; thus, it remains a challenge
to successfully utilize the digitization pipeline. Morewy this pipeline relies primarily on the
expertise of an artist. He must manually improve both the faodels and the facial animations to
make them look realistic when rendered back into the video effartful, lengthy and tedious task.

This thesis is motivated by the limitations in the capturecess and the great deal of manual work
in the digitization pipeline. We develop robust and fullt@matic algorithms that push the bound-
aries of digitization further and that aim to capture higtigtailed animated 3D face models and
photo-realistically modify faces with these models in umtoained 2D footage recorded under un-
controlled lighting. Note that the algorithms' tasks arebtious due to the lack of 3D information
and overall uncertainty in a scene, e. g., (self) occlusisndden and expressive facial mation, light-
ing changes, and out-of-plane head rotation. What thistlegs is present automatic and accurate
model-based methods for capturing highly-detailed fgmsformances, animating controllable 3D
facial models at high delity, and editing photo-realisfaces with plausible mouth interior. These
methods all unify in a framework that improves on the undadyepresentation of the face to han-
dle more challenging video input and perform more advandiihg tasks. As a proof of concept,
we test our proposed methods on different real-life apfitioascenarios, including face reenact-
ment, dubbing, face modi cation, and video rewriting.

The technical contributions of this thesis can be dividdd three main areas: capture, animation,
and editing.

Capture The main improvements over state-of-the-art approachedeaummarized as fol-
lows: Chapte# presents an accurate approach that re nes 2D facial laridimeations using
optical ow between automatically selected keyframes. 182D landmarks are used later to

IX



assist the tracking of 3D face models. Then, Chaptietroduces a drift-free model-based
tracking approach based on accurate 2D landmarks as weadhae dptical and shading cues
in the temporal domain to obtain detailed, dynamic 3D geoynatd estimate the incident
lighting in semi-constrained video sequences. To improaeking further, Chapter pro-
poses a robust fully-parametric face capture method thatti® the image formation model
to reconstruct multiple layers of personalization and itlkefeom unconstrained 2D footage,
e.g., a YouTube video. Finally, Chap@demonstrates an effective data-driven lip regression
approach that leverages a new database of high-qualityvisultreconstructions to enable
high-quality 3D lip shape reconstruction even from monacwideo input.

Animation The main contributions in this area are mainly concernetl witvel retargeting
and modeling techniques relevant to facial animation. @happresents a simple, yet effec-
tive, video-based approach that transfers temporallyi@ait facial expressions between two
arbitrary performances by leveraging robust appearanderasiion descriptors, as well as
hierarchical clustering, to preserve temporal consigte@hapter6 introduces a system for
performance-driven model-based retargeting and resyistltd detailed facial models that
can also align the optical channel with an audio signal feu&l dubbing. Finally, Chapt&r
demonstrates that personalized high-quality 3D face whs;h generate new person-speci ¢
expressions and details by simply modifying intuitive roatcontrollers, can be created from
unconstrained monocular performances.

Editing The main contributions in this area are summarized as falldBhaptedd presents
a method for synthesizing a plausible mouth interior usingpge image warping techniques.
Chapter6 improves upon this simple approach by adding a 3D teeth prtixglso shows
a method for capturing realistic dense face albedo thatnveoenbined with the estimated
scene lighting (Chaptes), can render photo-realistic 3D face models back into tlgirad
video, as demonstrated in Chaptérand8.

To summarize, this thesis presents several robust and atitoaigorithms that aim at capturing,
animating, and editing photo-realistic synthetic face eis@t high delity from arbitrary 2D video
and that are affordable for anyone. The proposed scientirttributions greatly advance the state
of the art in monocular facial performance capture and fapure-based video editing, thus enor-
mously improving the toolbox available for creating phot¢alistic human face avatars from 2D
video footage. Results attained on different applicatioenarios show great potential to automa-
tize the digitization of photo-realistic virtual charactén movies and games, and possibly virtual
communication, in the near future.
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Chapter 1

Introduction

1.1 Topic and Motivation

Advances in technology in the digitization pipeline nowoallthe entertainment industry to create
and animate digital 3D faces of actors in a very realistic.whlye movie industry employs such
technology for a range of purposes, from the complexitywa dction shots to the need for photo-
realistic virtual characters that resemble the appearahaa actor. Some examples that illustrate
the use of digital human faces in movies are shown in Figute

To achieve the desired level of photorealism in digital sent is mandatory to create custom,
photo-realistic face models with personalized expressiom idiosyncrasies that look indistinguish-
able from the real actor when played on the screen. To this mo&t-production has engineered
a pipeline that usually comprises four standardized stagese rig creation, animation, render-
ing, and compositing. In the rst step, a high-quality, aespeci c 3D face model is captured
in professional indoor setup&lehm etal. 201% This personalized model usually contains hun-
dreds of detailed facial expressions performed by the aatisich are then manually improved by
digital artists. Then, the artists create deformation raa@ms and interactive high-level motion
controllers that activate different facial expressionsisiprocess is called rigging and is done by
artists through motion rigs or blendshap&®inorowski etal. 201D In the second step, the face
rig is animated either by manually moving the motion comérsl or through motion capture data
[Beeler etal. 2011Bickel etal. 2007 Bhat etal. 2013 Bradley etal. 2010Weise etal. 200R In

the third step, the 3D facial animations are rendered unegiret! lighting conditions. Finally, the
renderings are blended in with the background scene toectieat nal composite.

The key to attaining high-quality results in this pipelisdhe capture step that requires sophisticated
scanning systemgHuang etal. 2004Weise etal. 2009Wang et al. 200for multiview camera se-
tups Beeler etal. 201 1Beeler and Bradley 20]4vith studio controlled indoor illumination, e. g.,
light stages Alexander etal. 20L,0Alexander etal. 2013 Such setups allow for capturing high-
quality face albedo and detailed 3D face geometry, inclyidiminkles and skin pores. However,
they are expensive and very hard to build and utilize by narfiggsional users. Furthermore, each
step in the pipeline relies on the expertise of digital &sti§ hey must manually improve the face
models and the facial animations, as well as verify the guefithe renderings and the compositing
to ensure error-free video animations that do not fall inewuncanny valley — an effortful, lengthy
and tedious task.
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Figure 1.1: Examples showing the use of photo-realistic virtual human faces in feature Ims. (a)
Complex action live shots, such as running up walls of a building and ying. Top: The Flash,
http://www.cwtv.com/shows/the- ash . Bottom: The Matrix Reloaded, http://www.warnerbros.com/matrix;
(b) Younger and older digital doubles. Top: Terminator Genisys, http://www.terminatormovie.com/.
Bottom: The Curious Case Of Benjamin Button, http://www.benjaminbutton.com/; (c) Changes in fa-
cial shape, such as making the actor skinnier. Top, bottom: Captain America: The First Avenger,
http://marvel.com/captainamerica.

Recently, state-of-the-art lightweight approaches hegd to simplify the capture step by employ-
ing commaodity sensors, e. g., RGB-D cameiwsyaziz etal. 2013.i etal. 2013h Thies etal. 201p

or webcamsCao etal. 2014arhies etal. 201p However, the reconstructed 3D models lack either
ne-scale details, photo-realistic albedo, or both, whare essential elements to produce com-
pelling facial animations. As a result, based on these nastiome cannot perform complex video
editing tasks, such as photo-realistic face appearancexréssion modi cation, facial reenact-
ment, among others. Automatic digitization of photo-r&t#di virtual faces from standard 2D video
footage then remains as an open scienti ¢ challenge to theareh community.

In this thesis, we address limitations concerning the captfifaces and the manually demanding
work needed in the digitization pipeline by developing ricaetomatic techniques that advance
the state of the art in photo-realistic face capture, anonagand editing from standard monocular
video recordings. More precisely, we propose robust arlg fanitomatic methods that aim to 1)
reconstruct highly-detailed fully-controllable 3D faceodels from monocular 2D videos and 2)
photo-realistically modify faces with these models in 20eos recorded under uncontrolled scene
and illumination conditions. As a proof of concept, we test methods on different real-life
application scenarios, including face reenactment, Viduabing, face modi cation, and video
rewriting.


http://www.cwtv.com/shows/the-flash
http://www.warnerbros.com/matrix
http://www.terminatormovie.com/
http://www.benjaminbutton.com/
http://marvel.com/captainamerica

3 1.2. SCOPE AND OVERVIEW

(a)

Figure 1.2: Challenges in monocular face capture and video-based editing. (a) Extreme out-of-plane head
rotations. (b) Lighting changes (top) and shadows (bottom) over the face. (c) Occlusions of external objects,
e.g., scalp hair and glasses (top) and non-skin features, e. g., facial hair (bottom). (d) Disocclusions in the
lip region. The outer and especially the inner boundary of the lips recurrently appears (top) and disappears
(bottom) during speech and as a result of complex motions.

1.2 Scope and Overview

Given an unscripted monocular 2D video of an actor recordetbuunknown scene lighting, the
goal of this thesis is to develop robust, accurate, and-alifpmatic model-based methods for
capturing high-quality facial performances, animatingtcollable 3D facial models at high delity,
and editing photo-realistic faces with a plausible moutkrior.

The goal stated above is ambitious since the input video ldata 3D information and present
several challenges, e.g., out-of-plane head rotationtyjngaillumination, (self) occlusions, and
sudden and expressive facial motion, as illustrated inreig2. To simplify the problem at hand,
this thesis assumes that no strong (cast) shadows andioosle®ver the face surface that we wish
to reconstruct, animate, and edit. To cope with the otheeriit challenges in the capture and
editing of faces, we propose novel algorithms that all uiifg common framework and gradually
improve on the underlying representation of the face to leambre complex video input. We start
with a simple non-parametric 2D shape representation basettcurate 2D landmarks, which is
then extended to a fully-controllable parametric 3D facalelovith multiple levels of details. This
3D model not only allows us to capture photo-realistic appeee and detailed 3D geometry in
challenging unconstrained videos, but also to perform acke photo-realistic video editing tasks
with minimal user-interaction, e.g., by just modifying hidgvel controllers with which digital
artists are familiar.

The speci ¢ technical contributions of this thesis diffanihat part of the face digitization pipeline
they improve. In particular, we contribute to face capt@aejal animation, and face editing. First,
contributions in face capture include accurate trackingdfacial landmarks, model-based recon-
struction of detailed dynamic 3D geometry, multilayerdzhseconstruction of accurate parametric
3D models, and regression-based 3D lip shape enhancememthigh-quality data. Second, ad-
vances in facial animation are video-based face reenattmased on robust motion and appearance
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metrics as well as temporal clustering, performance-drietargeting of detailed facial models in
sync with audio, and the automatic creation of personalaedrollable 3D rigs. Finally, advances
in plausible photo-realistic editing include dense fad®db capture and mouth interior synthesis
using 2D image warping and 3D teeth proxies.

The contributions described in this thesis are structucedraing to the improvements on the face
representation used internally by our methods rather thgegorized by the advances in individual
application areas. This organization emphasizes bettecdhtributions for two main reasons. On
the one hand, it illustrates the capabilities of the novgbdathms and models proposed in our
framework for different application scenarios. On the ottend, it shows the improvements that
are necessary to enable unconstrained capture as well assoyhmisticated animation and editing
tasks.

1.3 Structure

This thesis is divided into nine chapters from which Chapte® cover the main technical contri-
butions in the areas of face tracking, facial animation, faé editing:

Chapterl introduces the topic of this thesis, states the goals,rmaslthe structure of exposi-
tion, summarizes the technical chapters, and stressesdinet@shnical contributions.

Chapter2 describes both the fundamental concepts and the mathemadtation that is
used throughout this thesis. These are mainly concernddfage modeling, as well as the
representation and synthesis of the face in the image.

Chapter3 provides a comprehensive overview of the related work infaflewing areas:
Facial performance capture, lip tracking, face rig anditdgeneration, speech- and video-
driven facial animation, and face replacement and modiorain monocular videos.

Chaptersi—9 present the main technical contributions. As mentionedreetthese chapters
are structured to emphasize improvements on the undengprgsentation of the face: From
a simple non-parametric 2D shape model to a detailed andgallametrized 3D model that
allows for more robust face reconstruction in uncontroR&dvideo footage, and for realistic
facial animation and video editing. Improvements on the fegpresentation are discussed
at the end of each chapter and linked to subsequent chapténssithesis. Furthermore,
each chapter shows challenging application scenariosddrabnstrate the contributions in
the three areas mentioned above.

Chapter10 summarizes the core contributions and results achievesi fiyuand it brie y
discusses already existing extensions as well as futuléengas not explored in this thesis.
Furthermore, it gives an outlook towards the full digitinatof human head avatars.

The following section gives a more detailed overview of #ehnical chapters of this thesis.
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1.3.1 Summary of Technical Chapters

Chapter4 introduces an automatic image-based, facial reen-
actment method that tracks and replaces the face of an ac-
tor in a target video with that of a user from a source video,
while preserving the original target performance (puldisias
[Garrido etal. 201} partially as [Garrido etal. 201P. This
method combines new image retrieval and image-based fa-
cial transfer techniques, the latter relying on accurate 2D
face tracking. Compared to related approaches, the prdpose
method is fully automatic and robust under moderate head
motion. Moreover, it does not require a tailored database of
source expressions, but only short source videos withrariit
facial motion. A user study and quantitative validationswvgtihat the proposed method generates
plausible reenactments, both for self-recorded videog@midw-quality internet footage.

Motivated by the inability of the previous image-based ap-
proach to track and transfer challenging facial motion, g2ha
ter 5 presents the rst model-based approach for captur-
ing detailed, dynamic, and spatio-temporally coherent 3D
face geometry from markerless 2D videos (published as
[Garrido etal. 201P. This method relies on several algorith-
mic contributions that are non-trivially joined with staié
the-art 2D and 3D vision and graphics techniques adapted to
monocular video. Even though the proposed method requires
the camera’s intrinsics and a manually initialized coarBe 3
model of an actor, the capturing process is fully automatic,
works under fully uncontrolled lighting, and successfulgonstructs transient ne-scale skin de-
tails, e.g., wrinkles. High-quality performance captuesuits are demonstrated on long and ex-
pressive sequences recorded indoors and outdoors, aneléliarrce of the proposed approach is
illustrated as an enabling technology for model-basedregif facial textures in video.

Next, Chapter6 shows the potential of the previous model-
based approach for retargeting tasks in real-life apjdinat
namely dubbing in movies (published &drrido etal. 201p.
More speci cally, it presents the rst approach that alténe
mouth motion of a target actor in a video, so that it matches a

: new audio track spoken in a different language by a dubbing
actor. This approach builds upon monocular performanctioapnd scene lighting estimation (see
Chapter5). It also exploits audio analysis in combination with sptioee frame retrieval to render
new photo-realistic 3D shape models of the mouth regiongl@aoe the original target performance.
A user study and qualitative validations show that the psegoapproach produces plausible results
on par with footage that has been professionally dubbedeitréiditional way.
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Chapter7 introduces a novel multilayer model-based approach
for capturing arbitrary 3D face performances from 2D videos
with unknown camera, scene and lighting setups (published
as [Garrido etal. 2016 The heart of this approach is a new
multilayer parametric face model that jointly encodes plau
ble facial appearance and 3D geometry variation that isrepr
sented at multiple layers of detail. The appearance is reddel
by the incident lighting and an estimate of the face albedo,
while the shape is encoded by a subspace of facial shape iden-
tity, facial expressions, person-speci ¢ medium-scaleen
tive shapes, and ne-scale skin details. These layers daimized automatically in a new inverse
rendering framework that exploits color cues and accurBtéaBdmark trajectories. The proposed
method is tested on challenging unconstrained sequenags,YeuTube videos. Qualitative and
quantitative experiments con rm that this novel multilaygproach produces results of higher qual-
ity than the approach from Chapteand competes with or even outperforms other state-of4the-a
approaches.

Next, Chapter8 presents an automatic approach to the cre-
ation of high-quality, personalized 3D face rigs that carirbe
tuitively controlled by high-level expression controfiefalso
published asGarrido etal. 20163 These face rigs are based
on three distinct layers (coarse, medium and ne) and lehrne
using a novel sparse regression approach. The proposesg+egr
sion approach couples the coarse layer represented ascgener
expressions (i. e., blendshapes) to the medium and nescal
layers, each containing different levels of personaliZeaps
details. Such a coupling assures local semantic control of
personalized deformations in ways consistent with exjpess
changes. Different application scenarios demonstratetiiea
reconstructed face rigs when combined with the estimated
scene lighting and personalized skin albedo open up a world
of possibilities in realistic facial animation and for maremplex video editing tasks.

Finally, Chapte© addresses the problem of accurate capture
of 3D lip shapes. It presents a fully automatic data-driven a
B = \ proach to reconstruct detailed and expressive lip shajmgy a

! ’-::“f:i,*' RN Nl \vith the dense geometry of the face, from a monocular video
‘ / (published as Garrido etal. 2016p. At its core is a new
gradient-domain lip correction network that leverages gD |
contours and coarse 3D lip geometry to learn the difference
between inaccurate and ground-truth 3D shapes of lips,avher
ground truth lip shapes are obtained from a new database of
high-quality multiview reconstructions. Quantitativedaqualitative results demonstrate that the
proposed method improves the reconstruction of complertyions when compared to state-of-
the-art monocular tracking, and it also generalizes walldneral scenes and unseen individuals.

L




7 1.4. TECHNICAL CONTRIBUTIONS

1.4 Technical Contributions

In the following, we provide a more detailed list of techricantributions that enable the methods
described above.

The main contributions of Chaptdrare:

Accurate localization of a sparse set of 2D landmarks basedptical ow correction be-
tween automatically selected keyframes.

A novel distance metric, which combines both appearancerentidn information, to retrieve
similar facial expressions between videos, while presgri&mporal continuity.

A new temporal clustering that groups similar target exgimas into consecutive clusters to
stabilize matching and assure accurate image selection.

A simple, yet robust, image-based warping strategy thagoves the actor's face shape (i. e.,
identity), while providing suf ciently precise head motio

The main contributions of Chaptérare summarized as follows:

Automatic, drift-free model-based tracking, which sudseen long sequences with expres-
sive faces and fast motion, based on a sparse set of acclrda@d@mnark trajectories.

Temporally-coherent dense 3D geometry correction thraighvel multi-frame variational
optical ow approach.

The main contributions of Chaptérare:

A performance capture-based system for video-realistiargeting and resynthesis of de-
tailed performances that align the visual channel with ebédbaudio signal.

A spatio-temporal rearrangement strategy that uses thd fapial performances and the
dubbed audio channel to synthesize new highly-detailedsgndhronized 3D target perfor-
mances.

Reconstruction of realistic target face albedo and syidluds plausible mouth interior based
on a geometric teeth proxy and 2D image warping.

The main contributions of Chaptérare outlined as follows:

A new parametric facial shape representation to recortsanat represent the 3D facial sur-
face at different levels of detail.

A uni ed novel tting approach that leverages both color sugnd a sparse set of accurate
2D landmarks to reconstruct coarse- and medium-scald ftape.

The main contributions of Chapt8rare:

Automatic extraction of parametrized rigs that model theelation between blendshape
weights and person-speci ¢ idiosyncrasies at a medium-aame-scale detail layer.
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A novel sparse regression approach that exploits the loggdast of blendshapes to produce
more accurate, detailed and realistic face rig animations.

The main contributions of Chaptérare summarized as follows:

A novel, high-quality 3D lip shape database containing lelnging motions, such as rolling
and extreme lip deformations, and general speech aninsation

A new data-driven strategy that learns accurate 3D lip dedbions from high-quality multi-
view reconstructions enhanced with lip marker data.

A robust gradient domain regression algorithm trained feriaccurate lip shapes from sub-
optimal monocular reconstructions and automatically a@ete2D lip contours.

1.5 List of Publications

The work presented in this thesis mainly encompasses ve-gstewed scienti ¢ publications,
published at top-tier conferences and journals in the dldamputer graphics and vision. These
papers address challenging problems in facial performaapgure and face capture-based anima-
tion and editing from monocular video. In addition, thisdtsebrie y discusses in ChaptdiO a
co-authored paper that goes beyond face digitization acohsetructs detailed, personalized 3D
teeth models in non-invasive capture setups.

The ve papers in the area of face capture, animation andhggdre:

P. Garrido, L. Valgaerts, C. Wu and C. Theobalt. “Reconsimgcdetailed dynamic face
geometry from monocular video”ACM Trans. Graph. (Proc. SIGGRAPH Asid@2(6),
158:1-158:10, 2013.

P. Garrido, L. Valgaerts, O. Rehmsen, T. Thormaehlen, RZrd C. Theobalt. “Automatic
face reenactment”. I@VPR 4217-4224, IEEE, 2014.

P. Garrido, L. Valgaerts, H. Sarmadi, |. Steiner, K. VaramasPérez and C. Theobalt. “Dub:
Modifying face video of actors for plausible visual alignmi¢o a dubbed audio trackCom-
put. Graph. Forum (Proc. Eurographics34(2), 193-204, 2015.

P. Garrido, M. Zollhofer, D. Casas, L. Valgaerts, K. Varan&s Pérez, and C. Theobalt.
“Reconstruction of personalized 3D face rigs from monoculdeo”. ACM Trans. Graph.
35(3), 28:1-28:15, 2016a.

P. Garrido, M. Zollhofer, C. Wu, D. Bradley, P. Pérez, T. Beelnd C. Theobalt. “Corrective
3D reconstruction of lips from monocular videoACM Trans. Graph. (Proc. SIGGRAPH
Asia), 35(2), 219:1-219:11, 2016bh.

The co-authored paper that addresses the problem of tes¢tjuamreconstruction from images and
video is:

C. Wu, D. Bradley, P. Garrido, M. Zollhofer, C. Theobalt, McdSs and T. Beeler. “Model-
based teeth reconstructionACM Trans. Graph. (Proc. SIGGRAPH Asi&5(6), 220:1-
220:13, 2016.



Chapter 2

Basics

2.1 Facial Animation and Modeling

2.1.1 Blendshapes

Blendshapes are extensively used by animation artists im8Beling and animation due to their
underlying semantic meaning. They can be thought of asiaelddcial expressions built on top
of a neutral face (see Figugel). Mathematically, they form an additive model of poteryialon-
orthogonal linear deformations and, in principle, any nawidl expression can be approximated by

the set ofn blendshapes arloyy be the neutral face, whetg 2 R3k:8i are represented as column
vectors, andk denotes the total number of vertices depicting the 3D faepesh A new facial
expressiore can then be obtained as a linear combination of blendshapietding the so-called
blendshape model:

n

e= Ba= § abi , (2.1)

i=0
where 0 a; 1, 8i = 0:n denote the linear weights (oftentimes controlled by stjles =
[@ao;:::;an]” 2 R™tandB=[bojbijbsj jbn]2 R%* (™1 s the basis of variation in expression,
represented as a stack of blendshapes (including the hiaged.

The formulation in Equatior2.1 imposes an undesired global scaling factor when combinifig d
ferent blendshapes. This is normally counteracted by imgolard constraints on the sum of
weights, i.e.,4;a; = 1. A more convenient and popular representation used by nmandeling
packages (e. g., Maya) and different approaches in thatiter Bouaziz etal. 2013Li etal. 2010
Lietal. 2013k Thies etal. 2015Weise etal. 201]lis to model the blendshapes as delta variations
that linearly add up on top of the neutral face:

n n
e= bo+ Ba= bo+ § ai(bi bo)= bo+ § aid; , (2.2)
i=1 i=1

INote that a solution is feasible if and only if the new facigbeession can be obtained by interpolation, i. e., if the
model can explain such an expression by a linear combination
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(a) (b)

Figure 2.1: Example of a blendshape model. (a) Neutral face. (b) Semantic shapes. From left to right:
Disgust, mouth to the right, smile, and funneler (i. e., “O"-like mouth shape).

(a) (b)

Figure 2.2: Artifacts produced by the linear dependency between the blendshapes. (a) Neutral face. (b)
Shape artifacts. Left: Shape inconsistency due to activation of left and right mouth motion. Right: Unrealistic
mouth shape due to activation of similar shapes (wide open smile + mouth open).

where0 a 1,8i=1:n,a=[as;:::;an]” 2 R"andB=[d;jd>j j dn]2 R3* Misthe basis of
variation in expression, represented as per-vertex 3Datisments. In this thesis, we will employ
this delta formulation unless stated otherwise.

Although the box constraints imposed on the linear weighi8i control the in uence of blend-
shapes in the modeh(= 0 deactivated blendshapa;= 1 fully-activated blendshape), some blend-
shapes simply cannot be combined together due to shapesistanties caused by the linear de-
pendency of the vectors. For instance, due to anatomical fgmmetry constraints, moving the
mouth to the left and to the right at the same time is not altbased leads to distortions (see Fig-
ure2.2). Analogously, the combination of semantically similapesssions, e. g., a wide open smile
combined with a mouth open, adds a double effect and may tigrreault in unrealistic deforma-
tions (see Figur@.2). This problem can be alleviated by utilizing pairwise @ation constraints of
the formajaj = 0,8i 6 j [Lewis etal. 2014 or by employing a strong prior that enforces sparsity
[Bouaziz etal. 2013or restricts the activation of linear weightsifet al. 2013k Thies etal. 201
however, this does not completely prevent inconsistenidslbape combinations. Despite these
limitations, blendshape models are normally preferred gvimcipal component analysis (PCA)
models as they provide a more intuitive control of facial reggions with meaningful parameter
dimensions. As such, blendshapes are widely utilized bgnation artists to perform different
retargeting or animation-related tasks.
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Figure 2.3:  Photo-realistic, personalized 3D face rig that has been created manually by an artist,
https://vimeo.com/soukizero. The 3D rig is driven by custom-made blendshape controllers (shown next
to the rig).

2.1.2 Facial Rig

In animation, the term rig normally refers to a bone struetattached to the muscles and skin of
a digital character. Such a structure allows digital atisthave full control over the character's
coarse motion and dynamics, while still reproducing réialisurface deformations — a crucial task
in animation. In facial animation, however, rigs are nollgnabt conceived as rigid structures, but
more general deformable surfaces that control not onlyl rifgiformation of the jaw or eyes, but
also expressions, skin stretching, muscle bulging, andniipion, among others. As such, face
rigs represent the face dynamics and character-speciasydicrasies (e.g., personalized smiles
and frown lines) that are necessary to create believabial fmgimations of an actor. Face rigs can
be created using either detailed tailor-made blendsha@bgsijcally-based geometric deformations
driven by simulated muscle activations, or a combinatiobaih [Komorowski etal. 201p These
rigs are then dynamically controlled or animated by artisting high-level controllers that steer
person-speci ¢ facial deformations.

Photo-realistic face rigs, which are of major interest fas thesis, often require hundreds of custom
controllers or handlers to model actor-speci ¢ facial eegsions, face appearance, and soft tissue de-
formation, such as wrinkles and folds (see Fig2u®. To create convincing photo-realistic rigs that
do not fall in the uncanny valley, digital artists normalgquire high-quality 3D scans of an actor
(neutral face plus some standard key expressions) capitumplex multiview camera systems
[Klehm etal. 201} Yet, the sculpting of complex facial details and face dyies as well as the
rigging process is an artistic manual work that may take re¢veeeks (if not months) before com-
pletion. In ChapteB, we propose the rst approach that automatically generateighly-detailed
facial rig from unconstrained monocular video data. The@mstructed rig can be controlled with
intuitive blendshape sliders and can be used as high-guatitotypes to sketch facial animations
without going through the entire conventional digitizatipipeline in post-production, thus saving
time and manual effort.

2.2 Camera and Image Formation Model

2.2.1 Camera Model

To represent a 3D object in the scene and its correspondiry@Bction onto the image plane, we
assume a simple camera model, where a 2D image pasformed by projecting a 3D world point


https://vimeo.com/soukizero
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Image Plane Object Depth Plane

Figure 2.4: Weak perspective camera model. Objects undergo a two-step projection. First, the object's
geometry is attened in depth using an orthographic projection (optical rays are parallel). Second, the
attened geometry is globally rescaled based on its distanc e to the camera. Here, the image coordinate
system is spanned by the vectors X and Yy, and the camera’s intrinsics are given by the principal point

c=[cool”.

v using a perspective transformatidrofsyth and Ponce 20],2s follows:
p(K;R;t)= KP(Rv+t)= KP (V) , (2.3)

where[Rjt] 2 R3 “ refers to the camera's rigid transformation (also calleshem extrinsics) that
transforms the 3D point into a pointV, represented in camera coordinates. H&€) denotes
a (non-)linear operator that projects the aligned 3D poiahto the 2D image plane, aridis the
geometric property of the camera, also known as camerasits. Note thap = [px;py; 1]” is
the projection ol onto the image plane in homogeneous coordinates. In noregeneous screen
space, this point is representedfes [ px; fy]” .

Weak Perspective Camera Model

The weak perspective model is a simpli ed, yet reasonabledehcommonly used in computer
vision, since it represents the projection of an object dmdmage plane as a simple linear operator.
In this model, optical rays are assumed to be orthogonale@dimera plane up to a scaling factor
(see Figure.4), yielding the following projection operator in homogeneaoordinates:

0 1
1 00

P() = r@o 1 0A |, (2.4)
000

wherer = 1=d is the scaling factor that accounts for global changes ithdei. e., proximity of
objects to the camera plane). Thus, an object is consideradoine that virtually appears bigger
or smaller in the projection depending on its distance tcctmera.

To represent a pixgd in homogeneous image coordinates, the matrix of intringaaameterK is
de ned as follows:

0 1

K = @ A (2.5)

ocor
or o
[N T Y
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Y ¢ Y,
il

X I p ¢
y1; 5 y

L i

C, ¢ "z C T Z
f L T ]
\Z
Image Plane Image Plane

Figure 2.5: Full perspective camera model. A 3D point V is projected onto the image plane at position p
using non-linear perspective projection. Here, the image coordinate system is spanned by the vectors X and
y, and the intrinsic properties are given by the focal length f and the principal point ¢ =[ cy;c,]” .

wherec = [ c; ¢)]” is called the principal point and represents the intersedtietween the optical
axis and the image plane of the camera. In this theslgs at the image origin unless stated
otherwise. Itis important to remark that the weak persgeaamera model will be partly employed
in Chapter$—6.

Full Perspective Camera Model

Here, the projection of an object onto the image plane isesspted by a full perspective camera
model (often referred to as a pinhole camera model) whereabpays converge at the image center.
The projective geometry in the camera sensor is mainly oheted by the focal lengthi and the
principal pointc = [ cy; ¢y]” (see Figure.5). For the sake of simplicity, let us rst assume that the
principal point lies at =[0;0]”. By using similarity of triangles, we can associate a 3D p&in
with a pixelp in the sensor optics as follows:

= . (2.6)

In the sensor opticsy undergoes a non-linear perspective projection up to arfagten by the
focal lengthf:

N U Vy
= f=; = f2 . 2.7
Px 7 Py 7 (2.7)
If we represent this transformation in homogeneous coatds) the point is rst projected using
the non-linear operatad? (V) = [ V,=V; Uy=V;; 1]”. Then, to properly represent a 2D pomin the
camera plane under an arbitrary optical center, the matiimtonsics parameter¥ is de ned as

follows:
1
0 ¢

0
f
K = @0 f ¢ A , (2.8)
0 0 1

As stated aboveg lies at the image center unless stated otherwise. The feogth f can be
calibrated beforehan@fadski and Kaehler 201Zhang 2000or estimated while tracking the face
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(see Chapter). Note that the full perspective camera model will be panded in Chapters5-6,
but then fully adopted in the latest chapters (see Chapt&)s

2.2.2 Image Formation Model

Even though complex light transport mechanisms such asidabe scattering exist, we assume
a pure Lambertian re ection model to represent the incidagiiting on the face surface, i.e.,
an isotropic diffuse BRDF that re ects radiance equallyoiatl directions. This assumption has
been commonly used in the literatuh/(i etal. 2011bValgaerts etal. 2012Garrido etal. 2013
Thies etal. 2015Garrido etal. 2016a Note that we reckon the face in the scene as a non-emitter.

Let us now de neL(¥;w) 2 R3 as the incident lighting at a mesh vertéxrom an incoming
light direction w 2 R3. Note thatL(V;w) is represented as RGB illumination, i.e., non-white
illumination. The rendering equation can be then de nedddes:

z

B(V;w) = c(V) WL(\“/; w)V (V) max(hw; A(¥)i; 0) dw (2.9)

whereB(V; w) is the irradiance at vertek from directionw sampled on the hemisphe¥® c(V)

2 R® denotes the skin albedo at verigxi 2 R3 represents the normal at vertexandV 2 f 0;1g

is a binary function that measures the visibility of pointv. r. t. the camera view point, which is
assumed to be known. Hetej represents the inner product andenotes a point-wise multiplica-
tion.

Let us rede ne w. |. 0. gL(w) as the incident lighting at vertex In this thesis, we approximate the
lighting L(w) using spherical harmonics (SH) functions aswu[et al. 2011bValgaerts etal. 2013b
yielding the following formula:
i1
Lw;9= & a d"v"w) , (2.10)
I=0m= |
whereY™ 2 R, 8I;m denote the SH functionG=[d8; g, *; &f; gk;:::] are the coef cients of the
SH basis,j is the number of bands, amds the index of the band. Herg=[ ¢ : ¢®; &°]” is a three
valued-vector that increases or decreases the effect tigjtitang at each channel. We remark that
in this work we usg = 4 bands unless stated otherwise. For the sake of simpleitgan re-write
Equation2.10in a more compact form, as follows:
j2
L(w;9= a gYi(w) . (2.11)
=1
By inserting Equatior2.11into Equation2.9, we obtain:
Z j2
B(V;w; G = ¢(V) é gYi(w)V (V) max(hw; A(V)i;0)dw . (2.12)
Wi=1
Instead of sampling all over the hemisph#&vevery time the face surface changes, we can sample
D incoming directionsw around a unit sphere (for instance, using Hammersley sag)pénd
keep them xed, yielding a coarse and discrete representatf the incident lighting that can be
precomputed in advance. As a result, we obtain a discret@xippation of the rendering equation
that is no longer parametrized in termsvef
j2
a 9 Yi(wa)V (9) max(twg; A(9)i;0) . (2.13)
=1

3 . 4p &
B(:9 = c¥) Epa
d

D
1
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However, this approximation heavily depends on the qualithe sampling strategy and the num-
ber of sample locations, making it both inef cient and inate. To overcome this limitation,
recent methods consider the outgoing lighting re ectedh®ygurface, which can be approximated
by the surface normal&\u et al. 2013 Thies etal. 201p This leads to the following formula:

j2

c(®) 4pa gYi(AD)V ()

=1
c(9) 4pL(V;0Q) . (2.14)

B(V;Q

This approximation allows for a faster and more robust estion of the illumination that does not
depend on the quality of the sampling. In this thesis, we eynfilis approximation to model the
re ectance of the face surface, unless explicitly statégeowise.

Let us now assume that the irradiance of the object is knoven, (ihe coef cients of the SH func-
tions have been already estimated) and deBit&) as the color assigned to the corresponding vertex
V. To render the object in the image, each veftég projected onto the image plane at positfon
using the camera model described in Secfichl Finally, the color of pixep is assigned t@(V)

via direct lookup.






Chapter 3

Related Work

This chapter provides a survey of the three most importgtsacovered in this thesis, namely face
capture and tracking, facial animation, and editing of $ai0e2D video sequences. More precisely,
it reviews the related work on facial performance capturec(i®n3.1), lip tracking (SectiorB.2),
face rig and detail generation (Secti®3), speech- and video-driven facial animation (Sec8a$),

as well as face replacement and modi cation in monoculaeegl(SectiorB.5).

3.1 Facial Performance Capture

Facial performance capture techniqgues commonly aim tostnact robust and accurate facial mo-
tion/expressions, highly-detailed dynamic facial modelther 2D or 3D models), and possibly the
appearance of the face from optical-based sensor measureai@n actor's performance. Such re-
constructions can potentially enable us to animate r@aésatars that accurately mimic the actor's
expressions or generate photo-realistic digital charadte movies, provided that the mannerisms,
as well as the facial details and texture of the actor's face,accurately acquired. Thus, facial
performance capture is a crucial step for believable famahation.

Researchers in the area have tried to achieve this goal sejigsticated indoor capture systems
that are expensive to build, but recently there has beentarest to push the frontier even fur-
ther by capturing performances from low-cost devices, cRGB-D sensors or even ubiquitous
monocular cameras, as in this thesis work.

This section gives a survey of different methods that atteémpolve this challenging problem.

3.1.1 Dense Facial Performance Capture

Most algorithms for dense (and often very detailed) 3D fguésformance capture resort to motion
capture data, structured light systems, or complex andedearaera arrays that may even rely on so-
phisticated lighting patterns to track 3D surface geom@ighin and Lewis 200&Klehm etal. 201h
Note that this section gives only a brief review of the mairthods, since capturing 3D facial mod-
els from a single camera is the primary focus of this thesis.

17
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Marker-based Motion Capture

In this category, we nd methods that typically use dense @ansets and markers (or also invisible
makeup) to track and deform an existing 3D template of theradiace.

The basic idea dates back to Williams et 4R9J where a 3D surface geometry of an actor's face
with neutral expression and xed texture is deformed usipgrse 2D motion capture (mocap) data
from video. New smooth expressions are generated by enmglagterpolation kernels distributed
over the markers in the 3D geometry. Guenter etl9B used a more sophisticated system that
renders expressive 3D faces by leveraging denser 3D modagataund 200 dots) and dynamic
texture maps. Dense 3D markers are retrieved by trackingqzhidots on the actor's face from
several cameras, which in turn are utilized to deform the &&af geometry by linear blending.
Dynamic texture data can be obtained at each frame due tosastamt parametrization of the
tracked face geometry.

Nowadays, Vicon greatly dominates the commercial marketiiting-edge 3D maker-based fa-
cial capture YICON]; however, due to the low spatial resolution (about 100-gtdrkers), they
cannot capture wrinkle patterns over the face. Harpikawa and Ponce 200Bickel et al. 2007,
wrinkles and folds are additionally captured by leveragiisyal cues (using either visible or invis-
ible makeup) from multiple videos. Bickel et aR(07 proposed a multi-scale capture approach
that additionally estimates medium-scale folds by inveesalering. Folds are tracked using two
synchronized cameras based on user-de ned painted regioistheir shape is parametrized by
2D B-splines. The nal 3D shape is synthesized by minimizaagion-linear shell energy that
preserves surface area and curvature, yielding the ddsilgds around regions with wrinkles. Fu-
rukawa et al. 2009 introduced an alternative approach that uses dense malseaptical cues to
accurately estimate shape deformations. To capture carshie stretch and shear, the system ex-
plicity models and adaptively estimates tangential nigidrdeformation, which is assumed to be
piece-wise smooth over local structures. This estimate tigrin used to de ne a tangential rigidity
term that regularizes the deformation of the 3D shape, steetching of edges, in an adaptive man-
ner. Mova Contour facial performance capture technoldd@VA] is another commercial system
that similarly resorts to dense uorescent makeup to adelyarack face geometry and reconstruct
ne-scale skin details, such as folds and wrinkles.

An orthogonal approach proposed idjang etal. 201lleverages highly-detailed, registered 3D
facial scans to generate a minimal blendshape basis, tHusing the capture problem to estimat-
ing the optimal blendshape combination that matches thess@D mocap data. The optimal set
of registered scans (i. e., blendshapes) is selected ugingeay strategy based on reconstruction
errors. Here, sparse 3D correspondences between the mateapnd the set of scans are found by
a rigid and non-rigid registration method based on iteeatilosest points (ICP). Dense 3D corre-
spondences across facial scans are obtained by deformamgpdate scan to each in the set using
Laplacian regularizationdorkine et al. 200dand optical ow constraintsPapenberg etal. 2006

Structured Light Systems

Structured light techniques commonly track shape templ&tem dynamic 3D scanner data in
realtime by combining monocular or stereo video and aclivenination.

In [Zhang etal. 200K a spacetime stereo approach was proposed to capturéedeg@ometry,
texture, and motion. Here, globally consistent dynamictliepaps are obtained by generalizing
the stereo matching problem to spatio-temporal orientatows, optimized to small blocks of
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data for scalability. Textured facial models that preseweespondences are then built by tting a
template mesh to the depth maps while enforcing optical @mstraints. They showed that new
consistent animations could be created interactively foypli blending nearby meshes, using either
user-de ned control points or motion graphs.

Huang et al. 2004 used a monocular sinusoidal phase shift acquisition ntethat ts a multi-
resolution face mesh to depth maps. Global coarse defansatire obtained by ICP-based rigid
alignment to the depth maps, followed by region-based dedtions using a physics-based synthe-
sis framework. Local deformations are modeled using foemfdeformations in a Euclidean dis-
tance transform space based on cubic B-splines, and theptieed by minimizing the difference
to the scanner data in a least squares sense. Wang22@d} §mployed this acquisition framework
to learn a generative model that decomposes person-spgfacial expressions into generic content
and style. To do so, the facial expressions are projectediinbn-linear manifold using local linear
embedding and then normalized to establish correspondgtiaeby creating a uni ed embedding.
Generalized radial basis functions with linear weights.(ilinear maps) are utilized to model the
manifold. Finally, a generative model is learned using imé#r model that separates linear weights
(style) from non-linear functions (content). Such a modrlld be used for dynamic morphing and
expression transfer, both very relevant tasks in faciahation.

Inspired by the acquisition setup proposedttufing etal. 2004 Weise et al. 2007 presented a
robust stereo phase-shift method that can reconstruch aegps of complex deformable objects
in realtime by harnessing data parallelization on the GPisc@ntinuities and motion artifacts that
may appear during the phase unwrapping of the projector atata&xplicitly handled by exploit-
ing stereo data and deriving an analytical expression fmnibtion error incurred by the captured
system. In YWeise etal. 200Q the same system is utilized for live facial puppetry. Tem=ach
this problem, they used as a prior a generic template mestctmstruct the actor's face and ob-
tained consistent correspondences across his/her pedoexpressions using dense optical ow
constraints. A person-speci ¢ parametric statistical eldtbm these dynamic facial expressions is
then created, thus simplifying the puppeteering problennaiosferring source expression weights
to a target face model in a linear subspace that spans theesexpressions in the target space (i. e.,
deformation transfer spac8({imner and Popowi2004).

Dense image-based methods

Dense image-based approaches help overcome the limgatibpurely geometric and scanner-
based methods, especially regarding the tracking accumadythe quality of the surface detail.
To produce high-quality facial performances, these methgplically combine mesh tracking with

passive multiview stereo reconstruction obtained frommlemand expensive HD camera setups.

The rst passive method that requires no template mesh wasoged in Bradley et al. 201D Per-
frame facial geometry and texture are captured from meithstereo data using a constrained binoc-
ular reconstruction that iteratively removes outlierseTitial reconstruction is propagated through
time using optical ow constraints and then deformed with #iready reconstructed meshes. Tem-
poral drift due to extreme motions is partially correctedamalyzing ow displacements in the
reference texture map, and stable mouth tracking is eMglienforced using sparse edge-based
constraints whose correspondences remain xed in the m&glatial and temporal noise is con-
trolled with smoothing at the expense of less detailed nesBershukov et al.Z003 recreated
actors forThe Matrix Reloadedising the Universal Capture system that requires lasemsch
models. As in Bradley etal. 201]) optical ow and camera triangulation constraints allogr fin
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accurate tracking of the model over time, and time-varyadure maps are computed from multi-
ple cameras. However, drift and tracking errors are coetbotanually. Realistic skin scattering is
simulated by capturing subtle illumination changes in a@gbtmap and blurring it accordingly.

Beeler et al.201]] introduced an anchor-based face tracking approach tlla¢ssies temporal drift.
It is based on a high-quality single-shot reconstructiarhtéque proposed byBleeler etal. 2010
that captures per-frame facial scans with different togiel® using a multiview binocular stereo
method similar toBradley etal. 201]) However, it can retrieve details at the pore level by empplo
ing a mesoscopic augmentation heuristic that uses high-jpaed image cues, akin to shape-from-
shading based re nement\u et al. 2011aValgaerts etal. 2013b In [Beeler etal. 2011 anchor
frames are selected by analyzing cross-correlation ebetigeen a reference image and uniformly
sampled candidates. Dense correspondences to the reféneage are then computed by block-
based normalized cross-correlation, and correspondeaaggnchored frames are propagated be-
tween anchored frames in a forward and backward directigmeteent drift. The reference mesh is
then deformed using the tracked motion elds asBrddley etal. 201 Finally, the motion and
shape of the deformed meshes are re ned separately to gesufiame spatial delity while being
temporally consistent with the reference frame. A comna¢isystem, called Dimension Imaging
[D14D] also falls into this category. As irBeeler etal. 201;1Bradley et al. 201]) this system uti-
lizes dense passive stereo photogrammetry and employsbpiiv constraints to track a mesh
with xed topology at high delity.

Beeler et al. 2014 extended the system irBgeler etal. 201land introduced an anatomically-
inspired rigid stabilization approach to align tracked hess The stabilization is decomposed into
two steps: Skull tting and mesh stabilization. A generiaks rst rigidly aligned to manually
annotated landmarks on the actor's neutral shape and themigidly tted using a linear shell
energy that minimizes bending and stretching. Finally, meyressions are stabilized such that
two main anatomical constraints are preserved: Volumskio constraints, and nose stretching
and compression constraints. In practice, this is achibyechinimizing an energy that penalizes
deviations from the predicted tissue thickness and theheoigthe nose on the mesh surface.

Alternatively, pore-level skin detail at millimeter pre@mn can also be reconstructed by additionally
resorting to sophisticated light stages under fully cdidoillumination, and by employing custom
photometric cues based on spherical-gradient illuminatim [Ma etal. 2007, static texture and
detailed 3D geometry are captured using the so-called IStade 5, which consists of 15 binocular
stereo arrays and about 150 LED lights. Here, diffuse raece and geometry are captured from
cross polarized cameras under different spherical gradiemination, whereas specularities are
obtained similarly by subtracting parallel-polarized gea from the diffuse ones. A high-resolution
normal map is derived from specular images illuminated uwmlifferent structured light patterns.
The normal map is then embossed onto the diffuse geometrgttekin detail. Based on this ap-
proach, a photo-realistic digital character was creatdedander etal. 2010 Here, actor-speci ¢
blendshapes are obtained by warping a master mesh intossiygescans such that 3D geometry,
surface normals and manually labeled sparse points agremudfly sculpted geometry for the
teeth and the eyes are manually added to the blendshapesniptateness. The textured model is
tracked between manually-selected key poses in a multivideo setup with known lighting by
applying model-based optical ow constraints. Also basadMa et al. 2007, Wilson et al. R01(
track dynamic high-resolution scans by combining stereonstruction and photometric normals.
Temporally-coherent normal maps are obtained by aligniaglignt illuminated images to full-on
lit tracking frames both in forward and backward directiarhere correspondences are computed
using a novel optical ow algorithm that considers completaey gradient illumination constraints.
Temporally-coherent stereo geometry of tracking frame®imputed from stereo pairs using both
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albedo and aligned photometric normals. Finally, the deosespondences are used to warp and
blend the texture, geometry and normals of in-between ramking frames.

Gosh et al. 2017 improved the method proposed ikl etal. 2007and developed a low-cost fast
capture system, called Light Stage X, which consists of 5ezam This system employs a new pair
of latitude-longitude static polarizers symmetricallgtdibuted on the sphere. This supports camera
placement anywhere near the equator while providing higgdity specular and diffuse maps for
computing accurate normals. High-resolution scans amnstucted from these data by a novel
adaptive domain message passing algorithm that allowsofinse-to- ne continuous optimization.
Based on this work, Alexander et &2(13 created a realtime photo-realistic digital charactendle

a detailed blendshape rig is derived from several scans @ad to multiview video data using a
novel scene ow graph. As inAlexander etal. 2070 the eyes and the teeth are mostly sculpted
manually, and the complete model is rendered in realtimb taitored BRDF models to simulate
realistic skin and eye appearance.

3.1.2 Lightweight Facial Performance Capture

Lightweight acquisition methods commonly track a templatex blendshape model from either
binocular stereo data or RGB-D videos containing color agpthd information. Due to the low-
quality and noisy input, RGB-D approaches mainly focus andhimation of believable virtual
avatars using performances robustly tracked at realtinmereas binocular approaches aim to re-
trieve detailed, photo-realistic meshes at high delityrfr HD stereo images.

Beeler et al. 2010 showed that their dense image-based approach (see Sé&ctidhcan also
reconstruct detailed meshes at the pore level from a conshimecular stereo camera in indoor
scenarios; however, the reconstructions are limited twigible region of the face due to the lack
of priors or temporal information. Infalgaerts etal. 2013bthe rst binocular approach that tracks
detailed meshes in general uncontrolled lighting setupspraposed. Similar to previous methods,
a coarse template mesh reconstructed from the same steeeis tfiacked using a highly-accurate
image-based scene ow technigue that incorporates stiet@ware regularization to preserve facial
features. Temporally-smoothed, yet accurate, deformsitiwe enforced by Laplacian deformation
in the temporal domain, while being consistent with theesiémages. The geometry is then re ned
by inverse rendering with a novel shape-from-shading fiaonk that uses spatially-coherent local
albedo information to estimate the lighting and employsteral changes in shading cues to recover
ne-scale skin detalils.

One of the rst steps towards performance-based characiienation from cheap RGB-D sen-
sors that nds a trade-off between tracking accuracy andtime& performance is presented in
[Weise etal. 201J1 Here, a novel blendshape-based tracking algorithm tbathines raw depth
scans and 2D texture registration with dynamic priors islisénfer motion parameters to animate
avatars. To do so, two steps are performed: Model/prioriaitun and tracking. In the acquisition
step, a personalized model is built by aligning a statisttepe modelBlanz and Vetter 1999

to multiple aggregated neutral scans. Then, the neutr@esisanon-rigidly tted to a set of pre-
recorded user-speci ¢ scans. A personalized, dynamicdsleape model based on generic facial
action units is derived from these data ¢tal. 2010, and a probabilistic animation prior modeled
in the principal component analysis (PCA) space is learirethe tracking step, the global motion
of the blendshape model is estimated by ICP in a temporalovwind he blendshape weights are es-
timated in a probabilistic framework that maximizes thg@afhent con dence to depth data and op-
tical ow constraints while enforcing face dynamics coteig with the prior. Bouaziz et al2p13
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extended this approach and proposed a dynamic expressidal fizEM) that is re ned in real-
time. This model consists of generic blendshapes, an tggP@A model, and additional corrective
deformation elds represented as the spectral basis of taphgLaplacian; the latter account for
person-speci ¢ face shape and dynamics not explained bgdineric model. To personalize the
model, a linear expression transfer operator similarSoniner and Popo@i2004 is used to up-
date the blendshapes whenever the user's identity and tbamion elds change. The model's
parameters are optimized in a two-step process using Garidst: A tting step that solves for
the rigid pose and blendshape weights, and a re nement B&gsolves for the identity and defor-
mation coef cients. Unlike YVeise etal. 201}1 smoothed deformations are explicitly regularized
by applyingL1 andL, norms on the coef cients. To ensure temporal consisterngyoptimization

is performed over the history using an aggregation schersedban exponential decay with xed
memory overhead.

An alternative adaptive PCA model approach based on coresds presented irLf etal. 20138.
Their tracking is also performed in two steps: Of ine andinal In the of ine step, a neutral ex-
pression of the actor is obtained by tting a statistical rakt facial scans, as iWeise etal. 201J1
Then, generic blendshapes are transferred to the neuapésthereby creating the actor's blend-
shape model. In the online step, the blendshape model i tt8D scans and detected landmarks
by a ip- op ICP-based optimization strategy that rst ndsorrespondences and then solves for
rigid pose and blendshape weights. The tting is improvedUaplacian deformation and the
meshes are further projected into the adaptive PCA modebtairothe nal in-space deforma-
tion parameters. This incremental model consists of odhalized generic blendshapes and suf-
ciently far out-of-space examples, which are orthogoredi using an Expectation-Maximization
(EM) based algorithm. Note that the nal animation parametge obtained by tting the generic
blendshape model to out-of-space examples.

Thies et al. 2015 presented an analysis-by-synthesis approach that reaotssphoto-realistic per-
formances and allows for facial reenactment in realtimes Tiethod relies on a highly-parametric
face prior that models rigid pose, facial identity, and egsion. It also parametrizes skin albedo
and lighting to track the face in the RGB-D video streams. t@zoy to state-of-the-art methods, the
model's parameters are jointly estimated via inverse rengeby minimizing an energy function
that considers geometric consistency to depth maps, colwistency to the face observed in the
video, and shape similarity to detected 2D facial landmaRealtime performance is achieved by
exploiting data parallel optimization on the GPU. New r&tidi target performances can be created
by mapping expression parameters from a source perfornantten re-rendering the target per-
formance with the estimated lighting. However, their metlbannot generate ne-scale skin detail
(see Chapte6 and ChapteB). A believable mouth interior is modeled with a generic 3Btle
proxy and a 2D warping of the oral cavity.

Recently, Hsieh et al2019 demonstrated uninterrupted face capture in unconstiaatups show-
ing occlusions and mild lighting changes. Their methodgraees face tracking, segmentation and
personalization in a uni ed framework. Rigid and non-rigidcking are based ohietal. 2013H.
The tracked model is textured with non-occluded regionsémporal aggregation and is used
as a prior to segment the face in the video. Segmentationhigweed in two steps. First, the
background is discarded via distance thresholding anchdegetration tests. Second, the seg-
mentation is re ned through color-based thresholdinghgssuperpixels for robustness. As in
[Li etal. 2013K, 3D face shape is represented by an identity PCA model andriyeblendshapes,
but further personalized using local corrective shapes. personalized model is gradually tted to
2D landmarks and Itered depth data by employing a tempagglegation strategy, as proposed in
[Bouaziz etal. 2013
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3.1.3 Monocular Facial Performance Capture

Monocular capture approaches have been extensively dtirdibe last two decades. Here, we can
mainly nd methods that track sparse 2D landmarks and coaB¥8D parametric models. Only
recently, approaches that rely on highly-parametric fater$ and fully exploit dense color and
shading cues have been able to acquire detailed models dlityghat competes with multiview
techniques. In the following, past and present advancdiarea are discussed.

Sparse Motion Capture

Methods in this category mainly detect sparse 2D duciahp®ior facial landmarks that describe
very discriminating facial features, or t a coarse defobitea(and textured) 2D model to images
such that relevant facial features match. Most of thesecagbes mainly focus on sparse facial
feature detection and not dense face tracking. In the fatigwan overview of the most rele-
vant methods is provided. A complete survey of past and pteggproaches can be found in
[Fasel and Luettin 200Zafeiriou etal. 201h

One of the rst popular approaches for sparse 2D motion trackvere the active shape mod-
els (ASMs) proposed by Cootes et al9pg. ASMs simultaneously generate non-rigid shape,
scale and pose parameters by iteratively tting a pointrdigtion model (PDM) to edges of an
object in the image in ways consistent with the training datédis approach requires a good
initialization to converge. InCQootes etal. 20Q1 a generalization of the ASM, called active ap-
pearance model (AAM), was proposed. This method ts a coaisegulated 2D PDM using
all the color information contained in the face image. Thpesgpance and the shape (i. e., rigid
pose and non-rigid deformation) of the face are modeled parai 2D statistical PCA models
from labeled and aligned training data, but they are unietbia single morphable model, as in
[Blanz and Vetter 1999 The model's parameters are obtained using an analyss/thesis ap-
proach integrated into a non-linear optimization framewdrmough AAMs are more accurate than
ASMs, a suf ciently good initialization is needed to assamvergence. Xiao et al2p04 showed
that AAMs can indeed model 3D phenomena, albeit using lgrgeametrization. In this work, they
recover a coarse 3D PDM from tracked 2D sequences by perigrmon-rigid structure from mo-
tion [Bregler etal. 200Punder a weak perspective camera model. Once the 3D PDMimnsatet,
3D pose and 3D shape parameters (and their corresponding D parameters) are jointly es-
timated during tracking using a fast inverse compositicaggbroach based on a Gauss-Newton
algorithm that pre-computes the Hessian matrix.

The robust tracking algorithm proposed Bdragih et al. 2013amproves upon ASMs and AAMs
in landmark accuracy based on a 3D constrained local moddiljGhat is optimized using a
regularized mean shift algorithm. This method optimizesepand shape parameters by rst esti-
mating a response map for each facial landmark that is detblsly local SVM feature detectors,
and then combining the local detectors in an optimizati@p shat enforces a global prior over
their joint motion. Asthana et al2p13 followed a slightly different direction and proposed a
discriminative boosting regression framework that leaoisist low-parametric functions from lo-
cal response maps to estimate the most probable shape parapdates to tthe CLM to images.
Both performance and robustness are signi cantly boosyetdaining local experts with histograms
of gradients (HoG) descriptors.

Recently, Dantone et al2p17 trained a conditional regression forest to detect a vearspset
of 2D ducial points (i. e., mouth, eye and nose corners). sTiorest consists of multiple random
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regression forests that learn the correlation betweeilfaniage patches and ducial points on a
subset of the data which is conditional to a particular dldtead pose. During testing, a set of
pre-trained conditional regression trees based on theastil probability of the global properties

is selected to predict the nal location of the points. Duette reduced amount of detected points,
this method cannot be used for tracking a deformable 3D model

Xiong et al. 013 presented an ef cient non-parametric supervised destetihod for sparse 2D
landmark tracking in the wild. Their method learns a seriepasameter updates, in the form of
generic descent directions, that incrementally minimiee mean of non-linear squares functions.
These functions constitute the actual tting term, whicli$ed to match suboptimal detected points
to local SIFT detectors. Unlike AAMs and CLM based metholdsirtapproach optimizes landmark
locations directly, thus generalizing better to asymmegestures. Due to the uncertainty of the face
contour, only features in the inner face region are robudghected.

Contrary to previous methods that rely on an initial detecf the face Yiola and Jones 20Q4
Zhu et al. P01 introduced a uni ed model for face localization, pose estion, and landmark
detection in the wild. The method is based on mixtures o#lityeparametrized, tree-structured part
models, where each mixture accounts for pose changes. Tineabgon guration (i. e., pose and
non-rigid shape) is obtained by maximizing a score functlmat measures appearance similarity
to observed features (unary potentials), spatial agreebeween parts (pairwise potentials), and
viewpoint consistency to a prior. The appearance evidenobtiained from local SVM detectors
trained on HoG descriptors, and the non-rigid shape is septed as multiple mixture models
and ef ciently estimated with dynamic programming. Noteattlthe detected facial features may
represent unrealistic deformations due to the non-anatdreiructure of the model.

The sparse tracking algorithms presented above normallyige facial features for model-based
approaches to t a template. Despite their robustness, thay suffer from temporal jitter and
normally fall short in accuracy for high-quality face camu As shown in Chaptet, we build
upon the state-of-the-art method proposedSarpgih etal. 201]do achieve the desired level of
accuracy and stability.

Also less related but very relevant are non-rigid strucfroer motion (NRSfM) approaches. They
estimate 3D pose and non-rigid shape (often representedlega basis and deformation parame-
ters) directly from 2D features tracked in an unstructurielée by exploiting temporal deformation
and head motion, either on the entire sequemredler et al. 2000Paladini etal. 200PQor incre-
mentally over a sliding windowHaladini etal. 2010Agudo etal. 201}4 In these methods, pose
and shape are commonly recovered by low-rank matrix decsitigo using singular value decom-
position (SVD) or PCA, as formulated iBfegler etal. 200D Besides, a simple orthographic cam-
era projection is typically assumed. IRdladini etal. 2009 a general framework for deformable
and articulated objects containing missing data is presenPose and shape are solved reliably
by an alternating least-squares factorization approaahaptimally projects the solution onto the
motion manifold. Paladini et al2D1( proposed the rst sequential NRSfM approach that incre-
mentally adds new modes to the reconstructed shape basid baghe reprojection error of the
learned model, where each mode is estimated by low-rankrfaation. Given the current shape
basis, the pose and deformation parameters at a given fresnef eiently estimated by bundle
adjustment over a temporal window. IAdudo etal. 201} non-rigid deformations of a template
mesh are linearly modeled with bending and stretching modesy modal analysis from contin-
uum mechanics. Thus, the problem boils down to estimatiegoftimal pose and deformation
parameters over time, as iRdladini etal. 2010
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Model-based Motion Capture

Methods that fall in this category heavily rely on 2D or 3D gmface models to robustly track
both rigid head pose and non-rigid motion (e. g., expressifrom a 2D video. Hence, they neither
replicate all the actor-speci ¢ characteristics nor restamct ne-scale skin details that are visible
in the video sequence. These methods normally resort toemags (e. g., optical ow constraints,
a sparse set of image patches or dense color informatiorgdk the model in the image sequence.

One of the rst attempts to recover 3D (non-) rigid motionrfra monocular video dates back to
Li et al. [1993. Here, an af ne non-rigid motion model that encodes faeietion units (AU), rigid
pose and color is proposed. The model is gradually tracked tmage sequence by performing an
analysis-by-synthesis feedback loop that consists of§taps: Motion prediction, model synthesis,
delta motion estimation and motion correction. Having dtiahestimate of the motion parame-
ters, the rst two steps deform and synthesize the parametodel based on temporal smoothness
assumptions. Then, the model's parameters are correctedrbguting the delta motion eld (for-
mulated as a differential approach) between the synthaiefrand the observed image. Despite its
robustness, the method requires accurate manual irdtii@iz to get a good estimate of the texture
and shape. Similarly, Pighin et alLl999 proposed an automatic analysis-by-synthesis approach to
track face pose and expressions. This method, howevemassan existing person-speci ¢ tex-
tured blendshape model that is tted to images of the sanm@r actder similar lighting conditions.
Besides, their model spans a wider range of expressionslittingpthe blendshapes into three sub-
regions (eyes, forehead and lower part of the face), eadpamtently parametrized and linearly
combined by 3D morphing during synthesis. The authors stdheg the estimated parameters can
be directly used for generating new realistic facial anioret of the actor.

In [Black and Yacoob 1995local parametric 2D ow models for face tracking and fdadiecog-
nition were explored. Assuming correctly detected eyesjtmand brows in the rst image, the
method tracks these facial features using optical ow. Nbt ow elds for the different facial
regions are parametrized with ad-hoc models to represehtagperspective motion, relative trans-
lational motion (e. g., eyelids movement w.r.t. the faca] eglative curvature deformation (e.g.,
mouth and brows bending w.r. t. the face). These parametiteta showed themselves to be use-
ful for extracting spatial mid-level cues, which in turnaall the creation of high-level rules in the
temporal domain to recognize expressions in a video.

Essa et al. 1994 described the rst set of animation tools for fully autoricaphysically-based
3D facial modeling and tracking as well as real-time intévacanimation. To accurately model
realistic non-rigid facial deformations, the authorsadiiced a parametric physically-based model
with muscle coarticulations attached to it. By tting the deds to images via automatic land-
mark detection and coupling them to optical ow measuremmentcurate animation parameters
can be obtained. They demonstrated that these parametetse aarrelated to image cues from
a training set to infer expressive animations from videauseges in realtime. Furthermore, they
also showed that model-based ow tracking helps regulaniase and occlusions in head pose
estimation. In the same line of research, DeCarlo et1®9§ proposed an elegant model-based
ow tracking method that replaces the velocities of the oglti ow constraints by projected defor-
mations of a 3D morphable model, which are parametrized tatiom, translation and non-rigid
deformation parameters. The latter represent facial shageexpressions that are derived from
anthropometry measurements. To determine the model'srediess, optical ow constraints are
transformed into constraint forces based on Lagrangiamamyjcs and combined with edge-based
forces (i. e., occlusion and facial feature boundary cair#s) to prevent some drift propagation.
Despite its ef ciency, the method is limited to constantiiiination and mild facial motion. Brand
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et al. 2007 introduced an improved model-based ow approach basedayeBian inference that
operates directly on image gradients (not ow computatjcenrsd makes full use of image uncer-
tainty to compute mean posterior estimates. Such improgesovide not only an accurate esti-
mate of rigid and non-rigid model parameters but also thmirdence measurements. To minimize
the information loss due to inverse modeling (i. e., par@mestimation from image data), ef cient
reversible linear operations through chains of matrix apens are proposed. The authors showed
that tracking residuals can be employed to bootstrap theeshad motion estimation to achieve
subpixel-accurate tracking.

Blanz et al. 1999 created the rst database of textured 3D face scans fromsR0{&cts and derived
a PCA morphable model that represents linear variationdobad) face shape (i. e., identity) and
albedo. They showed that a photo-realistic 3D neutral fdc@ erson can be reconstructed by
tting the morphable model to an image in an analysis-bythgsis ip- op loop that iteratively
compares the observed image with the rendered model. Btaiz[2003 extended this approach
by adding a new linear basis that models simple variationsanth deformation. Unlike Blanz
et al. [1999, their method estimates illumination, focal length, hgade and model parameters
in video sequences by inverse rendering using a similarojp-optimization loop that enforces
temporal smoothness. To ensure convergence, the methoideeqnanually labeled features and
a good estimate of the head pose in the rst frame. The autsttoe/ed that new animations can
be created in the original video by modifying the motion @gwf the model and re-rendering it
under the estimated lighting. Vlasic et a20D3 went even further and introduced the so-called
multilinear face models that learn, via tensor decompmsita set of separate, mutually-orthogonal
dimensions (e. g., facial expressions, identity, and Visn#s of speech) from large databases of
face scans. These learned models are then used to tracle-toaredium scale, dynamic face
geometry in videos exhibiting negligible head motion. Thedal's parameters (rigid pose and
non-rigid deformation) are initialized and coupled to opti ow measurementsHssa etal. 1996
DeCarlo and Metaxas 19p@sing only a subset of vertices for ef ciency.

Recently, data-driven approaches for face tracking haae laden explored. Cao et 213 pre-
sented a novel regression-based tracking approach thaslea accurate, user-speci c 3D face
alignment model directly from training images. In the tiagstep, a personalized blendshape
model as well as aligned ground truth 3D shapes are consttficm user-labeled images showing
a variety of poses and expressions. From these images goessiti@ining samples that account for
possible tracking failures are generated, and a regrefaiation for incremental 3D facial feature
alignment based on two-level boosting is learned. The ssgya algorithm rst creates a set of
appearance-based features at randomly sampled 3D polmg, T generates and combines weak
regressors, callef@érns that learn shape updates from image features and inae@DBashape such
that misalignment errors are minimized. At runtime, 3D si®agre inferred from images and pre-
vious shape estimates, which in turn are used to track the qunod expressions of the personalized
blendshape model. The method proposeddad et al. 2014amproves upon this idea and learns,
from a large publicity available dataset, a generic regretsgt infers both 2D facial landmarks and
3D facial shape. At the heart of this method is a dynamic disgadl expression (DDE) model that
jointly encodes rigid pose, focal length, expressionseg feltape (i. e., identity), and 2D landmark
displacements. Similar taCfao etal. 201B the regressor learns parameter updates to incremen-
tally tthe pose, expression and 2D displacements to newgesadn a sequence. In an adaptation
step, identity and focal length are jointly optimized ouwecrementally selected frames whose esti-
mated shapes increase the variance of the adaptive sep@sspd in [i etal. 2013l. Based on
this method, Saito et al2D1g recently presented a realtime, unconstrained face tngckystem
that explicitly segments facial regions using deep learmind processes masked RGB data for 3D
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shape regression. Their segmentation approach uses dré@oasdeconvolution network with bi-
linear interpolation and mirror convolution charactecistwhose output are rst concatenated and
then merged into a single probability map using a nal cootioin layer. A nal segmentation
mask is obtained from the map using graph cut. The segmentstiategy is also used to gener-
ate segmented face images to train the DDE regression ajppr@ne of the main drawbacks is
the lack of temporal segmentation, resulting in high-fesagy jitter during the tracking, especially
when occlusions (dis)appear.

Despite the robustness and accuracy achieved by the mgiteginted above, the reconstructions
are restricted to the parametric model, and some may sudfer drift due to fast head motion and
expressive facial deformations. Besides, all of them lao&-scale skin details, which are crucial
for photo-realistic animation and editing. We addressdhgssues in Chaptérand Chapter.

High-quality Performance Capture

The seminal work described iGprrido et al. 201B(see Chapteb) presents a model-based capture
approach that automatically reconstructs, in a robustsestr- ne fashion, highly-detailed and
dynamic 3D face geometry from monocular video by leveraglatected 2D landmarks as well
as ow and shading constraints. Researchers have deemezpere of detailed 3D faces from

a monocular video a very challenging and relevant probletméndigitization of human avatars,
inspiring follow-up research in the eld. In the followingpme very recent advances are described.

Similar in spirit to [Garrido etal. 2013 Shi et al. 014 presented a coarse-to- ne model-based
approach for unconstrained capture that performs threa steps: 2D feature tracking, model t-
ting, and shape re nement. In the rst step, candidate npisme 2D facial features are estimated
using random forests. These features are then employedigi®aadl tting constraints in an adap-
tive AAM framework that incrementally updates the shapadtmsimprove landmark localization
[Bouaziz etal. 2013Li etal. 2013K. In the second step, 3D feature positions are computed by
NRSfM. A multilinear model in identity and large-scale esgsion variation is then tted to the
3D positions while enforcing temporally-consistent poanad expressions between automatically
selected keyframes. These keyframes exhibit the highesitiean in deformation of the 3D points
over the entire sequence. Finally, the face shape is re nea shape-from-shading framework
that assumes constant albedo and lighting, as describeectin85.6. However, the albedo map
is estimated at the vertex level. The re nement of the s@rfacperformed iteratively to improve
mid-scale deformations, but the improvement is minor aresdwt correct tangential errors.

In [Suwajanakorn etal. 20]14a simpler, yet effective, approach is proposed for total/img face
reconstruction under uncontrolled imaging conditionseifimethod requires neither blendshapes
nor a pre-calibration step, but it assumes a person-speviarage shape and an illumination-
dependent appearance model reconstructed from a large pbitgction available on the Internet,
as described inKemelmacher Shlizerman and Seitz 2D1The key component is an analysis-by-
synthesis framework that combines model-based ow deftionglDeCarlo and Metaxas 19p6
and shape-from-shading based re nement (Sechid@) to align and warp the model such that it
matches the observed image. To ensure accurate poseimvand drift-free model deformations
over time, both the lighting and the pose are estimatedtieha before non-rigid registration us-
ing a RANSAC-based framework that discards occluded \esticTemporal coherence is further
enforced by considering visible correspondences of nefagoyes. Fyffe et al.J014 presented an
alternative drift-free, region-based ow method that égva template mesh in a video stream based
on static textured scans. The core component is a genetapaase performance ow graph that
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connects consecutive dynamic frames in the sequence, hasahtic textured scans to dynamic
frames, using dense con dence constraints over differacg fegions. Here, sparsity is enforced
by removing low-con dence static-to-dynamic ow connemtis. Based on this graph, the template
mesh is accurately tracked between keyframes by minimaimmilti-objective cost function. This
function measures the difference between projected 3D rdef&irmations and optical ow vec-
tors while restricting deformations to a spatially varyiognvex combination of static poses and
neighboring dynamic poses in the graph; the latter are wedgby the associated ow con dences.
The main drawback of this method is that it requires a sttt environment map of the scene to
relight the facial scans in ways consistent with the recirddeo.

Cao et al. 015 enhanced the realtime tracking algorithm presente@an[et al. 2014awith local
boosted wrinkle regressors that add ne-scale skin detaitsal regressors are trained of ine on
high-quality multiview data and learn the correlation begw local texture patches over the face
and their corresponding wrinkle displacement maps, botharpatrized in a common UV space.
Patches are automatically extracted by analyzing the nsspprobability in a precomputed wrinkle
likelihood map, and they are centered and oriented alongkes to extract meaningful features. To
enable realtime performance, local displacements in d@ate parametrized in a low-dimensional
PCA space. At runtime, the mesh is accurately aligned to @&saga optical ow to ensure accurate
and temporally-stable input features for the predictiometiails. As the method relies on texture
features, lighting changes, blur and occlusion deteéottad results.

In [Wu etal. 201§ a novel anatomically-constrained local deformation elddr accurate face
capture is introduced. The local model is derived from peatined blendshapes and represented
as a set of linear non-rigid deformation subspaces thatrafermly distributed over the face and
bounded by anatomical constraints. Such constraints &es diy a skull and jaw bone structure
[Beeler and Bradley 2014hat limit the skin thickness w.r. t. the bones based on gddwuth obser-
vations. To track the local model, the authors combine sgatnporal and anatomical constraints
to ensure globally consistent patches over time. In addititey seamlessly blend the patches using
distance-based Gaussian kernels. Even though their Ippabach is robust and accurate, it needs
an actor-speci ¢ anatomical model to start the trackingiolltis impractical for legacy videos.

A little less related is the dense NRSfM approach introdulcgdsarg et al. 20134 that recon-
structs dense 3D face geometry from unconstrained videsha does not need a shape model.
Here, NRSfM is formulated as a global variational energyimination problem to estimate dense
low-rank smooth 3D shapes and camera rigid motion for evaimypé, assuming that dense tempo-
ral 2D correspondences are given, e.g., from a ow grapyife etal. 2014 or multi-frame ow
elds [Garg etal. 2013 Smooth, yet accurate, reconstructions are obtained mboung edge-
preserving spatial regularization with a soft low-rankg@harior that ensures a compact, non- xed
shape subspace. Although their approach does not re nacigeometry, it could easily integrate
shape-from-shading based re nement as a post-processipdcsrecover ne-scale skin details.

Despite the high-level of detail and tracking accuracy el by these approaches, most of them
neither estimate nor parametrize personalized mid-sedd@mations, such as person-speci ¢ smiles
and nose shapes. Capturing such deformations not onlyilmatetto a better tracking but also help
decouple ne-scale transient details from true motion aegidual misalignment, as proposed in
Chapter7. Such a separation is of particular importance when legrfage rigs from tracked
meshes, since artists can easily separate and contrakdiffeffects in a more exible and intuitive
way, thus facilitating facial animation and video editiaghs (see Chapt&).
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3.2 Lip Tracking and Reconstruction

Accurate tracking of lips in video is deemed a problem of parant relevance in the scientic
community since accurate lip motion not only helps impropeesh recognition and comprehen-
sion of the auditory channeKpucic and Blake 1998LeGoff etal. 1994 Summer eld 1992 but
also increases the realism of facial animations (see Ch@ptBetecting lips in monocular videos,
however, is a task hard to achieve due to the lack of depth destacclusions in the mouth region
as well as recurrent changes in shape, color and speculectiens of the lips. Hence, lips are
normally tracked in 2D using contour-based approacheshisatily rely on shape and color pri-
ors. Just recently, novel methods can reconstruct 3D lipeshéy assuming controlled multiview
capture setups or large databases. An overview of theseyfves of approaches is provided as
follows.

3.2.1 Image-based 2D Contour Tracking

Methods falling in this category mainly focus on recoverig contour lines for the lip bound-
aries (mostly outer boundaries) using either supervisachieg methods or optimization-based
approaches that rely on shape and/or color priors.

One of the most popular approaches for contour detectiothargo-called snakes or active contour
models Kass etal. 1988 A snake is a generic energy-minimizing spline guided bgride ned
(external) constraint forces and in uenced by image forgesially image gradients) that pull the
curve toward edge or line features. It is also controlled rigrinal forces (e.g., stretching and
curvature) that resist deformation. Based on this, Bregfel. [L994 developed an audio-visual
speech recognition system that combines both acousticangkéip motion (captured by snakes)
to improve robustness in the detection. In this frameworiakes are customized for outer lip
contour detection by constraining successive deformattonlie on a manifold of plausible lip
shape con gurations learned from prior examples. Despigeimprovement in performance, they
found that image forces based on gray-scale image gradiemti®iadequate to detect accurate lip
boundaries. Bearing this in mind, Barnard et aDQJ adapted the standard energy function of the
snake by replacing the gradient-based image forces withoRi pattern matching templates. Here,
reference templates are extracted from a neutral face gtledmpoints on the outer lip contour
and then matched against candidates in a new frame alondisearby using normalized cross
correlation. The snake is nally pulled toward areas withretation scores above a given threshold.
In this approach, the inner lip boundary is naively anchaoettie outer contour assuming constant
lip thickness.

The methods described above only work for frontal poses equire a good initial guess to ensure
convergence. To overcome these problems, Tian e2@0( introduced a model-based approach
that ts a coarse multi-state mouth shape prior to outer tiptours by exploiting shape, color, and
motion. The prior is modeled as splines and consists of stages: Open, closed and tightly closed
mouth. The most probable state is inferred from the heighheflips and the color distribution
inside the mouth, where the height is obtained from contaimtp tracked via optical ow. At

a given frame, the tracked points are used to detect the nfourthwhich color and shape are
extracted. The most probable prior is then selected and titiehe tracked points to extract coarse
lip contours. Due to the simplistic mouth model, asymmeaiicl expressive lip shapes are not
captured. Alternatively, Eveno et aR(04 proposed a robust and accurate lip segmentation method
based on jumping snakes to avoid local minima. Assuming glranitialization, a snake is tted
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to the upper lip contour by a succession of jumps and growirages. The former guides the snake
towards hue and luminance edge gradients, whereas thedatends the end points. This gives
keypoints for the upper lips, which are in turn used to detteetip corners and lower lip keypoints.
Then, a cubic spline is tted to the keypoints such that itesg with the edge gradients, thereby
segmenting the lip boundaries. For each new frame, the ketgpare tracked using optical ow,
and the cubic spline is updated. To prevent drift, the keyjsare re ned, again with snakes guided
by edge gradients, before segmentation.

Nguyen et al. 2009 tackled changes in appearance and illumination that therdip contour
usually undergoes. They introduced a semi-adaptive aapipearance model (SAAM) that incre-
mentally adds new tracked candidates to an AAM model usingM Setector trained to recognize
aligned shapes. The incremental model consists of a xedgaed PCA subspace and the new
set of aligned examples, which are orthogonalized and gegjeto the new incremental subspace
[Lietal. 20138. As the method discards misaligned shapes to prevent drftiils to detect ex-
treme shapes.

Since the inner contour of the lips slides over and is prordigocclusions, the methods described
above mainly focus on tracking outer contours. Kaucic 18199 proposed one of the rst meth-
ods that tracks unadorned inner and outer contours inmealdy leveraging shape and motion
priors as well as illumination-tolerant feature detectoel learned from examples. Here, a sparse
PDM model represented via B-splines serves as shape phergas motion dynamics are learned
from speech sequences using a maximum likelihood estimaiigorithm. Contour detection is
formulated as a classi cation problem on hue images, whefistaer discriminant and a color mix-
ture model identify lip-skin and inner lip contour boundss;i respectively. Based on their response
maps, the inner and outer contours are deformed along theu® oormals in ways consistent
with the priors. In this method, accuracy is sacri ced toiegk realtime performance. Similarly,
Wang et al. 2004 t an PDM model parametrized by quadratic curves to a colatability map by
employing a region-based cost function that maximizesdim probability of the partition between
lip and non-lip areas. Unlike Kaucic et al 99§, the probability map is generated from color and
spatial distributions using a simple unsupervised clirsiemethod that requires neither a feature
prior nor training. As a counterpart, this simple segmeéoeatorbids tracking of the inner contour.
In both cases, the authors showed that tracked lips can imsmeech recognition accuracy.

Recently, general-purpose learning-based approachesdmagrged as an alternative to detecting
edges and contours in images and that do not suffer fromdiioits of methods based on low-
level features. In[ollar etal. 200 edge and object boundaries are identi ed by a supervised
boosted learning algorithm, called Boosted Edge LearnBIgL{, that learns to classify image
pixels as (non-) boundaries from labeled examples by Iguegea large set of generic fast features
over a small image patch. These features include gradibigmgrams of lter responses, and
Haar wavelets at different scales. As classi cation is parfed per pixel, just a few example
images provide enough data for training, but detections beayery noisy. Dollar et al.Z015
improved upon this method and proposed a generalized fastusted learning approach based on
regression forests that exploits the inherent structuedgés in local patches. Here, the detection
of edges is formulated as predicting local segmentatiorksisinput image patches. The key to
ef ciency is the projection of input features to randomlyngaled dimensions, followed by PCA-
based dimensionality reduction. The method still requar&gge set of training images, which may
not be available.
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3.2.2 Dense 3D Lip Reconstruction

In contrast to 2D tracking approaches, recent multivievamstruction methods attempt to extract
and model the dense 3D shape of the lips in controlled stumtiditons.

Bradley et al. 201J employed a dense multiview passive performance captwisywith con-
trolled lighting that explicitly enforces accurate lip reigation based on simple 2D edge detection
and silhouette alignment constraints for both the innerauidr lip contours. However, the method
assumes that correspondences in the inner contour regitamexed on the mesh, thus limiting
tracking accuracy. Irghat etal. 201B a two-step performance capture approach is presentasl. Th
method rst tracks a blendshape model using 3D mocap dat2Brazbntour features and then per-
forms out-of-model re nement for improved eyelid and lipegtes by matching the contour features
to dynamically selected occluding contours in the mesh.rélhmement step is in turn performed in
two iterative stages: First, the isoline on the mesh thatl@asaximum number of silhouette edges
is selected as occluding contour. Then, the projected dirajcontour is warped via Laplacian de-
formation to match feature curves on the 2D contours. Thafgctive, the method requires a
manual selection of 2D curves in the image.

Considering previous limitations, Anderson et &0134 proposed a method that uses accurately
tracked 2D lip contours as additional constraints in a radtnera photometric stereo system to
improve the 3D registration of the lips. Here, a discretekeria tted to BEL probability maps in
the image and then projected onto a reconstructed depthagggd 8D contours. Points lying on the
outer contour are associated with xed vertices in the medtereas the inner contour is reckoned
as an occluding boundary that is dynamically connected édgned isolines in the mesh based
on the geodesic distance to the outer contour in the depth mdlhpis approach, the actor needs to
face the camera, and a manual initialization of the snakegsired.

Another attempt to capture mouth deformations even in tlesgmce of occlusions, fast motion,
and extreme poses was presented.in Etal. 2015. Here, their method ef ciently fuses RGB-D
video and audio data for robust, realtime face tracking. Héwecomponent is a data-driven user-
independent approach based on nearest neighbor seart#atinatto correlate acoustic features and
inaccurate lip deformations (in a parametric space) toed mouth shapes from a large database.
At runtime, re ned mouth shapes are retrieved from the datatbased on an adaptive cost function
that considers con dence and velocity changes of acousticuser-independent lip features over a
temporal window. Even though the method is robust and agiglécto any subject, style and user
idiosyncrasies are ignored, thus drastically limitingckiag accuracy.

Also related is the method of Kawai et aR(15 for photo-realistic 3D inner mouth restoration
of a speech animation. The method combines quasi-3D racaatish and simulation of a generic
tongue and personalized teeth with 2D appearance restoratilip and cavity boundaries. The
latter is based on a so-callédultiview Detai-lizationalgorithm that leverages a large dataset of
mouth motions connected to speech to photo-realisticaltyect the appearance of the inner mouth
(including the lips) of an animated model at a ne-grainedcle

All the methods described above require multi-camera iapdfor controlled recording conditions,
yet many of them still struggle with strongly occluded andyvexpressive mouth shapes. As
demonstrated in Chapt8&r we propose the rst approach to capturing highly express shapes
from monocular videos in general surroundings, e. g., autflaotage or internet videos.
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3.3 Face Rig and Detail Generation

Building a fully-controllable and detailed parametric iEdanodel (i. e., face rig) is an essential
element for the digitization of realistic virtual charastén feature Ims and computer games.
Nowadays, animation artists are used to manually creagiog ffigs of actors with custom-designed
control parameters. Facial expression control is normelyieved by using a set of blendshapes
that span intuitive atomic face expressions and that aealip combined to obtain a new pose
[Lewis etal. 2014 Alternatively, physics-based muscle models can be usedrimation control
[Sifakis etal. 200F either separately or in conjunction with a blendshape eh¢ske Sectio.1.2
for more details). The automatic creation of fully-contable parametric models that capture the
mannerisms, expressions and details of the human face basbeajor concern in the face capture
and facial animation community in an attempt to try to strigaethe effortful manual process done
by artists.

One of the rst endeavors to model the global facial anthroptry across people from a database
of 200 laser scans was proposedBfgnz and Vetter 199®Blanz et al. 200B The authors modeled
the global variation in shape and appearance across thdesaoging PCA. Such an identity PCA
model constitutes one of the base coarse components in thidagar face model presented in
Chapter7, as well as in the automatic face rig generation introduce@hapter8. Multilinear
models presented irClo etal. 2014pVlasic etal. 200bgo one step further and try to capture the
facial anthropometry on different levels of variation (g.expression, identity, and mouth shape) by
learning via tensor decomposition a set of mutually ortmag@imensions from a large database
of expressive facial scans of different individuals. HRigtia personalized parametric expression
and identity model to the face of an actor with the repregiems. mentioned above, however, is a
challenging problem and also counter-intuitive, sinceythave control dimensions that are often
of global support and lack semantic interpretation. Theesfsuch models cannot be readily used
by artists for rigging. To overcome these problems, Ten& ¢2811] presented a linear piecewise
modeling method that learns a collection of PCA local moffels facial scans. These local models
are independently trained on different facial regions bare common boundaries to enforce global
consistency. They showed that the region-based formulatad only generalizes better than the
holistic PCA counterpart when tted to unseen data but algeggthe user a localized manipulation
control viaclick-and-draginteraction to create new animations. However, such Ipedlimodels
provide a segmentation into xed parts that may lack sencaritintrol, as opposed to the exible
localized control built into blendshape models designedrtigts.

Generic blendshape models personalized to the actor'siface been extensively used by dif-
ferent facial performance capture methods, both in momwochmera settingsClao etal. 2013
Cao etal. 2014aSaito etal. 2016Thies etal. 201pand RGB-D sensor setup8\Vgise etal. 2011
Thies etal. 201p Face personalization is achieved by deforming the maatel & set of facial
scans or by directly tting it to RGB(-D) video, either dugrtracking or in a pre-processing step.
Nevertheless, such generic blendshape adaptation faiégtare person-speci ¢ expression details
performed by the user. As such, some recent approachesasstmot only identity and blendshape
parameters from the captured facial performances but @smp-speci ¢ correctives on top of the
coarse model to give a better personalizatidajaziz et al. 2013.i et al. 2013h Hsieh etal. 201p
The main drawback of these approaches is the need for both deg optical input data. Latest ad-
vances in monocular facial performance capture now allowedpturing detailed, dynamic 3D face
geometry (see Sectidh 1.3, but they are unable to intuitively parametrize persoeesp idiosyn-
crasies in expression, and to learn a model for wrinkle geiwer that nicely correlates to blend-
shapes or coarse expressions. Detailed blendshapes cherbatavely captured from complex 3D
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facial scanning systems and used later to approximatelslédainewly synthesized expressions
[Alexander etal. 201;3Fyffe etal. 2014 However, such a strategy may fail to reproduce all the
nuances and face dynamics of an actor, requiring more exes@t extensive manual interaction.

One of the rst attempts to learn models for wrinkle syntsegoes back to Bickel et al200g.
Here, coarse-scale facial performances captured from pnegstems are augmented in realtime
with a ne-scale detail layer, which is learned by corretgtisparse measurements of coarse-scale
skin strain with a ne-scale detail layer (skin bulges andnkies) from a small set of example
poses. In this approach, details are parametrized as ligElhdements, whereas skin strain is
computed as the relative stretch of edges in a sparse fegtaph, where its nodes correspond to
point locations in the coarse mesh. Thus, the learning probs formulated as a scattered data
interpolation in pose space for which radial basis fundiwith biharmonic kernels are employed
as interpolators. The authors showed that new realistin@ions can be interactively created using
mocap data or sparse handlers on the mesh. Similarly, Ma [&081§ proposed an approach that
learns the correlation between coarse-scale skin straim mocap data and high-resolution detalil
layers captured from a 3D scanning system. However, detedlsepresented as two independent
layers: Medium-scale face dynamics and ne-scale defamatat the pore level. The former is
represented as a 3D displacement map, while the latter mdedcas a height map that embeds
displacements along the normal direction. Consequertbtse-scale skin strain is projected into
the UV-space and parametrized by biquadratic polynomigpldcement maps. Two linear maps
are then learned from the data, which are then used to symth@edium- and ne-scale details on
coarse meshes tracked by mocap dataBkrinano etal. 2014 low-resolution art-directed facial
performances are also enhanced by generating actor-spegpressiveness and details learned
from a large corpus of high-resolution example meshes tleataptured in a multiview camera
system. These examples represent short, yet expresdigecgrences. At the heart of the approach
is a convenient shape space representation that paragsetonarse-scale deformation and detailed
expressiveness of samples in the database via deforma#idiegts. During synthesis, new coarse
meshes are simply projected into the shape space to nd tiimaldinear combination of examples
that match the new expression. Once found, the inferredhigaye then used to generate a detailed
expressive layer for the coarse mesh.

The main drawback of the wrinkle generation methods meat@above is that the ne-scale detail
layer is mainly driven by coarse 3D geometric deformatidrag are not always intuitive to control
and animate. Besides, such approaches can mainly be afippedormance capture data obtained
from controlled and complex camera systems.

Recently, some approaches can synthesize details onaaybiicial performances captured from
commodity sensors, €. g., Kinect or webcams. Li et201bH proposed a lightweight wrinkle syn-
thesis method for enhancing coarse facial models captuoed dn RGB-D camera. The method
is divided into two stages: Wrinkle extraction and generatiln the rst step, local wrinkle exem-
plars in the form of gradient images and height maps areartidrom pre-computed high-quality
textured meshes. In the second step, given a gradient mgputechfrom an input face image, the
optimal synthetic height map is obtained in an EM framew@iikst, it estimates synthetic gradient
and height maps given xed exemplars. Then, it nds the ojptiraxemplars from the database
using the input gradient values and the estimated height fritagresulting height map is then used
to compute a wrinkle layer for the coarse 3D face model recocted from the RGB-D sensor. As
a by-product, they showed that a detailed blendshape maddbe created from static expressions
performed by the actors. Similarly, Cao et #0115 enhanced monocular reconstructions with
local boosted regressors that add ne-scale skin detaillewgraging a database of high-quality
multiview data. Contrary to Li et al2pD15H, the local regressors learn in an of ine step the actual
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correlation between local texture patches over the facettagid corresponding wrinkle displace-
ment maps. This way, wrinkles can be quickly regressed dimenfrom the learned model. As
both methods rely on photometric cues, lighting changes,and occlusions deteriorate the quality
of the results. Besides, they cannot directly generatekiasnfrom blendshape weights, which is a
de facto standard in facial animation.

So far, the automatic creation of fully personalized anditkd face rigs remains unsolved. Li
et al. 201Q introduced an automatic method for generating actorigpétendshape rigs from
example expressions. These rigs preserve the semantiggiof anodel, yet they capture the man-
nerisms of the target actor. The optimal set of target blleajlss is formulated as an optimization
problem in the gradient domaiS{imner and Popo¥i2004 by interleaving between two steps. The
rst step solves for target blendshapes whose linear coatigin optimally match the target exam-
ples in a least squares sense while preserving the semahttes prior. The second step keeps the
target blendshapes xed and optimize for the linear bleagshweights. The main drawback is that
detailed example poses must exist beforehand and cores$paalid blendshape combinations of
the prior; otherwise, person-speci ¢ characteristicsrasetransferred.

Ichim et al. 019 proposed an approach that reconstructs a person-spexierig with personal-
ized albedo map and dynamic wrinkles directly from handathmbnocular cameras in controlled
setups. Both a static and dynamic modeling step is perfotmedpture the rig. In the rst step,
a generic blendshape model is tted to a structure-fromiomebased reconstruction of the head
at rest, and an albedo map is obtained from multiple viewsntiinsic decomposition and Pois-
son integration. In the second step, the generic blendsimauke| is tracked over a sequence of
actor-speci ¢ expressions, which exercise the differéntahsions of the blendshape model. Then,
the model is re ned by allowing out-of-space deformationsekpression and depth, using both
ow and shading constraints. Transient ne-scale details additionally recovered by applying
shading-based re nement and stored as normal and occlusaps. Finally, a generative bump
map is learned, which correlates strain of facial featungbé model with displacement maps. The
result is a detailed face rig that can be animated with blesgs parameters. Note that several steps
require manual intervention and the approach is unsuifabliegacy video.

Chapter8 presents the rst automatic approach that creates a fldhggnalized parametric face
rig, which is composed of a generic identity and blendshapdeatat the coarse level, a corrective
personalized layer at the medium level, and a ne-scale ggine detail layer. Unlike previous
methods, our approach reconstructs detailed face rigs @irmrontrolled monocular setups, i. e., it
requires no initial 3D scan nor a set of prescribed faciaresgions. Moreover, the reconstructed
face rigs can be intuitively controlled by an artist by signphanipulating blendshape controllers,
which trigger all levels of details automatically.

3.4 Speech-driven and Video-driven Facial Animation

Facial animation has been studied for decades in the gmgoimmunity and aims to animate
2D/3D computer generated models of characters with pleusitouth coarticulations and facial
motion. The characters can have human-like shape or beasfaateature. Such characters can be
used as avatars in video games and movies (see Sé&clipror even in VR scenarios and telecon-
ferencing. The literature is quite extensive, and in thigisa, we only focus on methods that drive
facial models through speech or video to produce plausiisieal animations of a random virtual
character, i. e., not a detailed replica of the user thatrately mimic his/her facial expressions and
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mannerisms, as described in Sectih

3.4.1 Speech-driven Animation

Methods in this category typically associate units of so(pftbnemesto their visual counterpart
(referred to aviseme}pto drive a parametric animatable model, where visemes suelly repre-
sented as motion curves of xed or variable length in the peater space. The mapping between
audio and visual cues can be learned from a corpus of mocagdanected to speech or by corre-
lating existing model parameters with speech.

Brand et al. 1999 proposed one of the rst methods for voice puppetry thatistéhe whole range
of face dynamics of an avatar directly from speech by lear@mmapping from phonemes and
prosodic features to facial motion trajectories perforrbgdnultiple subjects. To do so, the audio
and mocap data from a video are rst modeled as a probabilsttite machine based on a hidden
Markov model (HMM) that maximizes information gain. Withetlentropic estimation, a dynamic
facial model is learned from the mocap data, which in turnsisduto estimate the probability of
audio features to each facial state, thus resulting in alvdbéM that contains face dynamics.
During speech synthesis, the most likely facial states eedigted and then mapped to motion
curves to drive the avatar.

In [Sifakis etal. 200p a physically-based approach is proposed, which simsila2 speech ani-
mation of a person-speci ¢ facial muscle model using ledraadio-controlled activation curves.
During training, phonemes are directly associated to neusclivation curvesphysemesinferred
from mocap data. Given a new speech signal (or a sequenceonéptes), the optimal sequence
of physemes is found by solving a global optimization problinat maximizes phoneme match
while accounting for discrepancies between selected phgsén overlapping regions. The authors
showed that facial expressions and external forces candily @degrated into the physics-based
model to increase realism.

Blanz et al. 003 proposed a very simple approach that directly maps detqutenemes from
text or speech onto static visemes in a database assumirggrtespondences between audio and
visual units. Natural in-between viseme deformations laga enforced in a post-processing step by
applying keyframe interpolation with cosined-shape-gegion functions, followed by temporal
blur. Kshirsagar et al.Z003 synthesize natural animations with coarticulation efdmxy matching
phoneme streams tasyllables(visual counterpart of syllables), represented as visenhesed
length. In the training step, syllables are automaticaliraxzted from phoneme streams (syllab-
i cation) and transformed into clusters according to iridival articulation rules for consonants.
Visyllables are nally associated to clusters and encodedead-length motion curves. To ensure
continuity between visyllables in the database, the matimves are manually altered to agree at
the boundaries, either by skewing or smoothing operatidssa result, new animations can be cre-
ated from speech by direct visyllable lookup in the datab&da et al. 00§ improved upon the
previous matching and synthesis strategy by searching emchtenating optimal variable-length
utterances in a large corpus of mocap data. In the searchuite@nces are selected from a large
motion graph based on the following criteria: They agreeaitridaries, are as long as possible
and match the input speech. To ensure natural and smoothteoations, a trajectory-smoothing
algorithm is further applied. InTaylor etal. 201P, an alternative approach is presented, which
learns dynamic, concatenative visemes to render coatemlispeech animation. Contrary to pre-
vious methods, the speech corpus is segmented and clustezambnsecutive visemes of varying
length using only visual gestures, represented in this @aaseouth motion parameters of an AAM.



CHAPTER 3. RELATED WORK 36

Similar to Ma et al. 200g, dynamic visemes in a motion graph are optimally concdtshdy
minimizing discontinuity and phoneme mismatch constgiffiming is also considered to enforce
synchronized lip motion.

Cao et al. 004 addressed performance issues of data-driven methodarthbaised on large graph
motions with exponential complexity (see above). To dolsey proposed an ef cient data structure,
called Anime Graph that keeps track of the recording order of clustered visewi¢h a directed
graph and that further associates phoneme labels to nodes graph via indexing. To ef ciently
search nodes in the graph, the input phoneme stream is isjglitémporal chunks and greedily
matched against viseme subsequences using only two arifthioneme matching and number of
jumps in the graph. Linear blending and smoothing are furdipplied to produce jitter-free speech
animations. Berger et al2p1] further contributed with a generic modular framework, ledl
Carnival, that combines text- and speech-based processitg with realtime speech animation.
This framework, for instance, allows users to de ne tailoade animation controllers to drive an
avatar from a speech signal, and to customize signal priogesmls to extract more sophisticated
acoustic parameters or speech categories.

The main problem of the methods described above is thatithéy predict the entire range of facial
motion solely from a speech signal, which is not always pdsgiehia etal. 199B Bearing this in
mind, in [Deng and Neumann 20D& novel data-driven animation system for expressive atiima
synthesis and intuitive editing was proposed. At the hefattie@method is an audio-visual mocap
database recorded in four different emotions and repredeag a multidimensional motion graph.
Given a new phoneme-aligned speech, a constrained dynaagcamming algorithm creates new
smooth speech sequences by minimizing a cost functiondhmlyj considers dissimilarity to input
phoneme streams, velocity change of selected phonemesraddnies, and user-de ned constraints,
such as emotion speci ers and motion-node constraints.e Nt user constraints are speci ed
via an intuitive and exible phoneme-isomap interface tbah add and delete nodes in the graph.
Similarly, Anderson et al.4013H proposed a visual text-to-speech system that also allbes t
inclusion of emotion content to generate expressive animst However, their approach leverages
a larger audio-visual corpus containing six different eorm, where visemes and emotions are
parametrized by an extended AAM that can separate rigid fposelocalized facial deformations.
Here, a cluster adaptive training (CAT) based on an HMM is leggd to correlate xed-length
phonemes to visemes, while allowing the user to modulatgiemeia expression weights. The key
component of CAT is the use of an ensemble of decisions teae$, capturing speaker-dependent
information at a different emotion level. Hence, exprassieights and speech can be combined at
runtime to drive an expressive model with coarticulatecespe

In Chapter6, we also show that a strong coupling of high-quality perfance capture data and
speech analysis also leads to plausible expressive animsatiith coarticulation effects.

3.4.2 Video-driven Facial Animation

Here, we can nd methods that, given a video of a user (sousdjact animation parameters or
transfer tracked facial motion from the source performancanimate a 2D/3D avatar (target). In
the literature, the animation of avatars is usually refittoeas facial puppetry or cloning.
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Parameter-based Transfer

In this category, we nd methods that directly transfer paesers between a source and a target
model with semantically similar expression bases, andagmires that learn in a training step a lin-
ear mapping between the source and the target parameteraltie @xpression transfer at runtime.

Chuang et al. 2007 proposed an of ine 3D facial animation approach that camelsi automati-
cally detected 2D mocap data and blendshape interpolafiois.method is described by two main
steps: Decomposition and retargeting. In the rst step,2Zbemocap data is decomposed into a
weighted combination of keyshapes, which are automaficallected by analyzing the maximum
spread (variance) of 2D shapes in the PCA space. After kpgsbelection and weight extraction,
3D blendshapes of an avatar that resemble the keyshapesaarely created. In the retarget-
ing step, the weight curves are simply transferred to craat@nterpolated facial animation for
the avatar. Similarly, recent performance capture apemdrack blendshape models of a user
from monocular footageHlanz etal. 2003 Cao etal. 2013Cao etal. 2014aor RGB-D sensors
[Bouaziz etal. 2013Li etal. 2013h Weise etal. 201Jland then transfer the estimated blendshape
coef cients directly to artistically-created non-humarmdels that hopefully share the same seman-
tic expressions of the user's model. Hence, the quality effétial animation greatly depends on
the modeling skills of the artist.

One of the problems of the methods described above is thaldhed expression appears as the
user's expressions imposed onto the avaldrepbald etal. 20d9 Even worse, due to possible
semantic discrepancies between the identity of the usethandvatar, the user's expression may
lie in a different place in the avatar's space (even when Kmessions share the same semantic
meaning about the mean). While this works for cartoon-likatars, it may produce non-realistic
expressions or artifacts on human characters. In Chéptes demonstrate this is the case and show
a simple, yet effective, approach that aligns the originhef source and target parameter space to
transfer plausible facial deformations.

Multilinear models presented iIlCho etal. 2014Vlasic etal. 200balso help overcome this prob-
lem by learning from a large database of faces a set of myteathogonal dimensions (e.g.,
identity and expression variation) via tensor decompmsiti This way, expressions can be com-
pletely decoupled from identity. As a result, tracked egpi@ns coef cients (obtained by aligning
the multilinear model to optical ow constraints, landmaytor any other visual cue in a video)
can be directly transferred across reconstructed modeigdviduals without bias. Alternatively,
[Weise etal. 200Rintroduced a live facial puppetry approach that learngnfia set of source and
target training shapes a linear subspace that optimallgsspige source expressions in the target
space. Having this linear map, new source expression veeigstimated by tting the source
model to facial scand/feise et al. 200]f can be directly used to generate target expressions lin rea
time. Theobald et al2009 proposed a simpler approach for mapping expression paeasacross
reconstructed AAM models without the need for a sophigidatapture or a large database. They
consider expression cloning as a geometric problem. Aswythiat expressions are parametrized
by a linear shape basis, they precompute the inner prodiaeba a basis vector in the source
model and the corresponding basis vector in the target nattbluse it to weigh the expression
parameters transferred from the source to the target model.

Saragih et al.7011{ presented a realtime facial puppetry system that reqoingsa single neutral
image of a user and an avatar. The system consists of twogphas@e and online. In the of ine
phase, a model for the user and the avatar are created byttisg a parametric 3D shape model
to 2D landmarks detected on the input images and then byferaing) a discrete set of average
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expressions from a generic basis of shape and texture igariatVith the generated expressions

and the shape basis as regularization, an optimal mappimgéer the user and the avatar model
is learned. Texture variation is also learned from the gertmasis and correlated to expression

changes. At runtime, the user's face is tracked, and thmatdd parameters are transferred to the
avatar using the learned mapping.

The main drawback of learning based methods is that theyakade set of source and target train-
ing examples with similar expressions to infer a meaningfapping function. However, such data
may not be readily available. In Chap&mwe deal with this problem by learning from high-quality
monocular reconstructions a personalized face rig thatlzdes standard blendshape parameters
to person-speci c expressions and face detail. This wagetaface rigs can be animated with
parameters estimated on a source performance, while piegeahe idiosyncrasies of the target
character.

Motion-based Transfer

Approaches that fall in this category map either source RO#&ial motions captured from video
or vertex deformations of a tracked source model onto attamgelel, provided that dense corre-
spondences of some sort are available.

Eisert et al. 1999 proposed one of the rst approaches for visual puppetryeledonferencing
scenarios. In a preprocessing step, a coarse parametticeigxmodel of a user (represented via
splines) is derived from 3D scans. At runtime, the texturestleh is tracked in a monocular video
using model-based optical ow constraints, asreCarlo and Metaxas 198&however, dense cor-
respondences are computed between the tracked texturesl ammtithe current image in a hierar-
chical loop framework to boost performance. The digital slad the user can be then rendered in
arbitrary virtual scenes under user-de ned camera pasitio

Noh et al. P00]] introduced a exible expression cloning approach that &rse dense 3D motion
vectors of a source model (acquired from mocap data or a yideoreate similar animations on
a target model. To establish dense correspondences betieemodels, their method requires a
few sparse correspondences and performs volume morphthgadial basis functions, followed
by a cylindrical projection for a full surface match. To aaob for geometric differences in the
transfer, per-vertex deformations are parametrized ifotted coordinate system of each vertex, and
their magnitude is locally adjusted relative to the bougddox size of neighboring vertices. Here,
heuristic rules are applied to select sparse constraimtsi@al with correspondences in the lip area.
Also quite related is the popular general-purpose defaomatansfer approach for triangle meshes
introduced in Bumner and Popo®i2004. This method parametrizes local triangle deformations of
a source and a target mesh as af ne transformations and nefg@seations induced by the source
mesh onto the target reference mesh by solving a global @atiion problem that assembles locally
disconnected vertices in the deformation gradient donsim to Laplacian-based surface editing
[Sorkine etal. 2004 Unlike Noh et al. R001], dense correspondence computation is integrated
into the deformation framework and performed via an iteeatCP-based registration algorithm,
which is guided by a set of prede ned sparse correspondences

Based onlloh and Neumann 2008umner and Popao@i2004, Song et al. 2007 proposed an ex-
pression transfer framework for meshes and images; in ttex lzase, it can transfer facial detail
(e.g., folds), even in the presence of lighting differencébe key component is a vertex-tent co-
ordinate (VTC) representation that encodes deformatibasvertex relative to its one-ring neigh-
borhood as well as the surface normal. As Sufnner and Popowi2004, expressions are then
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transferred via integration in the gradient domain. In tasecof images, shape transfer is carried
out via image warping using detected landmarks. To accaurhifh-frequency texture changes,
the images are aligned and represented as 3D image gridse Wigez coordinate represents the
pixel luminance. VTC-based expression mapping is theropaigd to compute the pixels' lumi-
nance values, which in turn correspond to changes in shabing to the simple image registration
approach, temporal icker is expected in video-based fersetups.

Chai et al. 003 showed that rich 3D facial animations can also be createdfliom 2D facial
features and a database of 3D mocap data. Their method dedivito two steps. In an of ine
step, the user's mocap data is parametrized in a low-diraeakispace by separating pose from
non-rigid shape deformation (shape basis + weights) viafNR8&lere, a 1-1 mapping between
shape weights and coarse motion control parameters frartkela2D facial features is also estab-
lished. These motion controllers represent robust tréoslanvariant features, e. g., relative mouth
deformation and eyelids movement. In an online step, shagghits are estimated from motion
control parameters by nearest neighbor search over aghdimdow for robustness. Finally, the
user's shape is computed via weight interpolation in thedigrd domain and mapped onto the
avatar using precomputed dense correspondences, adddsarfNoh and Neumann 2001

Recently, photo-realistic 3D avatars that retain the fdwge and details of a target actor have
also been animated from source vide&nvajanakorn etal. 2015 The key element is a large
photo collection of a source and a target actor from whictutexl models are derived. Dense
correspondences between the target and the source tertodls are established via optical ow
in a normalized appearance and illumination space, andsaoarse expressions are transferred to
the target model using a magnitude-adjusted motion eldrefwoduce appearance consistent with
a new source expression in a video, their method computesghted average of images in the
target photo collection, where the weights represent thar cimilarity as well as the con dence
of high-frequency details at different image resolutiorels. Inconsistent illumination in the target
photo collection is handled by preferring uniform colortdisutions in the lower resolution levels.

Even though some methods described above can transfdedetaition elds to a target model in a
exible way, they do not provide an intuitive parametrizatito control the avatar's facial motions,
e.g., through blendshape controllers. As such, these methe often not used by animation
artists for interactive editing tasks. In Chap&mve contribute such an approach that can animate
detailed personalized avatars with intuitive generic al@rs that steer facial expressions, while
still reproducing person-speci ¢ idiosyncrasies.

3.5 Face Replacement and Rewriting in Video

Editing faces in images, and particularly in videos, maydmkoned as one of the most important
steps in the digitization pipeline since the nal compogiteist simply look realistic to get the
viewer's acceptance. As such, this task is carried out biydchartists and requires lots of effort
and time. In the literature, several methods have beenales@lto try to automatize this laborious
process without sacri cing too much visual quality. Hereg wan recognize two main categories
for face editing: Replacement and rewriting. Replacinge§acan be useful for online identity
protection and has been applied in movies for actor replacéifthis also includes the same actor
with substantially different facial features, e. g., a ygenor older self). Rewriting the face content
is interesting for dubbing, retargeting and video montaggmarios.
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3.5.1 Face Replacement

Most of the methods in this category try to exchange facessfpty with different illumination) in
images or videos, such that the synthesized result looksienily realistic. Note that the target
face may (or may not) show the same expressions as the source.

One of the rst attempts to replace faces in images with difife lighting and head pose dates back
to Blanz et al. 2004, where a statistical 3D face prioBlanz and Vetter 1999s tted to a source
and target face to extract the head pose, face shape, s&iracwl illumination parameters. With the
extracted information, face replacement is then achieyeeihdering the reconstructed 3D source
model in the target image under the 3D pose, color gain, asfitand illumination estimated on
the target face. To generate the nal composite, seams sthesface boundaries are removed by
alpha blending, and scalp hair is manually segmented arttiessimed on top of the rendered face.
The main drawback is that the method requires manual iizidigdn to ensure a good estimation of
tting parameters, and thus a realistic composite.

Bitouk et al. R00g proposed a fully-automatic image-based system for rémaan input face
image with potential candidates in a large photo collectiownloaded from the Internet. To ef -
ciently select candidates, the database is clustered imsoolb similar pose in a preprocessing step.
Atruntime, candidates that match the input pose are chaasadon the similarity in blur properties
as well as albedo and lighting. The latter are obtained \ragic image decomposition assuming
a Lambertian model. Color differences in the replacemeunntary are considered as an additional
selection criterion to avoid seams in the nal compositsafyy, the candidates are warped into the
input image using detected landmarks, and lighting diffees are adjusted using the ratio image
formulation proposed inLfiu etal. 200]. Although the method achieves high-quality results, it is
limited to the accuracy of the landmark detection and posiabiity in the database.

The methods described above can produce very realistibeymtfaces in single images. Their
application in videos, however, is not clear and may reqgaiditional temporal constraints to
regularize undesired pose and expression variation ardeengynthetic faces with similar identity
over time.

The traditional way to replace faces in movies is to rst dcga dense, high-quality 3D textured
model of an actor in complex and expensive professionapsdtee Sectiof.1.1). The 3D model

is then reanimated by artists or through performance ceptata and rendered back into a target
video under target scene lighting. Finally, the renderezhugdry is blended in with the actor's face
in the target video. Borshukov et aRq03 employed the Universal Capture system to acquire a
3D model of an actor. The model is manually animated and ¢&@ddk the scene. Here, realistic
subsurface scattering effects are simulated via blurretigtiimaps to render a photo-realistic skin
texture. In Plexander etal. 2010 a 3D model of an actor is obtained using the Light Stage 5
capture system, which reconstructs highly-detailed défuspecular and normal maps for photo-
realistic renderingNla etal. 2007. The model is then tracked semi-automatically in a vided an
rendered under known lighting conditions. In both appreacthe digital model depicts the same
actor and is relit with the incident illumination capturewrh a light probe. Jones et ak(o§
proposed a method that is capable of replacing two diffefecds in a video. To do so, both
the source and target face models are acquired with thensysteposed inlfla etal. 2007 and
tracked in a marker-based capture setup with uniform lightiTo allow high-quality relighting of
the source model, specular and diffuse albedo componaentsstimated using a dichromatic color
model-based separation technique in the SUV color spaaeallysithe tracked source model is
rendered into the target video with the estimated target.phigte that the target face must stay at
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a neutral pose during the whole performance.

Model-based approaches for high- delity video replacehaea hard to deploy and typically require
signi cant manual intervention. In view of these problerDsle et al. R011] presented an approach
that works on monocular video, requires minimal user imt#goa, and accounts for differences
in shape and expression between a source and target face, bé#h performances are tracked
with a multilinear model as in\{lasic et al. 200} and the corresponding geometry is employed to
align the source with the target performance, both in théiapand temporal domain. Temporal
alignment is performed via dynamic warping based on the mmuation, while spatial alignment
is done by rendering the source model in the target pose spiemporal consistency of face
boundaries in the nal composite is maintained by computing optimal seam in a graph cut
framework, such that pixel differences between the soundetarget faces are globally minimized
while enforcing consistent pixels between consecutiveés Although the results are impressive,
user interaction is still needed, and performances musé sailar illumination, timing, and pose.

In Chapter4, we propose a fully automatic image-based approach foiovidee replacement that

excels in simplicity, is robust to changes in head pose, andyzes convincing results in arbitrary
videos. Unlike the methods described above, our approaes niat need complex 3D models, or a
large database of faces, or source and target videos wittassoene content.

3.5.2 Face Rewriting

Methods in this category alter the original facial contexpfessions and mouth motion) performed
by a target actor in a video, using either speech or faciaiandtansferred from a source actor.
Unlike face replacement methods, the target actor preséigéher identity.

Speech-based Rewriting

Similar to speech-driven animation techniques, these odistlassociate phonemes to visemes to
generate new video animations; however, visemes are éiplepresented as short video segments
or images. The audio-visual map is learned from an actarigpeorpus and applied to the same
actor, thus preserving his/her facial dynamics and masmeri The main challenge is to produce
new believable videos with correct motion, dynamics, aratticulation effects.

One of the rst fully-automatic video rewriting approachean be found inBregler etal. 199]
Here, a video corpus is reordered and aligned to match an smeech track while being consistent
to the original performance in regions outside the moutha jmeprocessing step, the video corpus
is tracked and broken down into triphones to capture cadation effects. Visemes are directly
associated to triphones and encoded as robust featuredefwatbe the lip shape. In the synthesis
step, the optimal rearranged triphone videos are found lmynmiiing a cost function that penal-
izes dissimilarity of phoneme context and mismatch betwsadacted lip shapes in overlapping
segments. The triphone videos are then shifted and skewestoe shape continuity and proper
timing. To generate the nal composite, the upper face inttipone videos is globally aligned to
the original sequence via 2D af ne warping, and the bouregadf the inserted mouth images are
cross-faded with the original mouth shape. Note that thdnatkbnly works for the same actor and
language. Besides, it only succeeds for simple head poses.

Ezzat et al. 2004 formulated video-realistic speech animation as a learpiroblem. Based on a
set of prototypes selected from a large corpus, their meliranahs a multidimensional morphable
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model (MMM) that parametrizes the space of all possibleurextind motion ow con gurations
w.r.t. a neutral face to synthesize unseen mouth motionsv ¢&bm gurations are created by in-
terpolating motion ow prototypes in a sparse ow graph andming prototype images with the
interpolated ows. After parametrizing the corpus in the NWVspace, the linear correlation be-
tween phonemes and parameter trajectories as well as #leofesmoothness between phonemes
is estimated using gradient descent learning. Then, this imased to predict trajectories from
new phonemes. The nal composite is created aBirefler etal. 199]7 but face alignment is per-
formed via optical ow. Chang et al2005 extended the previous approach to create new speech
animations when only a small corpus is available. To this, emdMMM previously constructed
from a large corpus is transferred to the limited corpus,thed associated MMM phoneme mod-
els are adapted to preserve the speaking style of a new pef$mntransfer step is achieved by
simply nding, in a least squares sense, new optimal prgesyin the small corpus whose ow
eld and texture match those of the pre-learned MMM. In thepdme adaptation step, new repre-
sentative images in the smaller corpus are selected to &aoptimal intermediate linear map that
projects the already learned distribution of trajectoiiethe new MMM space.

Liu et al. [201]] proposed a system that can synthesize new expressive ranurtations in an
existing background sequence. To this end, a video corpilsngutral and smiling mouth expres-
sions is recorded and aligned. This corpus is then assdorgte phoneme and expression tags,
appearance parameters of an image in the PCA space, and galmmsetric parameters (mouth
width and height). The optimal concatenation of mouth insagdound by minimizing a weighted
cost function that measures the distance to a given inputgrhe context, the difference between
selected mouth images, and the dissimilarity to an inputessgion tag. The selected mouth images
are nally aligned and synthesized on top of a backgroundisage whose face is in a neutral pose.

Although the methods described above can generate mouttations with good motion dynamics
and proper coarticulation effects, they produce dull amdmessive animations, cannot handle fast
or complicated head motion, and are restricted to the lagmspoken in the corpus. Chapter
addresses all these issues.

Motion-based Rewriting

Most motion-based rewriting methods transfer facial mofrom a source to a target face by utiliz-
ing either normalized motion elds or motion parameterseeen by simulating motion via image-
based interpolation of candidate frames that are selectetually or based on their similarity to
source faces.

One of the rst methods for transferring expressive faciation from a source to a target face
image was presented ihi[1 etal. 200]. This method enhances traditional motion-based geometri
warping by additionally capturing and transferring changeshading that arise from subtle skin
deformations. Assuming Lambertian re ectance and aligiaeds, shading effects that appear in a
source expression are mapped onto a neutral target faag theirso-called expression ratio image
(ERI), represented as the quotient of an expressive andahéate. As the quality of the results
highly depends on the alignment strategy, temporal stalslnot guaranteed and local illumination
changes on the face, which is common in a video, may viol&ejtiotient formulation.

In [Kemelmacher-Shlizerman et al. 2Q1the facial motion of a source video character is indisectl
transferred to a different character in a target video byraeging and roughly aligning target
frames, such that the selected faces match the expresstbosaf in the source video, akin to the
face replacement method of Dale et &011]. However, in this case, face pose in both sequences
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may differ, and so may the lighting and expressions. To teatids, the authors proposed a simple
greedy approach that selects frames by measuring the desstynin appearance and pose over a
small temporal window, where the face appearance is repesseas local binary patterns (LBP)
descriptors computed on the mouth and eyes region. Theargged sequences still suffer from
temporal jitter, which can partially be controlled usingdptarget videos with diverse expressions.

Also related is the approach proposed by Kemelmacher e2@L1] that automatically creates a
smooth transition of aligned photographs between a soundeaaget input face. The main compo-
nent is a large photo collection of a person with varying egpions at different points in time. Here,
the photo collection is represented as a face graph of alignages, where edges in it describe the
similarity in appearance and pose between frames as wednagaral proximity between images
(in case timestamps are available). Unlike the previouhatktthe appearance is parametrized as
HoG descriptors. A smooth transition of images can be thenddy traveling the shortest path
from the source to the target face and then cross-dissobéhgeen selected images. However, this
causes noticeable ghosting artifacts in facial regions.

Inspired by the limitations of previous approaches, Li ef2017 proposed an image-based sys-
tem that generates realistic facial animations for a taagedr by optimally retrieving candidate
faces from a target database with similar expressions &ethoa source sequence. Unlike previ-
ous retrieval approaches, both expression similarity &ndealocity change are used as criteria to
choose target candidate frames. Here, expressions arditiesd@re represented as normalized ow
elds that measure the optical distance to the neutral framgetween consecutive frames, respec-
tively. A directed face graph with candidate frames is thenstructed, and the optimal retrieved
sequence is found by traversing it, while enforcing sebastiwith minimal frame jumps. As the
database may potentially lack expressions, retrievedésace blended in with ERI reconstructions
[Liu etal. 200] to add missing motions and shading details. Despite the-biglity animations,
the method only handles frontal poses and slow motions.

One of the main limitations of the methods described aboteaisthey require large databases or
long sequences to produce believable facial animationgh&umore, source and target poses must
usually be very similar to ensure artifact-free facial sf@n. Still, jitter or ghosting artifacts cannot
entirely be prevented. In Chaptérwe introduce a robust image-based face transfer apprbath t
requires no dedicated database, but just a short sequeticanbitrary expressions and moderate
head motion.

Capturing and transferring detailed facial dynamics ad a&kendering photo-realistic synthetic
sequences may still be dif cult for image-based methodgeeslly in the presence of challenging
head poses and facial deformations. In Chafteve extend the image-based approach presented
in Chapter4 and leverage high-quality model-based face tracking aadestighting estimation to
transfer plausible facial dynamics and render new phadbistec synthetic sequences, both crucial
for dubbing scenarios in movies. Inspired by this work, ibmodel-based techniques for real-
time photo-realistic facial transfer have been propodétds etal. 2015Thies etal. 201p At the
heart of these methods is a highly-parametrized face pniair odels rigid pose, facial identity
and expression, skin albedo, and lighting. This model islusdrack and parametrize the source
and target facial motion in RGB(-D) video streams. Facesfiemis then performed by mapping
the tracked source motion parameters onto the target madelearendering it with the estimated
target illumination. InThies etal. 201f source motion parameters are rst normalized by aligning
the parameter space to the estimated neutral expressmrtiamsfer. A believable mouth interior
is modeled with a generic 3D teeth proxy and 2D warping of ttad cavity. Thies et al.701§
proposed a more sophisticated facial motion mapping fandtiat directly operates in the param-
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eter space spanned by the expression basis. A realistichnirdatior is synthesized by retrieving
a mouth image from the target sequence, such that the pagee,sfpppearance and motion of the
mouth agree with that observed in the source sequence. Tahgpberence is enforced by also con-
sidering similarity to the last retrieved mouth image, agdlending between the last two retrieved
mouth images.

The main disadvantage of the two previous model-based appes is that they neither capture nor
generate person-speci ¢ expressions and ne-scale detathich is mandatory in complex video
editing tasks. These issues are tackled in Chagte3s



Chapter 4

Image-based Face Capture and
Reenactment

Figure 4.1: Reenactment result on a high-quality video (17 s of target footage, 15s of source footage). Top:
Example frames from the target sequence. Middle: Corresponding selected source frames. Bottom: Final

composites.

This chapter presents a fully-automatic, image-basedlfaeenactment method that tracks and
replaces the face of an actor in an existing target video thigh of a user from a source video,
while preserving the original target performance (seeféigul). The method and results presented
in this chapter are based oB4rrido etal. 201and partially on (Garrido etal. 2013

45
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4.1 Introduction

Face replacement for images and video has been studiedimeigr{Sectior8.5). These techniques
substitute a face (or a facial performance) in an existimgetaimage (sequence) with a different
face (or performance) from a source image (sequence), anpase a new result that looks realistic.
As a particularly challenging caseideo face reenactmeméplaces a face in an image sequence,
while preserving the gestures and facial expressions dftiget actor as much as possible. Since
this process requires careful frame-by-frame analysib@fdcial performance and the generation
of smooth transitions between composites, most existingnigues demand substantial manual
interaction.

This chapter presents an entirely image-based methoddeoviace reenactment that is fully auto-
matic and achieves realistic results, even for low-quaiitheo input, such as footage recorded with
a webcam. Given an existirtgrget sequence of an actand a self-recordegource sequence of a
userperforming arbitrary face motion, our approach producesvamenactedsequence showing
the facial performance of the target actor, but with the faicéhe user inserted in it. We adhere
to the de nition of face replacement given by Dale et &011 and only replace the actor's inner
face region, while keeping the hair, face outline, and shilorg as well as the background and illu-
mination of the target video. We solve this problem in threps. First, we track the user and the
actor in the source and target sequence using a 2D deforrelabe model whose facial features
are accurately tracked throughout the sequence. Then, weeagdhe target sequence and look in
the source sequence for frames that are both similar inlfeg@ession and coherent over time.
Finally, we adapt the head pose and face shape of the sekmteck frames to match those of the
target, and blend the results in a compositing phase.

Our reenactment solution has several important advantay€ur 2D tracking step is robust under
moderate head pose changes and allows a freedom in cameraoii®. As opposed to existing
methods, our system does not require that the user and tpet tactor share the same pose or
face the camera frontally. 2) Our matching step is formadlats an image retrieval task, and, as
a result, source and target performances do not have to lkarson of comparable timing. The
source sequence is not an exhaustive video database, Imgie i cording that the user makes of
himself going through a short series of non-predetermimethf expressions. Even in the absence
of an exact match, our system synthesizes plausible reQ)I@ur face transfer step is simple, yet
effective, and does not require a 3D face model to map souwrse and texture to the target. This
saves us the laborious task of generating and tracking amaized face model, something that is
dif cult to achieve for existing, pre-recorded footage.Mdne of the above steps needs any manual
interaction: Given a source and target video, the reenaidtisereated automatically.

We further make the following contributions: 1) We presemtesv optical ow-based correction
scheme that uses keyframes to accurately improve the |lakdmnagectories of a 2D face tracker.
2) We introduce a novel distance metric for matching faceéséen videos, which combines both
appearance and motion information. This allows us to nadr@milar facial expressions, while
taking into account temporal continuity. 3) We propose apreg@ch for segmenting the target
video into temporal clusters of similar expression, whidh@mpared against the source sequence.
This stabilizes matching and assures a more accurate ingd@gtisn. 4) A nal contribution is

an image-based warping strategy that preserves faciditiyles much as possible. Based on the
estimated shape, appearance is transferred by inversegexarping and image blending.
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Figure 4.2: Overview of the proposed approach. The system is composed of three main steps: Face
tracking (Section 4.3), face matching (Section 4.4), and face transfer (Section 4.5).

4.2 Overview

Our approach takes as input two videos showing facial pedoces of two different persons: a
source sequencgof the user, and srget sequencé& of an actor. The goal is to replace the actor's
inner face region with that of the user, while preservingttrget performance, scene appearance
and lighting as faithfully as possible. The result is thenactment sequenée. The source and
target video are not assumed to depict the same perform&esnactments can be produced for
different target videos from only a single source video,alihis assumed to show the user going
through a short series of random facial expressions whiliedathe camera. The target sequence
can be general footage depicting a variety of expressiod$iead poses.

Our approach consists of three subsequent steps, asateosin Figured.2:

S1 Face Tracking (Section4.3): A non-rigid face tracking algorithm tracks the user and the a
tor throughout the videos and provides 2D facial featur@fsoiThe landmark trajectories are
greatly improved and stabilized using optical ow betweemcanatically selected keyframes.

S2 Face Matching (Section4.4): The appearance of the main facial regions is encoded as a
histogram of local binary patterns, and target and soum@ds are matched by a nearest
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neighbor search. This is rendered more stable by dividiegdtget sequence into temporal
chunks of similar appearance and taking into account théomof the facial landmarks.

S3 Face Transfer (Sectiot.5): The target head pose is transferred to the selected soarnedr
by warping the accurately tracked facial landmarks. A simdi@Ensition is then created by
synthesizing in-between frames and blending the soureeifac the target sequence using
seamless cloning.

4.3 Non-rigid Face Tracking

To track the user and actor in the source and target sequexspEctively, our system utilizes a
non-rigid face tracking algorithm proposed by Saragih e{20114, which tracks a sparse set
of m= 66 consistent landmark locations on the human face, sucheasyes, nose, mouth, and
face contour, as shown in Figufie3. The approach is an instance of the constrained local model
(CLM) [Cristinacce and Cootes 20aBat employs the subspace constrained mean-shift dhgorit
as an optimization strategy. Speci cally, it is based on aa@iint distribution model (PDM), which
linearly models non-rigid shape variations around a seefsrence landmark location$ 2 RS,
8i=1:m, and composes them with a global rigid transformation agsgia weak perspective
camera model, as follows:

%=SsPRX;+Fig +t with P= 390 . (4.1)

Here,% 2 R%, 1 i m, denotes the estimated 2D location of iheh facial feature point in
the image and the orthogonal projection matrix. The PDM parameters agesttaling factoss,
the 3D rotation matrixR, the 2D translation vectar, and the non-rigid deformation parameters
q 2 R% wherez= 24 is the dimension of the PDM model. Furthermofg,2 R3 ? denotes a
previously learned submatrix of the basis of variation giaihg to thei-th feature. To nd the
most likely feature locations, the algorithm rst detecte tbounding box surrounding the face
[Viola and Jones 20Q4nd calculates a response map for each landmark in thedgamrby local
SVM detectors trained to recognize aligned from misaligloedtions. Then, it combines the local
detectors in an optimization step that enforces a globat prier the joint motion of the landmarks.
Note that the face tracking algorithm utilizes the previpestimated PDM parameters to initialize
the optimization in the next frame. Both the trained PDM mauahel the local feature detectors were
provided to us by the authors. It is important to remark thatomly use the 2D landmark output
(Xq; 5 %m) of the tracker and not the underlying 3D PDM, since the 2D traauk trajectories will

in the end be corrected and stabilized in the video, as desthelow.

4.3.1 Automatic Key Frame Selection

The facial landmarks are prone to noise and inaccuraciekthemefore there may be localization
errors in the detected facial landmarks, especially foresgions on which the tracker was not
trained. Tablet.1 quanti es this effect by listing the mean distance of theegétd landmarks from
their manually annotated ground truth locations for a sele®f expressions performed by different
subjects. This can render the face matching (see Set#pand face transfer (see Sectidm) less
stable. To account for such errors and increase the tracdogracy, we correct the landmark
locations using accurate optical ow between automatjcaklectedkeyframesi. e., frames for
which the localization of the facial landmarks detectedhmy/face tracker is considered reliable.
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Figure 4.3: Face regions used for generating the LBP descriptors. Left: Detected landmarks. Middle:
Detected mouth and eyes regions, each splitinto 3 5and 3 2 tiles, respectively. Right: Detected small
regions at the m= 66 landmark locations.

Appearance Descriptor

Keyframes are selected by comparing the facial appeardrezch framef! at the timestep with

the appearance of a reference frafighat has well localized facial features, for instance, enfra
of a neutral pose. Empirically, we learned that the nordrigice tracking algorithm works fairly
well for non-expressive, symmetric facial expressiong.(inear to neutral expressions). In this
thesis, we assume that the rst frame in the sequence fuhlése requirements and we choose it as
the reference frame.

All frames in the sequence are initially aligned to the rstrhe using a 2D af ne transformation
that maps at best the set of detected features onto thenmegeshape without distorting the face
appearance in the image. To extract meaningful facial featin the aligned frames, we consider
three rectangular regions of xed size around the mouth hedeyes, each computed as the bound-
ing box of their corresponding landmark locations in therehce framd'. After padding these
regions by 25% their size, we split them into several tilessstzown in Figurel.3.

As feature descriptor for a region of interest, we choos®giams of local binary patterns (LBPS)
[Ahonen etal. 20080jala etal. 200R which have been found very effective for expression match
ing and identi cation tasksemelmacher Shlizerman etal. 2Q1Ian and Triggs 2010 LBPs en-
code the relative brightness around a pixel by assigningharpivalue to each neighboring pixel,
depending on whether its intensity is brighter or darkele figsult is an integer value between 0 and
2 for each center pixel, whetes the number of pixels in a circular neighborhood. It is intpot

to remark that the LBP histograms are not quantized, i. €h eepresentative value of the LBP
code is assigned to a single bin in the histogram.

Following [Kemelmacher-Shlizerman etal. 2Q1&e use a uniform LBP code to achieve simple
rotation invariance. This is a particularly important fa&tas the global alignment described above
normally sacri ces registration accuracy to avoid distaytthe appearance of the face, especially
for out-of-plane head rotations. Uniform LBP codes assigiown label to every binary combina-
tion for which the number of bitwise transitions between 6 arfor vice versa) is at most two when
the bit pattern is traversed circularly, and a single labekll other combinations. For a neighbor-
hood size ofl = 8, this results in an LBP histogramof 59 bins Djala etal. 200Rfor each tile.
Empirically, we found that uniform codes lack in discernpmver to recognize expressions from a
wider set other than the distinctive neutral, sadness,ihapp and anger expressions. Even though
this is not crucial when selecting keyframes, uniform caatesinsuf cient for accurately matching
expressions across individuals (see Sedligh Hence, to increase the discriminating power of ap-
pearance matching at a ner scale of detail, we additionedignpute a standard LBP histogram for
a neighborhood size of 4, thereby extending to 59+ 2*= 75 bins for each tile. This gives a good
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Figure 4.4: Position of facial landmarks before correction (left) and after correction (right). Note that the
correction clearly improves the tracking of certain features, such as the mouth region and the eyes.

trade-off between complexity and matching accuracy. Binhy concatenating the histograms for

region is created.

Appearance Matching

In a rst pass, an initial set of keyframes is selected asdtfoames in the sequence that are closest
to the reference expression according to the followingadist metric:

3
appl ' 1) = a d.: H(f");H;(fY 4.2)
j=1
whered,. is the normalized chi-squared distance between two higtegrandH; the appearance
descriptor for the eyes and mouth regions. The amount délirkeyframes is chosen a&6 of
the sequence length, which can be thought of as a probabdiiynate of nding the reference
expression in the video and at the same time correspondsaeesage inter-key-frame distance.

In a second pass, we select clips between consecutive Reggravith a length of more tharframes
and divide these by adding more keyframes. These in-betk@grames are selected in the same
way using the distance metric Equatiér, but this time we use a sparse appearance desckptor
for a small squared region around each ofrtire 66 detected facial landmarks (see Figdir®. The
size of each region was set to 10% the size of bounding boesepting the inner part of the face
(eyebrows and face contour). Unlike the initial keyframedyetween keyframes may not have the
same expression as the reference, since we only seek siextare patterns around facial feature
points and not within whole facial regions. The divisiongsinold ofy frames is chosen in such a
way it limits the inherent drift by optic ow (see Sectigh3.2 over longer clips.

For the results presented in this chapter as well as in Chapte 2:5% andy= 40. These values
were found empirically. In some experiments conducted erstiquences presented in Chapter
the resulting average distance between keyframes was #2awiaverage maximum of almost 90.
Note that such sequences exhibit fast and expressive faci@bns, and the rst frame is assumed
to be at rest pose. We also remark that videos containingastialy different characteristics may
require further adjustment of the empirical values rembetieove.

4.3.2 Optical Flow-based Feature Correction

If we assume that we have a keyframe at tirmeT, we compute the landmark locations at times
t> T, as follows:
Xi=[i%+(1 [)xg; for 1 i m, (4.3)
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Table 4.1: Keyframe-based landmark correction: Mean distance (in pixels) of the 66 tracked landmarks to
their manually annotated ground truth location for a selection of expressions from the sequences shown in
the experiments of Section 4.6.1 and Section 5.7.1.

Sequence Feature Tracking Key Frame Correction
11 expressions of seq. 1 (Figutel4) 5.38 1.47 3.83 1.05
11 expressions of seq. 2 (Figuse3) 6.72 1.44 4.60 0.70
10 expressions of seq. 3 (Figuse) 6.36 1.65 4.13 0.88
Overall 6.15 1.52 419 0.88
Overall, only mouth and eyes 7.24 2.22 435 1.46

where 0 /; 1 is a weighting factor. In this expressiok, 2 R? ™ are the facial landmark
positions (see Equatiof.1) obtained by theacial feature trackerat timet, while x, 2 R? ™ are
the locations estimated tpptical ow:

X=x"+ § wi, (4.4)
T o<t

Here x" denotes the landmark positions in the keyfrailh@ndw! is the forward optical ow vector
eld from ttot+ 1 inx.. Optical ow is estimated in a variational framework by mimizing an
energy consisting of a data term with brightness and gradmmstancy assumption, and a structure-
aware smoothness term, as proposed/aidaerts et al. 2013bTo further stabilize the tracking of
xL between keyframes, we also compute the backward opticalfrom t + 1 tot and use it to
back-trace the landmark position from the next keyframe.b&anore precise, the optical ow-
based correction strategy is performed in both directiarisgre the in uence of the forward and
backward optical ows is varied smoothly over time, with tleeward (backward) ow having more
weight near the previous (next) keyframe, respectivelys &lkioids an accumulation of drift errors
and also ensures smooth landmark trajectories at keyfrafnedated keyframe approach for dense
tracking was adopted by Beeler et &O[L1].

Improvements in feature point location after optical owad®d correction are clearly noticeable for
very expressive regions, such as the mouth and the eyesureHigl. Table4.1further shows that
overall the localization of facial feature points improwdter our correction step.

To improve the smoothness of the landmark trajectories éwgimer, we do not use the estimated
optical ow value at the exact landmark locatiof, but assign a weighted average of the ow in
a circular neighborhood aroung. This neighborhood of size p is built by distributingp points
evenly on circles with radial distances qf1:::;r from x;. In our experiments we choose 2 and
p= 8, and weigh the ow values by a normalized Gaussian centatrgd

4.4 Face Matching

A central part of our reenactment system is matching thecgoaind target faces under differences
in head pose. Here, we nd a trade-off between exact exprassiatching, and temporal stability
and coherence. The tracking step of the previous sectionda®us with accurate facial landmarks
that coarsely represent the face shape. Instead of corgpsrapes directly, we match faces based
on appearance and landmark motion, depicting the faciakssfn and its rate of change, respec-
tively. Another contribution of the matching step is a temgb@lustering approach that renders the
matching process more stable.
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(@) (b)

Figure 4.5 Image alignment and feature extraction. (a) Reference frame used for alignment (with its
respective estimated landmarks). (b) Expressive face aligned to the reference. Left to right: Estimated
landmarks, triangulation and detected regions of interest. The mouth, eyes and nose regions are split into
3 53 2and4 2tiles, respectively.

4.4.1 Image Alignment and Feature Extraction

Before extracting meaningful facial features, the souncé target frames are rst aligned to a
common reference frame, as shown in Figdre(a). For this purpose, we choose the rst frame
in the source sequence, which is assumed to depict the usst giose. Unlike methods that align
source and target using a morphable 3D molehjielmacher-Shlizerman et al. 2Q,1@&e compute

a 2D af ne transformation for each frame that optimally maips set of detected landmarks onto
the reference shape, as described in SectiBril Since this transformation is global, it does not
change the expression in the aligned frames. This aligniseoiily necessary for the temporal
clustering and frame selection of Sectiért.2 but is not applied for the subsequent steps of the
system.

To be able to recognize similar expressions between ingilidat a ner level, we consider in this
case four regions of interest of xed size: The eyes (left agtt, separately), the mouth, and the
nose, as shown in Figu5 (b). Since source and target frames are aligned, thesensegi®@
computed only once in the reference source frame. Note ligahdse region partially contains
nasolabial features as well as the area in which frown lines fwhich together are important to
distinguish, for instance, a smile from anger. The LBP dpsmts are computed in the same way
as described in Sectigh3.1

4.4.2 Temporal Clustering and Frame Selection

Matching source and target frames directly may lead to dlfirame-to-frame expression changes in
the reenactment. The reasons for this are: 1) We experienseasitivity of LBP feature descriptors
w.r.t. the detected regions of interest, which can resuslightly different selection of source
frames for similar target expressions (comparable effeete reported by Li et al.2013). 2)
The source sequence is sparse and may not contain an exatt foraeach target expression. 3)
There is no temporal consistency in the image selection. vBicome these shortcomings, we
stabilize the matching process by a temporal clusteringogmb, which nds the source frame that
is most similar to a small section of target frames. Addiiby we enforce temporal continuity by
extending the appearance metric with a motion similaritgntevhich takes into account the change
in expression.
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Temporal Clustering

To stabilize the selection of source frames, we divide thgetasequence into consecutive sections
of variable length based on expression and appearancastgiand then look for the source frame
that best matches a whole target section. To measure thiasiynbetween two consecutive target
framesf!; f1*12 T, we compute theppearance distance

4
dapp( 55 T 1) = & wyde2 Hj(FE);Hj(FE Y (4.5)
=1

whereH;(f) is the LBP feature descriptor for thieth of the four regions of interest ifi, w; an
accompanying weight, and.. the chi-squared distance. The weights for mouth, eyes asd no
regions were experimentally set td00:15 and 01, respectively.

The proposed clustering approach is related to hierarchgglomerative clustering methods, but
it is explicitly designed to preserve temporal continuit., it only merges clusters that are con-
secutive in time, thereby preserving the order of the targetes. Similar to agglomerative-based
approaches, our algorithm proceeds hierarchically, st Assuming that each frame is initially
a separate cluster, each subsequent iteration joins thednsecutive clusters that are closest ac-
cording to the metric in Equatiof.5. As a linkage criterion, the appearance distance between tw
consecutive cluster§; andG is de ned as the average of the pairwise distandgg between all
frames inG, and all frames irG,. The two closest consecutive clusters are nally merged théy
only contain a single frame or 2) the variancedgf, within the merged cluster is smaller than the
maximum of the variances within the separate clusters. dstectiterion keeps the frames within a
cluster as similar as possible, and once it is not met, tharigthgn terminates. An advantage of our
clustering approach is that it is parameter-free, thus nmguis required. The result is a sequence
of target section€X, with k an index running in temporal direction over the number o$tts.

We observed that the length of a clus@waries inversely proportionally to the change in expres-
sion and the timing of speech withid. An analysis of the number of detected clusters and their
lengths can be seen in Figueb. This gure shows a plot of the distance metdg,, between
two consecutive frames for 32 frames of the target sequeepieted in Figurel.15 The target
clusters that are computed by our temporal clustering @mprare drawn as red lines below the
graph, while isolated frames and boundary frames are itetiday green squares. The values of the
distance metricl,pp are drawn as red circles enclosed by the frames between whieasures the
similarity.

As one would expect, consecutive frames are merged intoséeclif the value ofl,pp is low. If

dapp remains low for an extended number of consecutive framearga kcluster is formed, such as
the one spanning frames 48 to 52. Peaks in the graph indicatiendar frames and these typically
form cluster boundaries or isolated frames. Note that tlelyis dynamic and changes as the
algorithm proceeds since the valuedyf, between consecutive clusters changes as more clusters
are formed (dif cult to visualize).

To illustrate the similarity in appearance of frames wittiia same cluster, we display the boundary
frames of the cluster spanning frames 38 to 41 at the botttintie cluster spanning frames 48 to
52 in the top middle, and the cluster spanning frames 53 td Bdottom right of the gure. The
two examples of isolated frames shown at the top left and sigle lie outside of a cluster and differ
in appearance from those within the neighboring clustdrsar be concluded that the length of a
cluster roughly varies inversely proportionally to the e in expression and the timing of speech
within the cluster. The maximum and average cluster lengtivell as the total number of clusters
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Figure 4.6: Plot of the distance metric dapp and the resulting clusters obtained in the target sequence by
the proposed temporal clustering approach.

Table 4.2: The mean (mean size) and maximum (max. size) cluster size, and the total number of clusters
(num. clusters) computed for the sequences shown in Section 4.6.

num. num. | mean| max.
frames| clusters| size | size
Figure4.12| 231 86 2.7 5
Figure4.13| 524 196 2.7 6
Figure4.15| 200 59 3.5 15
Figure4.9 446 155 29 8
Figure4.10| 566 215 2.6 6
Figure4.11| 352 136 2.6 4
5
9

Sequence

Figure4.16 | 319 128 2.5
Figure4.1 533 191 2.8

computed for the target sequences of the gures shown ind@e4t6.1are given in Tablel.2. For
the results presented here, we enforced the minimum clegterto be 2, which generally leads
to smoother animations for sequences with many isolatedefsa Enforcing this is easily done by
adding isolated frames to the left or right cluster, depegdin which one is closest iypp.



55 4.5. FACE TRANSFER

Frame Selection

To select a source framig 2 Sthat matches a target secti6h, we compute an aggregated similar-
ity metric over all target frames in a cluster:

d(C; f5) = é Qapp( fr; fs) + t dmot(Ve:Vs) - (4.6)
fr2C

Here, dapy( f1; f2) is the appearance distance de ned in Equato and dmoe(V1;V2) a motion
distancethat measures the similarity between two vector eldsv> 2 R? ™. The vector eldvc
describes the motion of tha facial landmarks between two consecutive clusters. Théomaif
thei-th landmarkvc; is computed as the difference of its average positions ictinent clusteCr
and the previous cluste@® 1. The vector eldvs describes the motion of tha facial landmarks
between two consecutively selected source frames, i.rethéo-th landmarkvs; is the difference
of its position infX and fX . Note thatvc andvs are computed for normalized landmark locations
in the aligned source and target frames. The motion distdpgés de ned as

1 3
Omot(Ve;Vvs) = 1 3 é. exp dj(vc;vs) (4.7)
j=1

1,
di=—a kvci Vsiko , (4.8)

m-
G=t8 1 _Voi Vsi (4.9)

“md Y kgikakveke '
1,. .

d3: EaJkVC;ikz k Vs;ikzj , (4.10)

i

whered; measures the Euclidean distandgthe angular distance, amd the difference in magni-
tude between the motion eldg andvs. The motion distancémnt therefore measures how similar
the change in expression in the selected source frames ipazethto the change in expression
between target clusters. It is important to understanddbasecutively selected framé$ * and

fé‘ do not have to be consecutive in the original source sequentde matching metric in Equa-
tion 4.6 is thus suitable for source and target sequences that hasetiagly different timing and
speed. We remark that both the aggregated appearancecdistath motion distance are normalized
to [0; 1] and the weighting factar was set to @8 for all experiments.

Given & 1, the source frame with the minimal total distars{&€"; fs) over all fs2 S, is chosen as
the best matchX and assigned to the central timestamphf If C< consists of a single framédX
is assigned to this timestamp.

4.5 Face Transfer

After selecting the best representative source framesramsfer the face of the user to the corre-
sponding target frames and create the nal composite. ,Rivetemploy a 2D warping approach
that combines global and local transformations to produt&taral shape deformation of the user's
face that matches the actor in the target sequence. Theagstirahape is then utilized to transfer
the user's appearance and synthesize a compelling tiamsiti
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45.1 Shape and Appearance Transfer

While only methods relying on complex 3D face models can leatztige differences in head pose
between source and targ&idle etal. 201], we present a simple, yet effective, image-based strat-
egy that succeeds in such cases. Inspired by work on nahiggiplate tting Blanz etal. 2004
Weise et al. 200Q we formulate face transfer as a deformable 2D shape ratjst that nds a user
shape and pose that best correspond to the shape and poseaofdh while preserving the user's
identity as much as possible.

Shape Transfer

For each target framg 2 T, we want to estimate tha 2D landmark locationsx{,.,;:::; X;.,, of the
user's face in the reenactment sequelRcd 0 achieve this, we propose a warping energy composed
of two terms: a non-rigid term and an af ne term. The nondiggrm penalizes deviations from the
target shape:

m 2

Env= A X anXy'+adtasdit (4.11)

i=1
wherextT;i denotes thé-th landmark in the target frame at tirh@andaj, éj aj= 1, are normalized
weights (01, 0:8 and 01 in our experiments). The af ne term penalizes deviationsifthe selected

source shape:
2

m
E=a x; biMK X1+ b M , (4.12)

i=1
wherex‘s‘;i ! (resp.x)) is thei-th landmark in the selected source frame immediately pliage
(resp. following) the current timestanipand MK a global af ne transformation matrix that opti-
mally alignsx'g andx¢, with c the central timestamp in thieth cluster. As the selected source
frames are only assigned to the central timestamp of a teahpluster, no selected source shape
may correspond to the current target frarfje so this term effectively interpolates between the
closest selected source shapes, thereby preserving tte idsatity. The weightsbj, & b= 1,
depend linearly on the relative distance froro the central timestamps @ 1 andC¥, being 0
or 1 if t coincides with one of the cluster centers. Combining the tevms together with their
corresponding weights,,, andw, yields the total energy

Etot(XtR;i) = WnrEnr+ W Er (4.13)

wherew,, + wy = 1. A closed-form solution to Equatiod.13 for the optimal landmark loca-
tions xtR;l; :::;xtR;m exists. Note that the values of the trade-off weighis2 f 0:55;0:65g, w; 2

f 0:45;0:35g were found empirically and mainly selected based on the atmaflout-of-plane head
rotation that exists in the target sequence (larger oyttanfie head rotation angles imply higher face

deformation, and therefore higher in uence of the nonditgrm). Please refer to Sectidnb to
see the values assigned to each sequence.

Appearance Transfer

Once we have the optimal shape of the face in the reenactmgmeésce, we transfer the appearance
of the selected source frames by inverse-warping the qurneing source texture using a triangu-
lation of the landmark points (see Figutes (b)), as proposed inJaragih etal. 2011a For the
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Figure 4.7: Comparison of warping approaches. Left: Selected user frame. Right: Target pose. Middle
left to right: Non-rigid warping (Equation 4.11), af ne warping (Equation 4.12), and our approach (Equa-
tion 4.13). Note that non-rigid warping distorts eyes and mouth, while af ne warping fails to nd a correct
view deformation.

Figure 4.8: Seam generation. Top: User at rest pose, source mask with landmarks closest to the boundary
in red, and eroded mask. Bottom left: Target frame and mask. Bottom right: Transferred source frame and
mask. Bottom middle: Final blending seam obtained by intersecting source and target mask.

in-between frames, we create a smooth transition in appearay interpolating the texture from
the closest selected source frames using the same triiogutéd the landmarks.

Note that a shape and appearance transfer as describeddgenarally not possible with conven-
tional warping approaches, such as global non-rigid wargind global af ne warping, as shown
in Figure4.7. The former creates unrealistic distortions in textureaiit ts the source shape
exactly to the target shape, while the latter may fail undlemg perspective views and create odd
deformations whenever the source and target shape do rest.agr

Compositing

Having transferred the source face to the target sequenegreduce a convincing composite,
where the main facial source features, represented by 8% Bgse, mouth, and chin are seamlessly
implanted onto the target actor. The lighting of the targeiugnce, and the skin appearance and
hair of the target actor, should be preserved. For this m&pwe use Poisson seamless cloning
[Pérez etal. 2003 We create a tight binary mask for the source sequence icomgathe main
facial features of the user at rest, such as eyes, mouth,ambkeyebrows. We then perform an
erosion with a Gaussian structuring element that is canstiaby the landmark locations in the



CHAPTER 4. IMAGE-BASED FACE CAPTURE AND REENACTMENT 58

Existing high-quality video (17 s of target footage, 10s of source footage). Top: Example frames
from the target sequence. Middle: Corresponding selected source frames. Bottom: Final composites.
Chosen weights in Equation 4.13: Wy, = 0:65, w; = 0:35.

facial features. Thresholding this mask gives us a seaméodng (see Figuré.8, top).

To obtain a seam for each frame in the reenactment, the ppdech source mask is transferred
by inverse-warping (see Sectidnb.1). We prevent the seam from running outside the target face
by intersecting it with a mask containing the main faciattees of the target actor (see Figurs,
bottom). For increased insensitivity to the source illuation, we transform the source and tar-
get frames into the perception-based color spac€hbhg et al. 200Bbefore performing Poisson
blending Pérez etal. 2003 The blended image is converted back to RGB space, regutiithe

nal composite (see Figurd.2). To avoid artifacts across the seam, we blend the boundagysp
using a Gaussian with a standard deviation of 9 pixels.

4.6 Experiments

We evaluate our method on two types of data: We use videosvdratpre-recorded in a studio with
an SLR camera at 25 fps to demonstrate the reenactmentygoléxisting high-quality footage.
We also reenact faces in videos taken from the Internet usinrgndom performance of a user
captured with a webcam. This demonstrates our system'sodase and its applicability to online
content. Our system was implemented in C++ and tested on@Bz4ntelr Core™ i5 processor
with 16GB RAM. As the results shown below are viewed best dsw,j we encourage the reader to
watch the supplemental video at the project website

lhttp://gvv.mpi-inf.mpg.de/projects/FaceReenactment/
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Existing high-quality video (22 s of target footage, 10 s of source footage). Top: Example
frames from the target sequence. Middle: Corresponding selected source frames. Bottom: Final compos-
ites. Chosen weights in Equation 4.13: Wy, = 0:65, w; = 0:35.

Existing high-quality video (14 s of target footage, 10 s of source footage). Top: Example
frames from the target sequence. Middle: Corresponding selected source frames. Bottom: Final compos-
ites. Chosen weights in Equation 4.13: Wy, = 0:55, w; = 0:45.
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Low-quality video from the Internet (8 s of target footage, 10 s of source footage). Excerpt
from “A Few Good Men” (http://youtu.be/5j2F4VcBmeo). Top: Frames from the target sequence. Middle:
Corresponding selected source frames. Bottom: Final composites. Chosen weights in Equation 4.13:
Wy = 0:55, w, = 0:45.

46.1 Results

Existing Video ~ We recorded three male and two female users performing narfacial gestures
and speech under similar ambient lighting to simulate Ejdtigh-quality HD footage. As source
sequences, we selected from the recordings a snippet df &bsishowing one of the males and one
of the females, and utilized the recordings of the otheremibjas target. Figu#9, Figure4.10,
Figure 4.11 show three reenactment results of 17, 22 and 14 s. Note thatystem is able to
reproduce the target performance in a convincing way, edanvhead motion, expression, timing,
and speech of user and actor differ substantially. Comiputdime for the face tracking step was
about 4 s per frame, while the combined face matching andtfansfer took around 4 6 min for
processing the whole sequence. Please refer to the suppbmeideo at the project website to
appreciate the temporal quality of these and other additiasults.

Low-Quality Internet Video Figure4.12and Figured.13show results for two target videos down-

loaded from the Internet. The user recorded himself witraaddrd webcam (20 fps, 640480)

for 10 s, and the reenactments were produced for subsequeh8es and 18 s. Both target videos

exhibit speech, head pose, lighting and resolution thétrdifom the recorded source sequence.
Our system nevertheless produces plausible animatioes, iavthe presence of quite some head
motion, such as in the Obama sequence (see Figdi®. Here, face matching and face transfer
took between 4 and 7 min for processing the whole sequence.
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Low-quality video from the Internet (18 s of target footage, 10 s of source footage). President
Obama's speech (http://youtu.be/gxtydXN3f1U). Top: Frames from the target sequence. Middle: Corre-
sponding selected source frames. Bottom: Final composites. Chosen weights in Equation 4.13: Wy, = 0:65,
w; = 0:35.

4.6.2 Validations

User Study We evaluated the different contributions of our approacledayparing our full reen-
actment system with (1) a simpli ed system that does notuidelthe temporal clustering approach
proposed in Sectiod.4.2 (i. e., a straightforward frame-by-frame matching) andd&)asic sys-
tem that does not include temporal clustering, nor doesnsicier the motion distance de ned in
Equation4.7 (i. e., a pure frame-by-frame matching that does not enftme®orally-coherent mo-
tion of landmarks). To this end, we performed a user studiz @# participants. The participants
were asked to rate reenactment results for two low-quéliy) web videos and four existing high-
quality (HQ) videos with respect to the original target pemiance in terms of mimicking delity,
temporal consistency and visual artifacts on a scale fronpofidood) to 5 (good). The study was
conducted as a web page survey and sent around to a genelei@udf non-experts that were
not aware of the techniques employed to generate the reeears. Tablel.3 shows the average
rating for the six reenactment results. From these resméigonclude that our full system:@5 av-
erage over all sequences) outperforms systems withouti@inglustering (22), and additionally
without combined appearance and motion distancéB{1 These results are statistically signi cant
as the ANOVA p-value for each sequence was on average below Qverall, the scores for the
HQ sequences were higher than for the LQ web videos. Thesesssbould not be directly com-
pared to those reported by Li et @217, since we evaluated different methods and asked different
guestions.

Self-reenactment  Figure4.14illustrates a particular example of a self-reenactmest, & reen-
actment result obtained by taking the same video sequeantieagb source and target. Ideally, such
a result should be identical to the input videos, and it camded to test the performance of a
reenactment system, for instance, by examining visudhat$ that are introduced in the original
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Results of a user study with 32 participants and six of our reenactment results. The scores
listed below denote the average of a rating between 1 (not good) and 5 (good) w.r.t. the original target
performance in terms of mimicking delity, temporal consis tency, and visual artifacts. The results used in
the study are the ones referred to by the gure number. Note th at (1) means the full system without temporal
clustering, and (2) the full system without temporal clustering and motion distance.

Sequence LQ video HQ video

Figure4.12 Figure4.13 | Figure4.9 Figure4.10 Figure4.11 Figure4.16
Full system 25 3.56 3.19 3.00 3.38 3.81
(1) 2.09 2.84 3.16 2.72 3.06 3.47
(2 1.34 1.34 1.41 1.16 1.50 2.16

Self-reenactment result computed on existing high-quality video (22 s of target and source
footage). Top: Example frames from the target sequence. Middle: Corresponding selected source frames.
Bottom: Final composites. Chosen weights in Equation 4.13: Wy, = 0:55, wy = 0:45.

sequence.

The self-reenactment shown in Figufel4is almost indistinguishable in appearance and expres-
sion from the source and target video. If we de ne a mismagch source frame that is assigned to
a target cluster in which it is not contained (source andetaage the same video), our system pro-
duced 36 mismatches on a total of 214 clusters (22 s of vidd®. rst two columns in Figurel.14
show two of such mismatches, where a cluster that appedier éathe sequence was matched to a
later frame. However, as it can be observed, these misnsatrkesery similar in appearance to the
frames in the target clusters and the nal reenactment isali close to a perfect frame-by-frame
synthesis of the true target sequence. This similarity isrored by an average PSNR of 41 dB
over 566 frames, with a minimum of 33 dB. Figutel5shows a self-reenactment of a low-quality
10 s webcam sequence. We obtained 1 mismatch on 59 compustersl
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Self-reenactment result computed on low-quality video (10 s of target and source footage).
Top: Frames from the target sequence. Middle: Corresponding selected source frames. Bottom: Final
composites. Chosen weights in Equation 4.13: w,, = 0:55, w; = 0:45.

Also for the case where source and target depict the samerpargler similar conditions, the
reenactment resembles the target sequence closely. Ampéx@rshown in Figurel.16 where
the source and target sequence are different excerpts tekana 100 s recording of the same
person. Both excerpts were selected arbitrarily withoutsatering possible similarities in the
actor's performance. The gure and the supplementary vigethhe project website show that the
nal reenactment is very convincing and realistic, a reshiétt was also highly appreciated in the
user study, see Table3 (last column).

Length of the Source Video and Reenactment Quality To demonstrate the in uence of the
source data size on the reenactment quality, we repeateekpariments for successively shorter
source sequences, i. e., by taking the rst 50%, 25%, anda26the source material. The supple-
mentary video at the project website shows such a test fadli@eenactment of Figue 14 We
conclude that a small amount of source frames may lead tadurahaesults, with static expressions
that appear to be stuck on a moving face (due to certain frmiag selected repeatedly and warped
to less likely locations in the target face). Longer soumguences clearly result in more realisti-
cally reenacted expressions and fewer abrupt transitginsg the newly included source frames
cover more of the expressions in the target sequence. Howerenany of our examples, the dete-
rioration in reenactment quality with increasingly shodeurce sequences was not as pronounced.
This shows that we can even produce plausible results fora#l set of source frames.

A near-perfect reenactment could be achieved for any taemience by using a huge amount of
meticulously preselected source frames that span a lacgjerdiry of possible expressions. How-
ever, such results would strongly depend on the choice abdat, while the aim in this chapter is
to demonstrate that our method works for videos containibgrary facial expressions.
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Reenactment of the same person under similar conditions in existing high-quality video (12
s of target footage, 14 s of source footage). Top: Example frames from the target sequence. Middle:
Corresponding selected source frames. Bottom: Final composites. Chosen weights in Equation 4.13:
Wy = 0:55, w, = 0:45.

Comparison with Dale et al. We also compared our fully automatic reenactment systemtine
semi-automatic face replacement system of Dale eP@lL]] on data provided by the authors. The
source and target sequences depict two different subgatig the same poem. Our reenactment
result is shown in Figurd.1and in a side-by-side comparison with the result of Dale .einahe
supplementary video at the project website, demonstratiaigthey are very close in visual quality.
For this result, we selected the following weights in Equa#.13 wp, = 0:65,w, = 0:35.

Note that a direct frame-by-frame comparison of both resalhot meaningful since the method of
Dale et al. transfers the source face, including the comgletirce performance, while our method
only transfers the source face, but preserves the targfirpemce. Because source and target
performance for this example are slightly different (du¢hi® poem being recited by two different
actors), both results differ visually as well. Strictly sgeng, the result of Dale et al. is not a
“reenactment”; Their method warps the target timeline toam#hat of the source performance and
transfers the source face, including its complete perfaceawhich may be considered an easier
task since it inherently ensures temporal continuity in tia composite.

4.7 Discussion and Limitations

Despite differences in speech, timing and lighting, theppeed approach creates credible anima-
tions, provided that the lighting remains constant or cleargjobally. Local lighting variations can
lead to wrong color propagation across the seam, and camgeodtker and less realistic reen-
actments. Ghosting artifacts may also appear in the mogibrrestemming from blending and
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temporal inconsistencies. In Chapémve tackle most of these problems by making the composit-
ing step more robust to lighting changes, and by replaciagptbposed image-based approach with
a model-based approach (see Chap}dhat allows us to drive the mouth separately.

Although our aim is to closely reproduce the facial expm@ssiin the target sequence, the ob-
tained reenactment results can differ from the originafggerance due to the lack of matching
expressions in the source sequence, or the limited precafiehe matching metric proposed in
Section4.4.2 Even for source and target performances under perfechimgtconditions, the pro-
posed image-based method will still preserve person-gpeaances and subtle specialties of the
source expressions, which not only differ in detail from theget expressions, but also between
individual users of the system.

All the results shown in this chapter, as well as in subsegclespters, rely on accurate tracking of
2D facial landmarks to detect the face and relevant facalfes. In Sectiod.3.1, we have shown

an ef cient keyframe-based method that improves the lanédrirajectories of an off-the-shelf face
tracking algorithm $aragih etal. 201]1aThe landmark correction strategy, however, assumes that
the reference frame exists (or is similar to some framed)érvideo. This assumption may fail if
the tracked sequences contain expressive faces thatygdd#l from the reference.

Unlike previous image-based approaches or model-assisggk-based methods for face replace-
ment/reenactment (see Sect®#), the proposed method succeeds in transferring face matidn
appearance for target sequences exhibiting quite some reéidn, including moderate out-of-
plane head rotations. It is even robust if source and targat Iposes mildly differ. However,
the method presented in this chapter cannot handle morkebalg head rotations (for instance,
pitch/yaw angles above 30 degrees) and can also fail if bwtsburce and target actor move the
head in completely different directions. Robust and adeuface tracking is addressed next in
Chapter5 and the advantages over purely image-based motion traadefurther illustrated in
Chapter6.

4.8 Summary

In this chapter, we have introduced an image-based reeaatsyistem that replaces the inner face
of an actor in a video, while preserving the original faciarfprmance. The proposed method
requires neither user interaction, nor a complex 3D faceahdtlis based on expression matching
and uses temporal clustering for matching stability andraliined appearance and motion metric
for matching coherence. A simple, yet effective, imagepivay technique that allows us to deal
with moderate head motion has also been presented. At tleeofdhis method is an accurate
localization of a sparse set of 2D facial landmarks basedptitad ow between automatically
selected keyframes. This enables us not only to computeseptative appearance descriptors,
but also to accurately detect and replace 2D faces in a vi@periments show that convincing
reenactment results for existing footage can be obtainagsimg only a short input video of a user
making arbitrary facial expressions.

The results presented in this chapter have shown the rgttstwards face digitization in uncon-
strained videos, but they still lack the amount of detail goélity needed to create photo-realistic
full 3D avatars. Improvements in the capture of digital medee presented next in Chapter






Chapter 5

Model-based Face Capture In
Semi-Constrained Setups

Figure 5.1: Two results obtained with the proposed method. Left: Input video. Middle: Tracked 3D mesh,
overlaid over the input video. Right: By applying texture to the mesh and re-rendering it with the estimated
scene lighting, a virtual face make-up effect can be produced.

Chapter4 presented a robust image-based system for digital facacg®aant in monocular videos.

Compared to complex multiview-based systems (see Segtiof), our reenactment method excels
in simplicity of use, but it is still challenged by strong falonotion and head rotations, and also did
not capture a full 3D model. This chapter pushes the boueslafiface digitization, especially cap-
ture, and presents a model-based approach for reconstrudgtailed, spatio-temporally coherent
3D face geometry (see Figubel) as well as scene lighting from 2D video footage. The progose
approach assumes that the camera'’s intrinsics are knowthahd 3D reconstruction of the actor's

face is available to create a personalized model. This rerdgh-quality monocular face capture

more tractable. The method and results presented in thigerhare based orJarrido etal. 201B

67
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5.1 Introduction

Optical performance capture methods can reconstruct fafcestual actors in videos to deliver
detailed dynamic face geometry. However, existing apgrea@re expensive and cumbersome as
they may require dense multiview camera systems, cordrdigt setups, active markers in the
scene, and recording in a controlled studio (Sec8dnl). At the other end of the spectrum are
computer vision methods that capture face models from mdaoeideo (Sectior8.1.3. These
captured models are extremely coarse, and usually onhaitosparse collections of 2D or 3D
facial landmarks rather than a detailed 3D shape. Recéralgaerts et al. 20121 presented an
approach for detailed performance capture from binocukres. However, 3D face models of a
quality level needed for movies and games cannot yet be ieapfrom monocular video.

In an attempt to push the boundary and application rangkédurin this chapter we propose a new
method to automatically captudetailed dynamic face geometry frormonocularvideo Imed
under general lighting. It lls an important algorithmic gén the spectrum of performance capture
techniques between expensive controlled setups and lalisgmonocular approaches, and opens
up new possibilities for professional movie and game pridos by enabling performance capture
on set, directly from the primary camera. Finally, it is apstewards democratizing face capture
technology for everyday users with a single inexpensivewidamera. Such is the relevance of
high-quality face capture from monocular video that ourhodthas inspired follow-up work in
this direction (see Sectidhl.3.

A 3D face model for a monocular video is also a preconditionnfiany relevant video editing
tasks. Examples include face transféltdsic et al. 200} face replacementylexander etal. 201
facial animation retimingDale etal. 201]Lor puppeteeringfemelmacher-Shlizerman etal. 2010
Li etal. 2013. For the results obtained with these methods, a trackechgeyg model of moderate
shape detail was suf cient, but even then, substantial rabwork is unavoidable to obtain a 3D
face model that overlays suf ciently with the video footag® achieve a higher quality of edits on
more general scenes, and to show advanced edits such &singligr virtual make-up, we require
much higher detailed reconstructions from a single video.

Our approach relies on several algorithmic contributidra are joined with state-of-the-art 2D/3D
vision and graphics techniques adapted to monocular videa preparatory step, we create a
personalized blendshape model for the captured actor hyfaaing generic blendshapes to a static
3D face scan of the subject. This task is the only step raguimanual interaction. In the rst
step, we accurately track a sparse set of 2D facial featlmesidhout the video using a state-
of-the-art non-rigid feature tracking algorithr®dragih etal. 2013abut enhanced with a novel
correction method presented in Secti3. After 2D landmark tracking, we obtain the model
parameters (expression and pose) by solving a constrainedratic programming problem. To
further re ne the alignment of the face model, a non-rigemporally-coherent geometry correction
is performed using a novel multi-frame variational optiaak approach. Finally, a shape-from-
shading re nement approach adapted to monocular videonstagts ne-scale geometric detail
after estimating the scene lighting and face albedo.

We emphasize the simplicity and robustness of the propagetiveight and versatile performance
capture method. Even though multiview methods achieveenigéconstruction quality, the pro-
posed approach is one of the rst of its kind to capture lorgusaices of expressive face motion for
scenarios where none of these other methods are applicablan additional bene t, our tracker
estimates blendshape parameters that can be used by asiirajortant feature also advocated in
previous work YWeise etal. 201). We show qualitative and quantitative results on sevexares-
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(@) (b) () (d) (e)

Figure 5.2: Algorithm overview: Left to right: (a) Input video frame, (b) 2D feature tracking (Section5.4.1),
(c) expression and pose estimation using a blendshape model (Section5.4.2), (d) dense expression and
pose correction (Section5.5), (e) shape re nement (Section5.6).

sive face sequences captured under uncontrolled lightioty,indoors and outdoors. Our approach
compares favorably to the recent state-of-the-art biresaulethod of Valgaerts et aR()124, and
even performs better for certain aspects. As a proof-otephexample of advanced video editing,
we show the application of virtual face texture to video (Bapire5.1).

5.2 Overview

Our method uses as input a single video of a face, capturegl umknown lighting with a camera
that has precomputed intrinsics. It is composed of four mamputational steps:

SO Personalized blendshape model creation (Sectidh3): We construct a customized para-
metric 3D blendshape model for every actor, which is use@c¢onstruct all sequences star-
ring that actor.

S1 Blendshape tracking (Section5.4): We accurately track a sparse set of temporally stable
2D facial features throughout the monocular video usingrikéhod described in Secti@dn3,
see Figures.2 (b). From the established sparse feature set, we estimdtbal @D trans-
formation (head pose) and a set of model parameters (fagiaéssion) for the blendshape
model, see Figurg.2(c).

S2 Dense tracking correction (Sectiorb.5): Next, we improve the facial expression and head
pose obtained from the sparse blendshape tracking stepnigyuting a temporally coherent
and dense motion eld in video. This motion eld is then emydal to correct the facial
geometry to obtain a more accurate model-to-video alignnsere Figure.2 (d).

S3 Dynamic shape re nement (Section5.6): In a nal step, we reconstruct ne-scale, time-
varying facial detail, such as wrinkles and folds. We do thysestimating the unknown
lighting and exploiting shading cues for shape re nemeeg Bigures.2 (e).

Notation A frame in the monocular video corresponding to timestamyll be denoted byf!,
with f being the starting frame. We reconstruct a spatio-temiyocaherent sequence of triangu-
lar face mesheM!, consisting of a xed set of vertices with Euclidean coordinaté€ and their
connecting edges. The outcome of the subsequent commahtteps in our algorithm are the
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tracked mesh [1(S1), thecorrected mesh §(S2) and the nalre ned mesh NI (S3), all sharing
the same topology (i. e., vertex set and connectivity).

5.3 Personalized Blendshape Model Creation

We use alelta blendshape modak a parametric morphable 3D representation of the faceS@ee
tion 2.1.1for further details). For the sake of simplicity, we will ezfto this model ablendshape
model Letbgy 2 R3 be the neutral shape containing the coordinates of theetices of a face mesh
at rest pose. A new facial expressienan be obtained by the linear combination:

k
e(by;b) = bot+ @ bjd; (5.1)
=1

whered; 2 R®, with 1 j k, are the blendshape displacements (i. e., delta blendshapd
0 b; 1,8jare thek blendshape weights

We create an actor speci ¢ face model by taking a genericstanteated, professional blendshape
model k= 78) obtained from Faceware Technologiasd then performing a non-rigid registration
of the neutral shape to a binocular stereo reconstructiaig@erts et al. 2012af the actor's face

at rest pose. Please note that any generic blendshape meflairegd by an artist and any laser
scanning or image-based face reconstruction métbad be used instead. Registration is based on
manually matching 29 3D landmarks on the eyes, nose and nfolldwed by a global correspon-
dence search and Laplacian regularized shape deform&ikifie 2005 Once the neutral shape
is registered, the blendshapes of the generic model arsferaed using the same procedure. The
obtained face models have a person speci c shape, but the samantic dimensions are shared
over all actors. Although our straightforward registratiapproach has proven suf cient for our
application, additional person-speci ¢ semantics canrmtuded by using extra scans of different
expressionsl]i etal. 201Q. Since all personalized blendshape models are derived fhe@ same
generic model, they share the same number of vertices (20@kjriangulation (henceforth shared
by all meshes shown in this chapter). Figbt8 shows a selection of expressions for the generic
Emily model and for the four corresponding personalized etoderived from it. These four per-
sonalized models were used to generate the results shoviguireb.7, Figure5.8, Figure5.9, and
Figure5.10 Note that the produced blendshape models lack in high émgushape detail, such
as wrinkles and folds.

5.4 Blendshape Tracking

5.4.1 Accurate 2D Facial Feature Tracking

An essential part in the tracking is the detection of a spaeseofm accurate, temporally stable
2D facial features (i. e., landmarks) that serves as the tfasar approach to nd an initial coarse
alignment of the personalized 3D blendshape model to angraaframef!. In our approach, we
accurately trackn= 66 landmarks on the actor's face using the method describ8edtiord.3.

1
2

www.facewaretech.com
www.facegen.com
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Figure 5.4: Coupling the 2D and 3D model. Left: Features estimated by an off-the-shelf feature tracker
(see Section 4.3) for a rendered frontal view of the generic blendshape at rest pose. Middle: The manually
corrected features. Right: The 3D feature vertices on the generic blendshape model.

5.4.2 Coarse Expression and Rigid Pose Estimation

We now align the 3D blendshape model to the sparse set of 20rédacations found in each frame:
We solve an optimization problem in the blendshape spacedothe pose and facial expression
parameters of the 3D face model, such that it optimally fiepte onto the tracked 2D feature
locations. This is performed in three steps, described las®.

Coupling the 2D and 3D Model

To couple than 2D feature points that are tracked in the video to their gpoeding 3D positions
on the generic blendshape model, we render a frontal snapftie neutral pose in OpenGL using
a standard phong re ection model with a single point lightise pointing towards the face surface.
Once rendered, we run an off-the-shelf feature trackingrétgn to estimate the position of the
main facial featureS[Saragih etal. 201]a The detection works relatively well for a shaded ren-
dering of the model with constant material in front of a blhackground, but the detected features
still need minor manual correction for better alignmene(B&gure5.4). For the Emily blendshape
model, the eyes are unnaturally large and particularlyetttetected features need further correc-
tion. As the 2D features are the projections of the corredipgn3D points on the blendshape
model, correspondences can be easily established by bajction on the mesh. From now on,
we will denote these 3D feature pointskas

Since all personalized blendshape models are derived fhrenmséame generic Emily model, the
indices of the found set of 3D feature vertices remain theestimall actors. Thus, this step needs
to be completed just once and has to be repeated only if aaliffgeneric face model is used.

Expression Estimation

Given a set of 2D facial feature locations 1 i m estimated in the current fram, and a
personalized blendshape mo@ééb,;:::;by), our task is to estimate the current facial expression in
terms of the blendshape Weighii§ 1 j k. This expression transfer problem can be formulated

3Note that this is the same tracking algorithm mentioned ictiBe 4.3 for which we improve the landmark trajecto-
ries.
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in a constrained least squares sense, as follows:

m
n;;né SRP* X+t Xgi b with P= 399 (5.2)
ii=1
st: 0 by 1 for 1 j k, (5.3)

whereXg; 2 F are the coordinates of the feature vertices of the blendshagulel P is the orthog-
onal weak perspective projection matrg, R 2 R3 3 andt! 2 R denote the global scaling factor,
the rotation matrix, and the translation vector which aliba reprojected feature locations with
the feature vertices of the blendshape model in a weak peigpeamera model setting (see Sec-
tion 2.2.1for further details). Since the alignment transformatiarssunknown, we solve the above
quadratic programming problem iteratively: First we opgienforf s; R tg' using a current estimate
for the blendshape weights, after which we solvelfp'm a second step keeping the transformations
xed. We terminate when the changeﬂr}\ falls below a threshold.

Solving for the Transformations Finding the least squares solutionfaf R;tg' to Equation5.2
for a constant set of blendshape weights is equivalent gmialj two 3D point sets, which can be
solved in closed form by singular value decomposition (SY&)n etal. 1987.

Solving for the Blendshape Weights Once the alignment transformations have been computed,
we search for an optimal combination of the linear weigh}tsthat minimizes the difference in

shape between the point se&R P> x{ + t' andXg; bj ,1 i m,subjectto the box constraints

shown in Equatiorb.3. By rewriting the blendshape model (see Equabal) as:
|
« !
e(bj))= 1 a bj bo+
ot

Qo

by (bo+ dj) (5.4)
=1

and de ningbg= 1 é!‘: j bj, we obtain an instance of a convex quadratic programmingl@no
with box constraints and a linear equality constraint. Tdas be solved ef ciently by methods
based on sequential minimal optimizatiofPlatt 1998. Note that the solver we used implicitly
enforced.; regularization on the estimated weights.

As opposed to the alignment step, we found experimentadiyttie blendshape weight optimization
is more robust if it is only performed over the X- and Y-cooaties. As such, we discard depth
information in this step.

3D Pose Estimation

To retrieve the head pose under a full perspective projecti@ update the positions of the 3D fea-
ture vertices irF using the computed blendshape weights, and feed them tgeith the tracked
2D facial feature locations to a pose estimation algoritiavid etal. 2004t This algorithm ap-
proximates the perspective projection by a series of saafdbgraphic projections and iteratively
estimates the global pose parameters for the given set adAD correspondences. Note that this
algorithm assumes that the camera's intrinsics, i. .| fiecath f and principal point are known
beforehand. For each sequence presented in Segfiof) these parameters were estimated in a

“http://cmp.felk.cvut.cz/~xfrancv/libgp/html/
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Figure 5.5: Dense expression and pose correction. Left: Overlay of the tracked blendshape model of
Figure 5.2 (c), textured with the starting frame. Middle: Textured overlay of the tracking-corrected face
mesh of Figure 5.2 (d). This synthetic frame is closer to the target frame in Figure 5.2 (a). Right: Per-vertex
correction represented as a heatmap on the corrected mesh, where red means large correction and green
means small correction.

pre-calibration step using the MATLAB calibration toolhoxhich requires the user to rotate and
move a checkerboard pattern in front of the camera for a feorsts.

Expression and pose estimation are iterated until conaergeresulting in aracked face mesh
M} with associated blendshape weights and pose parametergevelioM} lies within the space
spanned by the blendshape model and lacks high-frequeneydfetail that appears in the video.
These shortcomings will be tackled next.

5.5 Dense Tracking Correction

After coarse expression and pose estimation, there mayimeesidual errors in the facial expres-
sion and head pose which can lead to misalignments wheragireglthe 3D model with the video,
see Figureb.5. The rst reason for this error is that the used parametrandshape model has a
limit in expressibility and is not able to exactly reproductarget expression that is not spanned by
its basis of variation. The second reason is that the opditioiz of the previous section is performed
over a sparse, xed set of feature vertices and excludegesrthat lie in other facial regions, such
as the cheeks or the forehead. To obtain an accurately dligbDemesh, we correct the initially
estimated expression and pose over all vertices.

5.5.1 Temporally Coherent Corrective Flow

To correct the expression and pose of the face rwslobtained by blendshape tracking, we assign
a xed color to each vertex using projective texturing and blegdirom the starting framef®.
ProjectingM] back onto the image plane at every titm@sults in the synthetic image sequerfge
depicted in Figures.6. To ensure optimal texturing for the results presented cti®@e5.7.1, we
manually improved the detected feature locations in theiisgaframe.

The idea behind our correction step is to compute the denseabmw eld that minimizes the
difference between a synthetic frarfieand its corresponding true target frarffeand then use the
ow to deform the mesh. This corrective optical ow is dendtasw; in Figure5.6. Computing
such corrective optical ow independently for each timimtroduces temporal artifacts in the cor-
rected mesh geometry due to the lack of coherence over tirtteeioptical ow estimation. An
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Figure 5.6: Temporally-coherent corrective ow estimation.

illustration of such temporal artifacts can be seen in tlese supplementary video at the project
websité. Let us now assume that] deforms coherently and smoothly over time, and so does the
synthetic sequence. Consequently, the corrective vombetweenf! and f' has to vary gradually
over time as well, since the true sequence is smooth by cmtistn.

To impose temporal smoothnesswi, we include frames dt- 1 andt 1 and introduce a new op-
tical ow method for the six-frame scenario depicted in Rigg.6. By exploiting the dependencies
between the correspondences, the problem can be paraedetriz t. the reference franfé by wy
and four additional ows:w, andw, describing the face motion in the synthetic sequencewand
andws describing the temporal change in the corrective aw. Note thatwi+ w3 andwi+ wsg
represent the corrective ows in the corresponding imagiatpaatt+ 1 andt 1. Thus, we can
impose temporal coherence through the ow changegandws.

To estimate all unknown ows simultaneously, we minimizeearergy consisting of data, smooth-
ness, and similarity constraints, as follows:

E= Ecliata+ é aiEslmooth+ é gEslim dx , (5-5)
1 i=1 i=1

Qo

whereF 2 R?=fxy2 Rjxy 0g represents the rectangular image domain, andy, 8i are
trade-off factors that control the amount of smoothnesssamdarity, respectively.

Data Constraints  The data terms of the energy shown in Equadhimpose photometric con-
stancy between corresponding points along the seven ciiom&crawn in Figuré.6. For bright-

5http://gw.mpi-im‘.mpg.de/projects/MonFaceCap/
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ness constancy, the data terms take the following form:

Eduam Yo i Wit wot wa) 572 0ck wp)j? | (5.6)
Edam Ya if'Octwy) 1502 (5.7)
Edua Ya it 20+ wit warws) L 10cr wa)j? (5.8)
Edu Yo ifS 1 0cH W) (012 (5.9)
Eaam Yo ifS 10t wy) 012 (5.10)
Eua™ Yo I T H0xt wit wot wa)  fi(x+wp)j? (5.11)
Efa Ya it 20+ wit warws)  fi(x+wy)j? (5.12)

where f(ﬁ) =[ f(x)"; f(x)9; f(x)P]> is the pixel color at positionx =[x;y]” in the image and
Y4(9)= <2+(0:001)2 is the robust regularized; penalizer. To make the ow estimation more
robust to gradual lighting changes in the scene and impitwv@verall matching accuracy, all con-
straints are extended with a gradient constancy assumgtiorcolor information. For instance, the
second data term betweéh and f{, and fourth data term betwed§* ! and f{ can be written as
follows:

EZ.= Ya jfti(x+wy) fix)j%+ zjOf (x+wi) OF{(x)j? (5.13)
Eda Ya ifer i (x+wp)  fi(x)j?+ zjOfi Y (x+wp) OFL(x)j? (5.14)

wherez 0 is a weighting factor an® = [ fi; fy]> denotes the spatial gradient operator. We
empirically found thatz = 0:1 yields a good compromis&dlgaerts etal. 2010

Smoothness Constraints Similar in spirit to the scene ow scenario presented by ¥alds
et al. 0124, we use a structure-aware regularization for the omss w, andw, to improve the
optical ow estimation in semantically meaningful regiookthe face, namely:

Eslmooth = Ys jNwy rij? +Ys jNWerjz , (5.15)
Eszmooth = Ys JNW; r11.2 +Ys jNW;ijZ ) (5.16)
Es4mooth = Ys JNWZ rij® +Ys JNWZ r% (5.17)

where the vectorﬁl andr, denote orthogonal smoothing directions along and acrossstouctures,
andY(s?)= 212 1+(s1 )2, | s= 0:1 is a discontinuity-preserving function. As opposed to the
corrective and motion ows, we regularize; andws much stronger using, regularization:

Es?)mooth: jNW?:jz and E55mooth: jNWSjZ . (5-18)

This quadratic regularization of the ow changes ensurasttie corrective oww; varies smoothly
over time.

Similarity Constraints Finally, we enforce the corrective ows;, wi+ wz andwi+ ws to be
similar to each other, i. e., we strongly penalize the magieitof the ow changes:

Edm = iwgi® and E&, = jwsj® . (5.19)
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The terms in Equatiob.19and Equatiorb.18can be related to rst and second order smoothness
constraints along optical ow trajectories, as describedMolz etal. 201]. Contrary to their ap-
proach, we exploit the circular dependencies in our spesetup for the purpose of coherently
correcting one image sequence w. r. t. another.

The total energy shown in Equatidnb is minimized over all ows by a coarse-to- ne multiresolu-
tion strategy using a non-linear multigrid methdthpenberg et al. 20D6Computational time can

be sped up by utilizing the forward and backward optical avesnputed in the non-rigid tracking
step (see Sectioh.3) as initialization.

5.5.2 Optical Flow-based Mesh Deformation

We correct the geometry dlf by projecting the estimated optical ow; back onto the mesh
and retrieving a corrective 3D motion vector for each vert8ince our monocular setting has an
inherent depth ambiguity, it is impossible to recover therext motion in the Z-direction (i.e.,
in depth). However, we experienced that correcting eactexen X- and Y-directions parallel
to the image plane still produces realistic and expres#selts. In Chapter, we overcome this
limitation by proposing a parametric corrective eld basedharmonics functions that parametrize
true 3D displacements. Such dense parametric 3D correeilbbe then learned as a function of
the blendshape weights to infer person-speci ¢ expressiona detailed, personalized blendshape
rig (see Chapte8).

Let us denot&V! 2 R" 3 as the 3D motion eld parallel to the image plane. We Weto propagate
each vertex to its new position in tieerrected face mesh MTo ensure a smooth deformation, we
minimize the following Laplacian-regularized energy:

E= X! X 2+ nfd Xy (Xh+wh 2, (5.20)

i2Ct

whereL 2 R" " is the Laplacian matrix oM} computed with cotangent weightSdrkine 2005
Xt andX{ 2 R" 3 represent the matrices collecting the positions of allivestX! in ML and M{,

1 i n, andmis a trade-off weight. The s@! is a uniformly subsampled selection of visible
vertices at frame!.

We perform the steps of Secti@n5.1and Sectiorb.5.2once per frame, but they could be applied
iteratively. Note that this correction takes us slightlytside the 3D shape space spanned by the
blendshape model and yield an extremely accurate alignofetite mesh with the video. The
alignment before and after correction is shown in Fidufe

5.6 Dynamic Shape Re nement

In a nal step, we capture and add ne-scale surface detaih#otracked mesh, such as emerging
or disappearing wrinkles and folds. Our approach is basdth@shape-from-shadinframework
under general unknown illumination that was proposed/aidaerts et al. 2013ior the binocular
reconstruction case. At a given franig the method rst estimates the unknown incident lighting
based on an estimate of geometry and coarse albedo. Theatstitighting is in turn used to
deform the geometry, such that the rendered shading gtadsd the image shading gradients
agree. Essentially, this method inverts the rendering temu#o be able to reconstruct the scene,
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which is much easier in a setting with multiple cameras,esthe face surface is seen from several
viewpoints, and therefore it constrains the solution symestter.

To adjust this approach to the monocular case, we estimatentknown illumination from a larger
temporal baseline to compensate for the lack of additioaaleras. In our setting, we assume that
the illumination conditions do not change over time. Howeaground truth light probe to simulate
the static light environment is not available and must bereded. To tackle this problem, we rst
estimate lighting, albedo and re ned surface geometry ef titacked face mesh for the rst 10
frames of every video using the exact same approackagderts etal. 2013bln our monocular
case, since the estimation is much more under-constraimg@raor-prone, we only use this result
as an initialization. In a second step, we jointly use théahalbedo and ne scale geometry to
estimate a single environment map that globally ts to afiésteps in the small subsequence. We
then use this static light environment and estimate the myngeometry detail at each timestep
[Valgaerts etal. 2013bThe result of dynamic shape re nement is the malned face mesh ¥

To further remove temporal icker in the visualization okthesults, we update the surface normals
by averaging them over a temporal window of size 5 and ademdlometry to the updated normals,
as proposed inNehab etal. 2005

Itis important to remark that in Chapt8rne-scale surface detail will be learned as a function of the
blendshape weights to infer a personalized ne-scale skiaitllayer that dynamically correlates
to facial expressions, thus giving an extra layer of perkzat#on to the reconstructed blendshape

rig.

5.7 Experiments

We evaluated the performance of our approach on four vidgquesees of different actors with
lengths ranging from 565 (22 s) to 1000 frames (40 s). Thrdeos were recorded indoors with a
Canon EOS 550D camera at 25 fps in HD quality (192088 pixels) and one video was recorded
outdoors with a GoPro camera at 30 fps in HD quality. Our agginovas implemented in C++ and
tested on a 3.4 GHz IntelCore™ i5 processor with 16GB RAM. All the results shown below are
viewed best as video. Hence, the reader is strongly encedragwvatch the supplemental videos at
the project websife

For all results/; was 01 for the mouth features,®for the eye features, andfor the remaining
features. For the Canon resulég,= 500,a,= a,= 600, andaz= as= 300, and for the GoPro result
ar= as= 700, andaz= as= 400. Furthermoreg, = = 50 andm= 0:5. For improved accuracy
around the eye lids, the eyes of the blendshape model wexg before tracking, but not visualized
in the nal results. Eye lling is only done once in the genermodel and does not change any step
of our method.

5.7.1 Results

Performance Capture  The rst two results are part of a calibrated binocular stesequence
recorded under uncontrolled indoor lightingalgaerts etal. 2013bWe only use one camera out-
put for our method and need one extra frame from the seconeéreafor the blendshape model
creation. Results for the rst sequence, featuring veryregsive gestures and normal speech, are

6http://gvv.mpi-inf.mpg.de/projects/MonFaceCap/
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Figure 5.7: Results for expressive facial motions - rst sequence, 565 frames (22 s). Left to right: The
input frame, the corresponding blended overlay of the reconstructed mesh, a 3D view of the mesh, and an
example of applying virtual face texture using the estimated geometry and lighting.

Figure 5.8: Results captured indoors - second sequence, 620 frames (25s). This sequence was recorded
with a Canon EOS 550D camera and exhibits expressive and fast facial gestures.
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Figure 5.9: Results captured indoors - third sequence, 1000 frames (40 s). This sequence was recorded
with a Canon EOS 550D camera and shows expressive faces, fast facial motion, and challenging head
movement.

shown in Figureés.7. All meshes consist of the same set of vertices and are peddugctracking and

re ning the personalized blendshape model of Figbu&(second row) over 565 frames. The green
screen is part of the recording and is not used. The gure shiat we are able to faithfully cap-
ture very challenging facial expressions, even for gestthiat are not spanned by the blendshape
model, e.g., the bottom row. The third column illustratest thur method effectively reconstructs
a space-time coherent 3D face geometry with dynamic neesdatail. Although the actor's head
hardly moves in depth, our method estimates a small globaklation component in the camera
direction, which we discard for the 3D visualization in thgures. Figures.8 shows a result for

a second sequence of 620 frames, featuring fast and exmasstion. Our results capture a high
level of shape, motion, and surface detail.

Figure5.9shows an additional result for a third sequence, newly dambunder similar conditions
as the rst two. The sequence depicts a recitation of a tlezdhiplay and is extremely challenging
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Figure 5.10: Results captured with a hand-held GoPro camera - fourth sequence, 650 frames (22 s).
This sequence was recorded outdoors under unknown lighting and features challenging head motion. The
rightmost column shows a failure case where our method does not estimate the pose and expression
correctly. The supplementary video at the project website shows that our method fully recovers afterwards.

due to its length of 1000 frames, its diversity in facial eeggions, and its fast and shaky head
motion. The overlays in the gure show that we are able toneste the X- and Y-components
of the head pose very accurately and retrieve very subtialfagpressions, demonstrating the
applicability of our method for demanding real world apgtions. Finally, we also captured an
actor's facial performance outdoors with a lightweight G@Bamera. Despite the low quality of
the video and the uncontrolled setting, we obtain accuratking results and realistic face detall,
see Figuré.10 This gure also shows a limitation of our approach for erteout-of-plane head
rotations, e.g., extreme pitch. However, the supplementio available at the project website
demonstrates how the algorithm fully recovers once the Ipese comes back to a less extreme
pose.

Virtual Face Texture  As our capturing process introduces very little perceigalift (see checker-
board texture in the supplemental video at the project viehdi is well suited for video augmenta-
tion tasks such as adding virtual textures or tattpas shown in Figuré.1and5.7. To this end, we
render the texture as a diffuse albedo map on the moving fatbght it with the estimated incident
illumination. The texture is rendered in a separate chaanéloverlaid with the input video using
Adobe Premiere. Our detailed reconstruction and lightintdhe deformation detail is important to
make the shading of the texture correspond to the shadingeinitdeo, giving the impression of
virtual make-up.

Runtimes  For the Canon sequences, the blendshape tracking andniacgirection run at a

respective speed of 10 s and 4 min per frame, whereas thengHaased re nement has a run
time of around 5 min per frame. All three steps run fully auddicelly and can be started in
parallel with a small frame delay. The only tasks that regjuiser intervention are the creation
of the personalized blendshape model (Seckd) about 20 min), the one-time 2D-to-3D model
coupling (Sectiorb.4.2 around 10 min) and the texturing of the blendshape modettig3e5.5.1,

"Design taken fronwvww.deviantart.com/ under a CC license.
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Figure 5.11: Comparison with the binocular method of Valgaerts et al. [2012b]. From left to right: Binocular
reconstruction for the frame shown in Figure 5.2. Our reconstruction. Color-coded error between both
reconstructions, represented as the per-vertex Euclidean distance (see error scale).

Table 5.1: Quantitative comparison. Average Euclidean distance between the binocular and monocular
reconstructions computed on the rst sequence (see Figure 5.7) and the second sequence (see Figure 5.8).
The distance was computed between the nearest vertices of both meshes, but only over visible regions. This
Euclidean distance is visualized in the gures as a heatmap o verlay.

Average Average
Sequence distance| maximum distance
(mm) (mm)

First sequence (over 565 frames)| 1.71 7.45

Second sequence (over 402 frames) 2.91 9.82
around 10 min).
5.7.2 Validation
Comparison with Binocular Reconstruction In Figure 5.11, we quantitatively compare our

results with a binocular facial performance capture mefiadigaerts etal. 2013b In the middle
and right panes, we show our reconstructed face mesh foatpettframe of Figur®.2 and its
deviation w.r.t. the corresponding binocular result shamnthe left. Note that the color-coded
error plots shown in the gure depict the Euclidean distabeéwveen the nearest visible vertices
on the binocular and monocular meshes, and were producedsbyligning the meshes at their
initial frames using rigid ICP and then tracking them thrbogt the sequence, while discarding
the small translation in the depth direction. As the gulastrates, errors mainly appear near the
lips, cheeks and forehead, stemming from depth inacciwgdh#d the dense expression correction
approach presented in Sectidrb cannot re ne.

Table 5.1 reports average errors for two indoor sequences. The georeetor (i. e., per-vertex
Euclidean distance between two meshes) was computed athddsabove. Note that the deviation
of our monocular result from the binocular results lies ia thillimeter range despite the lack of
direct depth information.

Another qualitative comparison between our monocular otthnd the binocular approach is
shown in Figures.12 Here, this particular frame depicts fast rotating headanotAs reported by
Valgaerts et al.70120, purely mesh-based binocular methods are sensitive tosioas and drift
in the presence of strong apparent out-of-plane headsatdéading to unnatural deformations in
some frames. Our monocular method, on the other hand, tplitestks a parametric face model
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Figure 5.12: Comparison of our method with the binocular method of Valgaerts et al. [2012b] for the results
computed on the third sequence. Left to right: Target frame showing fast head rotation, result obtained by
the binocular approach, and our result.

and only leaves the blendshape space in the expressiorctianretep by computing a small defor-
mation eld. Hence, our model-based method is less suddept occlusions and drift, and overall,
it is more robust to extreme head motions.

5.8 Discussion and Limitations

Our face tracking and re nement method is automatic, buating the personalized blendshape
model and improving the 2D features in the rst frame for tektg rely on a small amount of user
interaction. This is because each of these tasks corresporadhard computer vision sub-problem.
Currently, our optical ow-based correction only uses tegs at neutral pose to avoid including
transient high-frequency details, although a non-resutexcould be used as well (albeit a bit
harder engineering task). Furthermore, we assume thatens3® reconstruction of the actor is
available to create a personalized blendshape model, kaébtagranted that the camera's intrinsics
can be calibrated in a pre-processing step. Most of theaigdls presented above are approached
in Chapter7.

The proposed method attains very detailed and expressudtgebut it is not completely free of
artifacts. The dynamic texture example shown in the suppieary video at the project webgite
illustrates that small tracking inaccuracies can still bserved, e.g., around the teeth and lips.
Small tangential oating of the vertices may also be presast observed in the virtual texture
overlays and the dynamic texture in the UV domain. For ther@o®sult, artifacts around the nose
are visible due to the challenging low-quality input (ngiselling shutter, and color saturation).
Extremely fast motion can be problematic for feature tragkivith optical ow and our method
currently does not handle light changes as it violates thiealpow assumptions. Under strong
side illumination, which causes cast shadows, the shduisgd re nement may fail, but for general
unknown lighting (indoor ceiling or bright outdoor diffuset is able to produce good results for
scenarios deemed challenging in previous works. Part@dusions (e. g., hand, glasses, and hair)
are dif cult to handle with our dense optical ow optimizat.

The inverse problem of estimating depth from a single imagfi more challenging than in a

multiview setting, and depending on the camera paramet®es) notable depth changes of the
head may lead to hardly perceivable differences in the piejeimage. Consequently, even though
the tracked 3D geometry aligns well with the 2D video, thees/ipe temporal noise in the estimated

8http://gvv.mpi-inf.mpg.de/projects/MonFaceCap/
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depth, which we Iter out for the 3D visualizations. This liiation may stem from the use of a 2D
PDM model and a 3D blendshape model that have a differentrdiimeality and expression range.
In Chapter7, we show an improved method that works towards a better swupf these models
for 3D pose estimation.

The dense tracking correction method proposed in Seétidastimates a corrective 3D ow eld
to accurately track facial expressions, thus giving momsgealization in the reconstruction. Due
to the inherent depth ambiguity of our monocular settings torrective eld is view dependent
and cannot be correlated to the facial expressions perfbimgean actor to learn a personalized
blendshape rig. In Chapt&rwe overcome this limitation by proposing a parametric ective eld
based on harmonics functions that parametrize true 3Datisptents and that can be regularized
to control deformations in depth. Then, in Chaehis parametric 3D correction eld is learned
as a function of the blendshape weights to create a rig witbopalized expressions.

5.9 Summary

In this chapter, we have introduced a state-of-the-art atefbr monocular reconstruction of spatio-
temporally coherent 3D facial performances. The propopgtcach succeeds for scenes captured
under uncontrolled and unknown lighting, and is able to mstict very long sequences, scenes
showing very expressive facial gestures, and scenes &rbititrong head motion. Compared
to previously proposed model-based monocular approadhes;onstructs facial meshes of very
high detail and runs fully automatically, aside from a briednual initialization step. It also fares
very well in comparison to a recent state-of-the-art bitacéacial performance capture method
[Valgaerts etal. 2013bThe proposed approach combines novel 2D/3D tracking ecohistruction
methods, and estimates blendshape parameters that caetitydised by animators. Qualitative
and quantitative results shown on several datasets deratkigh tracking accuracy and overall
good performance attained by the proposed method. We haweshbwcased its application to
simple video editing tasks, such as appearance editingwivitial texture.

The results presented in this chapter advance the state afrttin monocular facial performance
capture and show great potential for advanced video eddisks. Next, in Chaptd, we exploit the
capabilities of our model-based method for video-realiite retargeting, namely face expression
adjustment for dubbing in movies.



Chapter 6

Model-based Face Retargeting:
A Visual Dubbing Approach

(@) (b) (©) (d) (e)

Figure 6.1: The proposed visual dubbing approach modi es the lip motion of an actor in a target video (a)
so that it aligns with a new audio track. The capture setup consists of a single video camera that Ims a
dubber in a recording studio (b + c). The method transfers the dubber's mouth motion (d) to the actor and
creates a new plausible video of the actor speaking in the dubbed language (e).

In this chapter, we build upon the high-quality model-bafszk capture approach presented in
Chapter5 to solve a challenging retargeting task that we refer to agalidubbing. Traditional
dubbing is a complex process used in the Im industry thataegs the original actor's voice with
that of a dubbing actor in a local language, such that the nelioatream adheres as best as possible
to the actor's mouth motion in video. However, a result whbeenew audio and the original video
are fully in sync is nearly impossible due to language déferes. Thus, this chapter presents a
visual dubbing approach that alters the mouth motion ofgetaactor in a video to match the new
dubbed audio track (see Figusel). The method and results presented in this chapter are based
[Garrido etal. 201p

85
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6.1 Introduction

Dubbing is the process of replacing the original voice ofetoin a video with a new one recorded
off-camera in a studio. The new voice can reproduce the esaant original dialog, but with im-
proved in-studio quality (this is referred to as post-synoiration, a.k.a “additional dialog record-
ing”). However, in most cases the original actor's voiceubstituted with that of @ubbing actor
(or dubbe) speaking in another language. Dubbing of foreign produstiinto the locally spoken
language is common in countries where subtitling is not lyidecepted, e. g., Germany, France
and many Spanish speaking countries.

Dubbing has the advantage over subtitling that it does ratvdhe attention away from the ac-
tion on screen. On the other hand, it has been shown that rdeave very sensitive to discrep-
ancies between the auditory signal and the visual appeaminthe face and lips during speech
[Sumby and Pollack 19%4In fact, audio-visual mismatches can drastically imgaimprehension

of the spoken language; hearing-impaired people in pdatiexploit this correlation even more
[Owens and Blazek 198&Gummer eld 1992. It is thus imperative that the dubbed language track
is adjusted well to the visual performance. This requiregxgensive and time consuming three-
stage process performed by special production companies:

1. Translation: Certain mouth shapes are manually annotated in the videb asthe lip closure
of the bilabial consonants /m/, /p/ and /b/. Then a transcwhich is semantically close to
the original script and yet produces bilabials at roughly s$ame time, is made in the new
language. Consequently, the translation may not be literal

2. Recording: A dubber in a studio reads out the dubbed transcript in pate thé original
performance. Even recording a single sentence may neethk&vas until alignment with
the video is satisfactory.

3. Editing: The temporal alignment between the dubbed audio track achthuth motion in
the video is improved by manually time-shifting and skewiing new audio.

Despite the complexity of the pipeline, traditional dulibis unable to produce dubbed voice tracks
that match the mouth movements in the target video perfettlg reason is that spoken words dif-
fer between languages, yielding different phoneme seasead lip motions. Hearing and seeing
different languages proves very distracting for many visj8umby and Pollack 19%4nd causes
even stronger distraction for the hearing impaired whooellip reading Pwens and Blazek 19$6

This chapter introduces a system that visually alters thenliotion and the facial appearance of
an actor in a video, so that it aligns with a dubbed foreigrglege voice. With this approach,
we take a step towards reducing the strong visual discornérsed by the audio-visual mismatch
in traditional dubbing. Our method takes as input the astand the dubber's video as well as the
dubbed language track, and then it employs state-of-the@mocular facial performance capture to
reconstruct both performances. This gives us parametstsidimg the facial performances based
on a coarse blendshape model. Via inverse rendering, weatly reconstruct the incident scene
lighting in the target video, as well as the high-frequenasfacce geometry and dense albedo of the
target actor. The captured dynamic 3D geometry of the astonddi ed fully automatically by
using a new space-time optimization method that retrievesjaence of new facial shapes from the
captured performance, such that it matches the blendskgpersce of the dubber, yet is temporally
coherent, also in its ne-scale surface detail. A phonetialgsis of the dubbed audio nds salient
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utterances, such as lip closures which are explicitly exefdrin the synthesized performance. The
synthesized face sequence is plausibly rendered andtét, w&hich the lower half of the face is
seamlessly blended into the target video to yield the nalie

In summary, the main contributions are: 1) A visual dubbiygtem for video-realistic model-based
resynthesis of detailed facial performances in monocutiorthat aligns the visual channel with a
dubbed audio signal, 2) a spatio-temporal rearrangemetegy that utilizes the input facial perfor-
mances and the dubbed audio channel to synthesize a new Higflaliled 3D target performance,
and 3) the reconstruction of a realistic target face albeubthe synthesis of a plausible mouth
interior based on a geometric teeth proxy and inner moutlgéweaarping.

The proposed method is one of the rst to produce detailedthstically altered and relit facial
performances of an actor's face. Our system generatedlyipleusible results which are compared
against traditionally dubbed, unmodi ed video, both qtalively and through a user study. Since
the mouth region is completely synthesized in our approagierfect audio-video alignment is no
longer required. Thus, the proposed approach simpli edtitgbing pipeline, since the translation
into the foreign language can now stay closer to the origingpt.

6.2 Background: Visual Cues in Speech Perception

Visual cues, such agsemesare essential for speech percepti®ufmmer eld 1992, both for peo-

ple with normal hearing@wens and Blazek 198@&nd in particular for hearing-impaired persons
[Lesner and Kricos 19§11In fact, under noise, one third of the speech informat®ndnveyed vi-
sually through lip gestures gGoff etal. 1994 and a discrepancy between sound and facial motion
clearly disturbs perceptiorfsumby and Pollack 19%4The discrepancies between the visual and au-
ditory cues can greatly change the sound perceived by trenargMicGurk and MacDonald 1976
and this may explain why many people dislike watching dubbeatent Kilborn 1993. Taylor

et al. 2017 report that a direct mapping from acoustic speech to fa@ébrmation using visemes

is simplistic and realistic synthesis of facial motion ne¢d model non-linear co-articulation ef-
fects [Slaney and Covell 20Q0 The problem is that the statistical relationship betwsppech
acoustics and facial con gurations accounts for approxatya65% of the variance in facial motion
[Yehia et al. 1998 and thus the speech signal alone is not suf cient to ssiteea full range of real-
istic facial expressions. In view of these ndings, we butié mapping from the dubber to the actor
primarily using the visual signal obtained through facietfprmance capture (see Sect@#d). We
thus achieve audio-visual coherence implicitly, whictsit@inforced by using the acoustic signal
as a guide to enforce salient mouth motion events, like bigwles (see Sectidhb).

6.3 Overview

The proposed method takes as input two video recordingsseitind. The rst recording is the
original movie segment of thactor performing in the original language. We refer to this as the
target sequence; ] as it will be modi ed later. The second recording is tthebbing sequence ||
showing thedubberreading a translation of the original text, which will serae the source to
synthesize a new target performance.

Our method uses the dubbed language track as the new voiteftrathe target sequence and

INote that our approach does not need the actor's audio.
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Figure 6.2: Method overview. Visual dubbing is performed in 4 main steps: Motion transfer (Section 6.4),
detail synthesis (Section 6.5), speech alignment (Section 6.6), and rendering and compositing (Section 6.7).

modi es the mouth motion of the actor such that it matchesdbibed words. It does this while
preserving the appearance and head pose of the actor, asswied original background and scene
lighting. We assume that the dubber reads his text roughpate with the actor's performance,
but strict alignment of the dubbed language track with theraclip movements, as in traditional
dubbing, is not necessary because a completely new syrgkgserformance is generated, which is
in sync by construction. We further assume that the dubkelesto reenact the facial expressions
of the actor well, i. e., the target and dubbing sequences daamilar emotional content. The
proposed method consists of four major steps, as shown uré6g2:

S1 Motion Transfer (Section 6.4): The facial performances of the actor and the dubber are
captured using a personalized blendshape model. The taylgng is estimated and high-
frequency detail, such as wrinkles and folds, are capturbd.blendshape weights pertaining
to the mouth motion of the dubber are transferred to genaragv blendshape sequence for
the actor.

S2 Detail synthesis (Section6.5): Actor-speci ¢ high-frequency face detail is added to the
synthesized blendshape sequence by globally searchirigafoes with similar detail in the
target sequence. We only transfer detail in the lower fag@nearound the mouth, preserving
the original detail elsewhere.

S3 Speech alignment (Sectio®.6): Lip closure is enforced by detecting bilabial consonants in
the dubbed language track.

S4 Rendering and compositing (Sectiorb.7): By using the estimated target lighting and the
dense skin re ectance of the actor, the synthesized facenidared into the original video.
The mouth interior is rendered separately and blended im thé target to produce the nal
composite.

In the remainder of this chaptér andl! will denote the frame at timein the target and dubbing
sequence, with running from 1 to the number of framés For simplicity, we assume that the
target and dubbing sequence have the same number of fracheseatemporally aligned such that
corresponding spoken sentences coincide in time. This eamchieved as a preprocessing step
or by recording the dubber in sync with the actor. The nalutess the synthesized sequencg |
showing the actor speaking in the dubbed language. Morégletathe different steps is provided
as follows.
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6.4 Motion Transfer

To capture the facial performances of the actor and the dutleeemploy the model-based facial
performance capture approach presented in Chayteat utilizes an underlying blendshape model
and produces a sequence of space-time coherent face maghewvscale skin detail. The param-
eters of the tracked blendshape model will be used to trattefenouth motion from the dubber to
the actor.

6.4.1 Monocular Facial Performance Capture

Both the actor's and the dubber's performance is capturgdjube method presented in Chapler
which uses a personalized blendshape model. This modekisraop the face shape and describes
a basis of variation in facial expressions:

k
e(by;::;b) = bo+ & bjd; (6.1)
j=1

wherebg 2 R is a vector containing the 3D vertex coordinates of the face at redf,2 R3n

1 j k, are the blendshape displacements at each vertexeamf" is the facial expression
obtained by linearly combining the displacements usingllemdshape weight8 b; 1, 8j.
We create a personalized blendshape model of the actor andutiber by registering a generic
blendshape model to a static stereo reconstruction of teedarest (see Sectidn3 for further
details). Thus, the actor's blendshape model differs froat bf the dubber's in face shape, but
their k blendshapes correspond to the same canonical expressidnthexefore have the same
semantic meaning. For the models described in this sektior8 and in the experiments we chose
n= 50000.

As a brief recap, the monocular face capture approach estks the personalized blendshape
model (3D rigid pose and blendshape weights) using 66 accurate and temporally stable facial
landmarks, then it performs an out-of-space expressiarciion step using a temporally coherent
dense motion eld which better aligns the facial geometryhie face in the video, and nally adds
ne-scale skin detail as a per-vertex surface displacemienghape-from-shading based re nement.
The last step also estimates the scene lighting and a cqeéese;wise constant approximation of
the face albedo. The nal result is a sequence of temporalhecent triangular face meshis for
the target sequence amf for the dubbing sequence, with & .

Itis important to remark that the dense expression comedep (see Sectidnb) performs a dense
per-vertex mesh alignment that does not decouple rigid fsosefacial motion nor does it provide
an intuitive parametrization that could help perform ewjtiasks. As such, 3D deformations esti-
mated by this step were not utilized in the motion transfep stor were they employed to align the
transferred mouth to the upper part of the face (i. e., we oséd the rigid pose estimated with the
2D facial landmarks). This limitation is further discussedection6.9.

6.4.2 Blendshape Weight-based Mouth Transfer

The blendshape model encodes most of the speech-relatahnstch as the movement of the jaw,
lips and cheeks, whereas the detail layer mainly encodespeapeci ¢ skin deformation, such as
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(@) (b)

Figure 6.3: Mouth mask. Left to right: (a) The region of in uence of the blendshapes responsible for
the mouth motion, (b) three example blendshapes that activate the mouth, where the color encodes the
magnitude of the displacement w.r. t. the rest pose.

emerging and shifting wrinkles. The blendshape modelsatitor and dubber are derived from the
same generic model and thus share the same semantic dimgrns@uding those related to speech.
We can therefore make the actor utter the same words as thedip identifying the blendshape
weights that activate the mouth, and by transferring thetaal curves of the blendshape weights
that activate the mouth region from the dubber to the acta.e®plained in Sectiob.4.3 these
activation curves will need further actor speci ¢ adjustihduring transfer.

We manually identi ed thd = 49 blendshapes responsible for the mouth motion as thospaom
nents that displace vertices on the jaw, lip or cheeks. Watifyaa region of in uence for these
mouth blendshapes by assigning a value between 0 and 1 tovedelr, where 1 means highly
affected by mouth motion and 0 not affected at all. Theseegshare found by accumulating the
blendshape displacements at each vertex and mapping thiEyikowhere 0 corresponds to zero
displacement and 1 to the median displacement over allcesttiThe obtained mask is depicted
in Figure6.3and is used for detail synthesis and image blending (se@8&cb and Sectiorb.7).
The mask is extended to include the nose tip, since it is ofterenced by the mouth motion in
practice.

The mouth motion of the dubber is transferred to the actortahat by combining the actor's
blendshapes as follows:

| k
— 2 t 2 t
e= bor + @ byjdr;j + @ brjdrj . (6.2)
=1 i=l+1
2} —z— [—z—)
synthesized actor captured dubber captured actor
expression expression expression

Here,b;,; andby:j, 1 | Kk, are the captured blendshape weights of the actor and theeduind

bor andd;;; denote the rest pose and th¢h blendshape of the actor. Note that the blendshapes
are ordered such that mouth-related expressions comenrte model. The synthesized target
expressiore,, 8t, is identical to the original target expression, excepthi@ mouth region shown

in Figure 6.3 (a), where it is the same as the expression of the dubbing. attee synthesized
expressiore; and the captured head pose can be used to build a sequencettisy coarse face
meshest\/lst for the actor, which exhibits the same mouth motion as thédubThis is illustrated

in Figure 6.5 for the example of Figur€.1 Note thatM! still lies within the blendshape space
and therefore lacks any ne-scale detail, such as wrinkiesfalds. This detail is necessary for a
faithful rendering of the actor and will be added in Sectioh
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6.4.3 Mouth Motion Correction

The blendshape weight-based transfer approach descritieguiation6.2 works well if the blend-
shape weight combinations for the actor and dubber haveatne sneaning. In practice, this is not
guaranteed since both blendshape models are manuallyreciest from independently selected
scans of a face at rest. As a result, they virtually share dheessemantic dimensions, but do not
necessarily agree on the rest pose, i.e., the two modelstespasame semantic space relative to
the neutral pose but a blendshape, dayin the dubber's space may lie in a different place in the
actor's space, resulting in a space misalignment as raportd heobald etal. 2009

If there is a small systematic offset in the model origin, ve@ get an estimate of the true rest
pose by selecting the blendshape weight combination trathesmallest Euclidean norm over
all f captured frames, provided that there is at least one nearpakession in the sequence. This
blendshape weight combination with minimum norm is theretalis the true model origin and is
used to correct the transferred weights. To this end, wewcephj in Equation6.2 by

boj = boj bIM+ b™" for 1 j 1, (6.3)
where
b= argmin k b! ky; 8t (6.4)
(bk;by)

is the blendshape weight combination with the minimum Eledin norm over alf target frames
and b™" has the same meaning for the dubbing sequence. We obseatetthithcorrection step
signi cantly improved the quality of the expression tramsbetween different individuals. Note
that the corrected weights,.;, 1 j | may lie outside the blendshape weight range. In practice,
some weights were just slightly off the bounds, and theesfiirdid not cause any visible artifact
when transferring the dubber's mouth motion to the actomédleless, the corrected weights could
be clamped in the randé; 1] for consistency to allow animation artists to further attez mouth
motion, if desired.

6.5 Detail Synthesis

We add ne-scale skin detail to the synthesized target mebtieby assuming that wrinkles and
folds are correlated to the underlying facial expressiohictvin turn correlate to the blendshape
weights. Detail in the top part & is not in uenced by the blendshape weight transfer and cas th
be assumed identical to that of the captured m@shDetail in the mouth region, on the other hand,
changes under the effect of the new blendshape weights asichmsynthesized appropriately. This
detail has to be actor-speci ¢ and will be generated by isaiching for similar expressions in the
captured target sequence and then transferring the hégfadncy detail layer from the retrieved
target geometries.

6.5.1 Target Frame Retrieval: Energy Formulation

We wish to retrieve a captured target memﬂ"ft) with a similar mouth expression and motion as
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target sequence that corresponds to the current inisethe synthesized sequence. To this end, we
look for similarities in the blendshape weights that drikle mouth motion of the mesh sequences
M!andM..

Letb;, 1 j |, denote the set of blendshape weights that are responsibtaef mouth motion,
as identi ed in Sectior6.4.2 Then we can represent the synthesized mouth expressioinaamhe

>
t by the blendshape weight vectBf = b;;l;:::;b;;I and the synthesized sequence of mouth

can be formulated as:

min E B;;Bs , (6.5)
(i(2);5i(F))
whereE denotes a multi-objective function that measures the aiitylof blendshape weights along
with their change over time, and the adjacency of framegridesd as follows.

Blendshape Weight Distance The similarity between a target and a synthesized mouthesxpr
sion is computed as the norm of their difference. The indekt) of the target mesh, that is closest
to the current synthetic mesh at framdas to minimize

db(B;B)= B B, . (6.6)

This distance measure is based on the assumption that, fegragerson, face meshes with similar
expression, and thus underlying blendshape weights, tianersskin detail.

Motion Distance  To regularize the retrieval, we consider the change in esgiwa over time, i. e.,
the difference between consecutive blendshape weRjhtsandB'. Given the expression change
fromt 1 tot in the synthesized sequence, we enforce that the curregitigwed blendshape
weightsBiT(t) must undergo a similar change w.r. t. the previously reeiamiieweightsBiT(t Y In other
words,i(t) andi(t 1) have to minimize

(el VA0 B = @ B0 @ e, ©7)

This measure assumes that similar changes in expressioceirsimilar changes in skin detail. It is
important to remark that the retrieved indidés 1) andi(t) do not have to be consecutive in the
original target sequence, since the search is global.

Frame Distance  Strong transitions in the retrieved detail are more likéiyti 1) andi(t) lie far
apart in the original target sequence. To enforce smootdlying detail, the temporal distance of
the retrieved neighboring indices is penalized as follows:

d(i(t 1)i(1)=1 exp(j it 1) i®)j) . (6.8)
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retrieved
indices

target
candidate

Figure 6.4: Shortest path in a graph of candidate indices.

This measure assumes that the captured facial detailss#-blp frames are more similar than those
of distant frames.

6.5.2 Target Frame Retrieval: Energy Optimization

The optimal global rearrangement of target indices is tlend by minimizing the energy in Equa-
tion 6.5, which is the weighted sum of the three distances over atidés

f ) f ) ) f
E BiiBs = W do(BY:BY + Wi dn(B V:BMW:BLLBY + wi § (it 1):i(t)) |
t=1 =1 =1
(6.9)
wherewy, Wy, andws control the in uence of each term.

A greedy approach could nd the unknown indices sequentiayl progressively retrieving the cur-

could be obtained by nding the shortest path in a weightedaled graph where each node repre-
sents a target index and each edge is weighted by the distdaseribed above (see Figrd). A
solution can be found using Dijkstra's algorithm, but sirtice starting node is unknown, its com-
plexity isO( f3) in the number of frames, which prohibits its use for long semes. Instead, we can
resort to methods based on hyper-heuristitisrke et al. 201pto arrive at an approximate solution
that lies provably close to the global optimum. Hyper-hglics are automated methods for select-
ing or generating local search operators to solve a hard ic@atubial problem Burke etal. 201B

In our particular implementation, we de ne three local aders which independently minimize
the three terms in Equatiof9, as well as a fourth operator that randomly disrupts thel lopt-
mum at a random index location. The latter ensures that tgwitim can explore new solutions,
avoiding stagnation in local minima. To guide the searchtlfier optimal solution, we de ne a
hyper-heuristic approach that adaptively selects thesedperators by reinforcement learning, as
originally proposed inGarrido and Castro 20].2

Blendshape models can be overcomplete and multiple blapdsbombinations may produce the
same expression. We observed that different actors camsectistinct blendshapes when uttering
the same words. As a consequence, facial expressions damootnpared reliably using a distance
between blendshape weights. This problem was overcome tigrimeng Principal Component
Analysis (PCA) on our blendshape model and replacing thedsleape weights in Equatién9 by
the set of PCA weights that explains 99% of the mouth motionteNhat PCA does not change
the face model; it only removes redundancy to make the fragtréeval more accurate. In the
motion transfer step in Sectigh4, however, a blendshape representation is still preferirzks
the dimensions are spatially localized and easier to intérfhewis etal. 2014 This provides
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@) (b) () (d) (€) (f)

Figure 6.5: Motion transfer and detail synthesis for the example of Figure 6.1. The facial performances
of the actor (a) and the dubber (b) are captured, and the estimated mouth-related blendshape weights are
transferred from the dubber to the actor, in this case making the actor open his mouth (c). Fine-scale facial
detail from the captured mesh in the current frame (d) and detail from the captured mesh in the retrieved
frame (e) are combined to produce a detailed synthetic mesh (f).

an extra level of control to the user who can globally scatehlilendshape curves to modify the
expressiveness. An example is illustrated in the suppléangrideo at the project websfte

6.5.3 Analysis of Energy Terms and Parameter Tuning

To quantify the in uence of the energy terms in Equatt, we compared several retrieval results
obtained with different values for the weights, wy,, andw;. To this end, a control sequence was
also recorded for the experiment of Fig, in which the target actor is reading an English dub-
bing transcript under target conditions. The target androbsequences thus depict the same actor
reciting the same dialog, both in German and in English. Basethe English audio, we selected
the corresponding words in the dubbing sequence and ca#gulence which had a comparable
timing, and identi ed 142 frames in which the visual uttecarof the actor was identical to that of
the dubber.

These 142 control frames were compared to the frames thatmiieved by our method from the
German target sequence. If our frame retrieval is sucdeghkti control frame and the retrieved
target frame should depict the same utterance and look wmilas As a similarity measure, we
used the average PSNR over all 142 frames. Small differendbe actor's pose were accounted
for by warping the faces to a common reference pose. Retgebie closest frames in timevg=
Wm = 0) was least successful with an average PSNR of 2iB. Retrieval purely based on the
similarity of the PCA weightswm= w;= 0) was more successful (28dB), while adding the motion
distance (28 dB) and the frame distance (B&IB) increased the similarity further. By using cross
validation over a discrete set of parameters, we attaineddst results by using the combination
Wp = 1, Wy = 10 andws = 1000, which was utilized in all of our experiments. Note tiet control
frames were not directly compared to our nal synthesize@gdes, since the rendering and the
compositing can affect the PSNR adversely.

6.5.4 Detail Transfer

Once a sequence of target indices has been retrieved, vaéetraime skin detail of the retrieved tar-
get mesH\/IT'(t) to the current synthesized megll. The detail is added as a per-vertex displacement

2http://gvv.mpi-inf.mpg.de/projectsNisuaIDubbing/
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Figure 6.6: Speech alignment. Lip closure (right) is enforced to improve audio-visual quality of the trans-
ferred mouth motion (left).

expressed in the local vertex coordinate frame. We onlysfemew detail in the in uence region
of the mouth, given by the mask of Figuée3 (a). Outside this region we preserve the original
detail of the captured medi!. At the mask boundary, we ensure a smooth transition betivein
detall layers using alpha blending.

Despite temporal regularization, the retrieved indicey stdl introduce slight jumps in the trans-
ferred detail (only the original ordering of target indiggeduces smooth detail over time, but does
not resemble the dubbing performance). Thus, we temposatigoth out the transferred detail
layer by Itering the displacements in a sliding Gaussiandaw of 5 frames. The detail transfer is
illustrated in Figures.5.

6.6 Speech Alignment

We improve the synchronization of the lip motion and the dubhudio by modifying the blend-
shape weights to enforce lip closures where needed. Tondieteithe precise time instances of
visually salient speech gestures, we analyze the audioeofitibbing sequence independently of
the video stream. Since the content of the utterances spmkéine dubber is known, the audio
was segmented into phonetic units using an automatic sgeeognizer in forced-alignment mode
[Young etal. 2008 In the resulting phonetic segmentation, lip closure ¢évane aligned by analyz-
ing all instances of bilabial consonants /p/, /b/, and /mimkny cases, the automatically determined
segment boundaries are suf cient, but where reverberatidrackground noise in the recording af-
fects the reliability of the automatic segmentation, tpeclosure intervals were manually corrected
using visual and acoustic cues in the phonetic analysisadétPraatBoersma and Weenink 20D1
The output is a sequence of time intervals associated wittpakch-related lip closure events in
the video sequences, at a precision far higher than can evadhwhen analyzing only the dubber
video footage.

The detected intervals are used to improve the timing oblzlaconsonants in the synthesized
video by forcing the blendshape weights responsible foclgsure to zero. To avoid jerky mo-

tion, enforcement is done in a small Gaussian window ceditareund the detected intervals (see
Figure6.6).
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6.7 Rendering and Compositing

The synthesized meshes are rendered into the target casiegathe estimated scene lighting and
a per-vertex estimate of the skin re ectance. In the lagi,4t&e mouth cavity and the teeth are then
rendered and combined to produce the nal composite.

6.7.1 Rendering the Synthesized Geometry

Although complex light transport mechanisms (e. g., sucbuissurface scattering) in uence the
perceived skin color, we assume pure Lambertian skin ramm, which is suf cient under most
conditions. To this end, we use the following formulatiorttoé rendering equation:

A
B(v;w) = c(v) WL(V; w)V (v) maxw n(v);0)dw , (6.10)

whereB(v; w) is the irradiance at vertex2 R3 from an incoming light directionv sampled on the
hemispheran, ¢ 2 R3 denotes the skin albedo at vertexn 2 R3 represents the surface normal at
vertexv, andV 2 f 0; 1g is the vertex visibility (please refer to Secti@r.2for further details).

As mentioned in Sectiof.4.1, the monocular performance capture method presented ipt&tia
estimates a coarse, piece-wise constant albedo of theésagitor albedo, as well as the scene light-
ingL 2 R in the target scene (here represented as white illuminatidowever, the coarse albedo is
insuf cient for a convincing rendering of the actor and weu@e a per-vertex albedr{v) instead.
We estimate the dense skin albedo by projecting each vertéxhe captured meshi! into the
target framd! and assigning the intensity 8(v; w) in Equation6.10. Dividing the irradiance by
the integral on the right then gives us an estimate@f. We can then render the synthetic mesh by
solving the rendering equation for each vertevf

If the dense albedo is estimated for each frame indeperydé@mtiay suffer from small imprecisions
in the captured face geometry and lead to undesirable ityestgnges in the rendered images. To
avoid this, we assume that the albedo is constant over tichestimate a single value in each vertex
via a least squares t over all captured meshes. To improetiampsampling, albedo computation
and rendering are performed on upsampled versions of tkenfi@shesn(= 200000).

6.7.2 Teeth, Inner Mouth and Final Composite

As illustrated in Figures.7 (d) the rendered face lacks teeth and a mouth cavity. For piperu
and lower teeth, we create a 3D teeth proxy consisting of tilleolards that are attached to the
blendshape model (see Fige (a)) and move in accordance with the face under the control of
the blendshape weights. The billboards are colored witlaticgexture (see Figure.7 (c)) of the
target frame in which the teeth are visible. The inner mostbreated by warping a single image
of the mouth cavity (see Figui&7 (b)) using the facial landmarks obtained from the syntheskiz
facial performance. The brightness of the teeth and innertimis uniformly adjusted according to
the degree of mouth opening to create a realistic shadiegteff

The warped inner mouth, rendered teeth and synthetic fayesslaare sequentially rendered and
blended in with the target image by feathering around thenBaties to assure a smooth transition,
as shown in Figuré.7 (e). We only blend the synthesized face inside the projecaifdhe mask of
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(@) (b) (©) (d) ()

Figure 6.7: Rendering and compositing. The textured 3D teeth proxy is anchored to the blendshape model
to simulate the opening/closing (a). The inner mouth (b), the upper and lower teeth billboards proxies (c),
and the synthesized face (d) are rendered on top of each other to produce the nal composite (e).

Figure6.3(a), while preserving the original face elsewhere. Theltésthe synthesized sequence
IL.

6.8 Experiments

We applied our method to three target sequences of Gerneakisiy actors recorded under con-
stant, unknown illumination. A dubbing studitranslated the original German scripts and recorded
anew English language track for each sequence using a pi@iesdubber. The dubber was Imed

in the studio with the setup of Figu6el. The central camera is used for performance capture, while
the two satellite cameras are only used for the 3D recortgiruneeded for the blendshape creation.
All videos where shot with an SLR camera at 25 fps in HD qualilye German audio was recorded
with a USB microphone and the English audio with the dubbingis equipment.

As the dubbing results reported in this section contain@adntent, the reader is strongly advised
to watch the supplemental video at the project websiBesides, relevant comparisons described
in Section6.8.2are also better appreciated in video.

6.8.1 Results

Figure 6.8 presents our result attained on the rst sequence for attag®r reciting a dialog
of a movie in German. This sequence i§ Inin long and the actor remained mostly still while
speaking, which illustrates the quality that our method aemieve in ideal conditions. The upper
row in the gure shows example frames from the target segeiewbereas the middle row shows
the corresponding frames from the English dubber sequehbese are assumed to be correctly
aligned in time such that the English and German sentenatapv As most professional dubbing
studios record single sentences in separate takes, tisrant had to be performed manually (only
at the beginning of the takes). The bottom row of the gurevghithe corresponding synthesized
results. The mouth motion, the actor appearance, and théhrimgarior are plausibly synthesized.
The supplementary video available at the project websitbdu demonstrates that the synthesized
mouth motion matches the dubbed audio track well.

SSPEEECH Audiolingual Labsyww.speeech.de
4http://gw.mpi-im‘.mpg.de/projectsNisuaIDubbing/
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Figure 6.8: Dubbing results - rst sequence showing an actor reciting a p assage of a movie. Top to bottom
row: Target actor, dubber and synthesized result.

Figure 6.9: Dubbing results - second sequence depicting a scene of a passion play. Top to bottom row:
Target actor, dubber and synthesized result.
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Figure 6.10: Dubbing results - third sequence showing an actor being interviewed. Top to bottom row:
Target actor, dubber and synthesized result.

Another result obtained on a second sequence for a difféaeget actor performing a scene of a
passion play can be seen in Fig@®. This sequence is challenging due to the fast head motion
and the expressive facial gestures. The gure shows thatéhhemouth motion and appearance are
plausibly generated and much of the emotional content isgoved, which demonstrates that our
method is capable of dealing with fast and expressive motinally, Figure6.10shows a third
sequence where the same actor is answering questions frorteariewer. This video attempts to
simulate a television interview where the spoken lines pomtaneous and not scripted beforehand.
Also for this result, the expressions of the actor, inclgdiaughter and pondering gestures, are
preserved well.

6.8.2 Validations

User Study  We conducted a web-based user study in which we asked ugbraminderstanding
knowledge of English to compare the results shown in Figargs5.10with those obtained using
traditional dubbing. Note that the comparison was done bidside in a random order. The
traditionally dubbed results were provided by the same hgbbtudio that recorded the dubbing
actor and dubbed the German language track into EnglishseTvideos were generated by taking
the original German target videos, removing the originaliauand adding the dubbed language
track in English. Note that the dubbed language track wabduraltered (i. e., manually time-
shifted and skewed) by one of the experts in the dubbingstiodimprove the overall audio-visual
alignment, thus creating high-quality professional visl§aease refer to the second supplementary
video at the project website for these results). The resoliesponding to the same sequence were
equally long and their lengths, as well as other featureduding the amount of head motion is
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Table 6.1: User study. Length and main features of the sequences used in the survey.

Sequence | length (seconds) head motion| head orientation

Movie dialog (Figure5.8) 30 negligible frontal
Passion play (Figur6.9) 20 strong/fast | frontal/non-frontal
Interview (Figure6.10 30 mild mostly non-frontal

described in Tablé.1

To quantify the quality of the dubbing, in the webpage wedchital to the results a questionnaire
that evaluated the overall audio-visual experience, tholy overall viewing discomfort and how

natural the video-audio combination was perceived by tlee. LiBo be more precise, we included
a Likert scale that ranged from 0 to 5, where 0 means a reatlyolarall visual-audio experience,

whereas 5 means a very good experience. To collect somgtisaabout the user preference, we
also asked the users to give their preference for one of theapproaches. An optional comment
box was also included. The web-based user study was sentgard&ipants from different places

around the world, including countries were dubbing is a camrractice (Germany and France)
and also countries were it is not (UK, USA and Chile).

Table6.2summarizes the overall scores assigned to each sequemasd| as user preferences. Over
all three sequences, traditional dubbing received an geeseore of 2, while our visual dubbing
system received a score of72 Overall, 35% of the respondents said they felt more coiaite
watching the visually modi ed video. These scores seem lbwish but actually indicate a big step
ahead in solving this extremely dif cult problem. The humeye is tuned to the slightest visual
artifact in a rendered face and it is very hard for an autamsatstem to produce visually plausible
results that do not fall in the uncanny valley, especiallaiside-by-side comparison against real
video. Despite the professional quality, traditional dalglwas not favored by everyone. In fact, the
visually modi ed result of Figures.8 was preferred by 47% of the users and we believe this shows
considerable progress towards a system that can replaied gacformances in video. The same
result received an absolute score of,2vhich is only slightly less than the@2score of traditional
dubbing. Overall, the result shown in FiguselOreceived the highest score a3

We additionally performed the ANOVA F-test to nd the staiisl signi cance of the scores ob-
tained in the user study. The p-values wer®:4, 0:001, and @06 for the results of Figuré.8,
Figure6.9, Figure6.10, respectively. This means that two out of three experimeetg statistically
signi cant, as their p-value falls below.@1, i. e., the random sampling error in the user study is less
than 1%. The high p-value of the experiment related to theltre$ Figure6.8 can be ascribed to
the high standard deviations and the tied scores compatbd tihers, meaning that more samples
would be needed to have conclusive statistics. HoweveraeMe that the scores for this sequence
illustrate a trend towards equal appreciation of our resaifid those of the studio. In general, the
variability of the scores can be explained by two main dadténat the users found very relevant:
lip-sync and expressiveness/realism. Some survey resptmgreferred good lip-sync to out-of-
sync expressive faces, but also the other way round. Sonme @bimments left by the participants
include: “Sometimes exaggerated expression is bettenptéd for the videos where the sound-
image synchronization was better”, “In my opinion, it is fuét about making the mouth move in
line with the audio”, “| feel that the synchronization byatsalways looked very good”.
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Table 6.2: User study. Scores given by the survey respondents to the results obtained by traditional dubbing
and our approach, as well as their overall preference.

Traditional dubbing Our approach

Score Preference Score Preferenc
Movie dialog (Figures.8) | 229 1.2 53% 27 11 47%
Passion play (Figur6.9) | 3.0 1.2 73% 2.3 09 27%
Interview (Figure6.10 | 3.6 1.1 70% 30 09 30%
Overall 32 12 65% 2.7 1.0 35%

Sequence

117

Figure 6.11: Renderings with (left) and without synthesized skin details (right). Without added detail the
face looks over smoothed, and therefore non-realistic.

Rendering  Figure6.11demonstrates the importance of facial detail synthesiglfoto-realistic
rendering by comparing our result with a system that rentte¥dace using a blendshape model
without ne-scale detail. This corresponds to facial regaent/reenactment techniques that use a
coarse 3D parametric model without a detail layeale etal. 2011 Thies etal. 201 Compared

to the proposed method, important skin features, such aplemnare hardly visible without a
geometric detail layer and realistic shading effects orctiie and upper lip are also missing. The
supplementary video at the project website also compatesative strategies to create the inner
mouth, showing that the proposed compositing based onpleuliyers achieves the best results.

Comparison to Image-based Methods To demonstrate that our 3D model-based approach out-
performs 2D image-based approaches, we compare the ptbpeaal dubbing approach to a
modi ed version which does not produce the nal compositgsréndering a synthesized 3D ge-
ometry, but by reordering the frames of the target actor hed aipplying non-rigid 2D warping, as
presented in Chaptdr Such a method is then similar to a purely image-based tgahniike Video
Rewrite Bregler etal. 199]7 but with better image warping. The method presented inp@hdl,
however, creates a new synthesized sequence with a faciatrpance that is close to that of the
dubber, but it warps the actor into the dubbing sequenceéeédsof the original target sequence)
and mixes the identities of the dubber and the actor, whicloisuitable for the dubbing scenario
described in this chapter.

We can design an image-based approach that is suitablesfscémario at hand by retrieving target
frames in the actor sequence that match the dubber's expmegsee Sectioh.4for further details),

but warping the face region of the retrieved target frameX lozto the original target sequence. To
assist the warping, we use the synthesized facial landntlagksre provided by the motion transfer
step in Sectior®.4. These landmarks correspond to the actor's face in thettaeggience, but move

in accordance to the dubber's speech. For the shape/texaupng, we can use the same non-rigid
2D mapping described in Sectigh5. The resulting strategy is image-based and ensures that the
mouth motion in the warped frames moves in pace with the disobeuth motion while being
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Figure 6.12: Final composite using the proposed model-based approach (top), nal composite obtained by
the image-based approach (middle), and the corresponding frames from the dubbing sequence (bottom).

correctly aligned to the actor's face in the original targetjuence.

Figure6.12shows some of the results obtained by our visual dubbingoggprand by the image-
based approach on the sequence of Figuge Note that the image-based approach replaces the
complete inner face, while the proposed method only repldlce lower part of the face. The
image-based results can suffer from ghosting artifacisd(ttolumn), may not always be in pace
with the dubber's performance (second and fth column), amaly even struggle with strong head
motion as a result of unrealistic face warping (third coldmnhese and other issues, such as the
temporal alignment of the mouth region and the temporalluésa, can more clearly be seen in
the supplementary video at the project website. This detraies that our model-based approach
produces synthesized sequences of overall higher qualigrins of the spatio-temporal resolution
and can deal well with challenging sequences that exhilitfiad strong head motion, where image-
based approaches normally have trouble.

6.9 Discussion and Limitations

The proposed approach takes a notable step ahead overywrdaimal expression transfer or fa-
cial video modi cation approaches. Unlike video rewrirggler etal. 199For model-based re-
placement methods that mix identiti€g3dle etal. 201], we can synthesize results when target and
dubbing actor aréifferent which is essential for any practical application. The ulsarpaccurate
parametric face model, along with detailed lighting andedtiinformation enables photo-realistic
synthesis of face appearance, even on long videos with ratedeut-of-plane head motion. As
shown in the experiments, the proposed 3D model-basedthesis approach bears several ad-
vantages over purely or model-assisted image-based nsetked Chaptef), which often exhibit
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ghosting artifacts or temporal aliasing, merely show fssulthout compositing, and can only han-
dle marginal out-of-plane head motion, as already discLiss8ection3.5.2

Our visual dubbing approach also takes a big step towardisgeasd streamlining the work ow of
traditional dubbing: We no longer require a translationhaf original text that (perfectly) matches
the visual utterances in the target video on a viseme leveteSve resynthesize the mouth motion
entirely, the translation can be more free. Furthermore pttoposed method relies on very little
manual preprocessing, most notably the creation of thedsleape model and teeth proxy (see
further discussion below); otherwise, it is fully autonsatind can be integrated into an industrial
pipeline.

Since the proposed method is the rst step towards solvingallenging goal, it has several limi-
tations. First, a static 3D reconstruction of the actortsefés required to build a coarse personal-
ized blendshape model, but it may not always be availablevery actor, especially from vintage
movies. Automatic reconstruction of blendshape modelmfuideo is rst addressed in Chap-
ter 7, and further extended in Chapt@rby learning from the captured data personalized, fully-
controllable face rigs that can synthesize person-spapifiressions and ne-scale skin details.

Regarding the mouth motion transfer step, even though thy@oged approach corrects the motion
curves transferred to the actor's model to account for difiees in identity (face shape), it still
imposes the dubber's idiosyncrasies onto the target a@sulting in synthesized sequences that
re ect the characteristics of the dubber rather than of thgirmal actor. For instance, in the tracked
sequences we measured an asymmetry in the blendshapesnaditiieé dubber as part of his natural
way of speaking and this asymmetry was reproduced in the §olease refer to the result of
Figure 6.8 in the supplementary video available at the project wepsitéhis problem was also
reported in Theobald etal. 2009 Even more sophisticated expression cloning methodsrétat
on model-speci ¢ priors to constraint the range of plausibkpressionsJeol et al. 201Pwould

still transfer dubber characteristics if no direct confiroim a user is provided. To deal with this
problem, certain aspects and weights could be manuallyated to achieve the desired amount of
expressiveness, but this may require certain user expeikernatively, differences between the
two actors could be learned in order to achieve a certaie $sde SectioB.4.2for more details);
however, this requires source and target training exampitssemantically similar expressions.
In Chapter8, we tackle this problem by learning a face rig that couplesege blendshapes to
detailed reconstructions to generate person-speci c sslugpails and expressions. This way, new
performances thaireserve actor's characteristiagould be synthesized by just transferring standard
blendshapes captured from the dubber's performance.

As mentioned in SectioB.4.1 the monocular face capture approach presented in Chapter-
forms an out-of-space blendshape deformation to impragarakent. However, this correction step
simultaneously improves expression, shape and rigid @ikeolupled together); therefore, the cor-
rective deformation eld cannot be directly applied for eggsion transfer nor can it be used for
aligning the synthesized faces. Hence, such alignmentsismot employed for transfer, but could
certainly help produce higher delity results. In Chapt@¢s8, we propose a multilayer parametric
model that can effectively decouple rigid pose from perspeei ¢ deformations, and also a face
rig that automatically generates such deformations froendidhape weights, as mentioned above.
We feel con dent that such improvements will contribute ttaming better results in this dubbing
scenario.

For the application at hand only the mouth region is replaaed not the full facial expression,
which may not convey all of the visual information in the spieeFor plausible results, the dubber
is expected to play the same routine as the actor with siraifastional content, which is mostly
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ful lled in practice. However, there may be facial regionfieve a match between the new mouth
motion and the original video is challenged, e. g., the laiypour results does not move according
to the dubbed audio.

We only detect lip closure and opening events from the audiokt As audio cues provide a
precision far higher than video only, more complex inforimat such as triphones or alike could be
extracted and used to train for instance a hidden Markov hjddhelerson etal. 2013&8rand 1999.
This may further improve results. Furthermore, we computeaeerage albedo, which can be
blurred if the correspondences given by the monocular &maeke not accurate over time. The
current lighting model may be challenged in scenes witmstrand sudden light changes, and the
current monocular tracking may fail in extreme facial pogeg., completely lateral views. In this
chapter, a simple approach that uses a textured teeth psgpgoposed for synthesizing part of
the mouth interior, but the rendered teeth may not alwayk tealistic. Some of the limitations
mentioned above, especially regarding the digitizatiotheimouth cavity, will be further discussed
in ChapterlO.

6.10 Summary

In this chapter, we have presented one of the rst automaligtions for transferring expressions
between two different real-life actors and rendering pfretistic, plausible mouth motion in an
existing video that visually correlates to a dubbed audiokiin a different language. The approach
is based on highly detailed monocular 3D face reconstmctie well as lighting and albedo estima-
tion. New 3D mouth performances are synthesized by usingvgoaeameter-based motion transfer
step between dubbing and target actor, and a space-tinievaétmethod that synthesizes plausi-
ble high-frequency shape detail. The synthesized redalthjding the interior of the mouth, are
photo-realistically rendered and attention is paid to gprasynchronization of the mouth motion
with salient utterances in the audio track. Resynthesifdo@l motion at video quality is extremely
challenging as our perception is attuned to the slightestaaracies. Qualitative comparisons and a
user study conducted on several individuals from diffecnintries have shown that the proposed
method can create plausible results and that we have takienpamtant step towards solving this
challenging problem.

The algorithms proposed thus far have shown promising tesuteal-life scenarios and advance
the state of the art in monocular face capture and videoebediing in semi-controlled monocu-
lar setups (i. e., monocular cameras with known intrinsiod available 3D reconstruction of the
actor's face). The reconstructed models still lack an tivieiparametrization of person-speci c
expressions and details to allow digital artists to perfaiwanced animation and editing tasks at
much higher granularity. Digitization of photo-realistfally-controllable and highly-personalized
3D face avatars in unconstrained monocular setups at mgtiehdegrees of detail and personal-
ized control is addressed next in Chaptéand also in Chaptes).



Chapter 7

Multilayer Model-based Face
Capture in Unconstrained
Setups

Figure 7.1: Result obtained by the proposed approach on a video downloaded from YouTube. Top: Input
video (https://youtu.be/d-VaUaTF3_k). Bottom: Reconstructed high-quality, personalized 3D model that
captures: Coarse-scale face geometry and expressions, medium-scale person-speci ¢ idiosyncrasies, and
ne-scale skin detail — all directly from monocular video.

Chapterss—6 presented robust model-based methods for capturing ansfeérang detailed facial
performances. These methods, however, are unable to tEaékc@s in completely unconstrained
2D videos (e. g., vintage footage), and estimate/paranegherson-speci ¢ mid-scale deformations.
This chapter presents a fully automatic multilayer modeddal approach for capturing arbitrary
performances at multiple levels of details from 2D videdwinknown camera and lighting setups
where we do not have access to the actor's face geometryjmtegnet videos (see Figurel). The
method and results presented in this chapter are basedaorido etal. 2016a
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7.1 Introduction

Creating photo-realistic face animations of virtual astiormovies and games is a very challenging
task, since human perception is attuned to detecting eveil Braccuracies in facial appearance
and expression. Hence, animation artists strive to coctsénod animate high-quality controllable
3D models (or face rigs), especially when photorealismeésgibal. The animation process often re-
quires a 3D face scan of the actor, as well as detailed blepésicaptured in complex setups, which
are normally retouched and then manually combined by st simplify this complex pipeline,
researchers have developed different face capture methaas attempt to automatize most of
its steps (see details in SectiBrl). Some methods can track detailed blendshape models, while
others can reconstruct detailed dynamic face geometry ppelaaance from scratch, using either
complex scanning systems or multiview camera setups uetératled illumination (Sectio.1.1).
Recently, performance capture methods have further beended to work with RGB-D sensors
(Section3.1.2 or even just RGB video Imed under general conditions (8et8.1.3.

Despite the high-level of detail and tracking accuracy esdd by monocular approaches, most
of them assume certain knowledge about the scene or req@e reeutral model of the actor's
face. Besides, they neither estimate nor parametrize paiized mid-scale deformations, such as
person-speci ¢ smiles, nose shapes, etc. Capturing sufdrndations not only contributes to a
better tracking, but also help decouple ne-scale trartgiietails from true facial motion. This will
be quite bene cial when learning and especially editingefags, as demonstrated in Chaper

In view of the current limitations, this chapter introdu@esovel multilayer model-based approach
for capturing fully parametrized 3D models from unconsteai performances where no knowledge
about the scene is given, e. g., arbitrary videos downlofdedthe Internet. At the heart of this ap-
proach is a new parametric face prior that jointly encodasigible appearance and shape changes.
The appearance is modeled assuming Lambertian re ectavioereas the shape is encoded by a
subspace of facial identity, person-speci ¢ expressionatimn and dynamics, and ne-scale skin
detail formation. Contrary to the method presented in Givdpthat focuses on acquiring accurate
3D face geometry without detailed personalization, wewapa detailed parametric 3D face model
which is gradually re ned at multiple layers to model the sipes of a person. At the coarsest layer,
shape identity is parametrized using a principal componmauel and facial expressions are repre-
sented with a generic blendshape model. Person-specosydicrasies in expression and identity
not modeled in this generic space are captured by a secoad Uaing medium-scale corrective
shapes. A generative ne-scale detail model reconstruated the face surface constitutes the nal
most detailed layer. The parameters of this multilayer rhadepersonalized to an actor's video by
utilizing a new analysis-by-synthesis tting approach écover the coarse and medium layers, as
well as a shading-based re nement approach under genghailg to extract ne-scale detail. The
output of our algorithm is the personalized 3D face modetl@ding all its shape-related parame-
ters), a detailed face albedo map, and an estimate of the $igating and camera's parameters.

The method proposed in this chapter captures detailedpmaized models from arbitrary monoc-
ular video of actors, even from vintage footage, for whiclwauld be impossible to automatically
capture the performance by any other standard means. Ifpisrtemt to stress that our approach
does not require manual intervention during tting as Algxander etal. 201;,0Neise etal. 201]1
nor does it need dense static 3D face geometry captured rprpcessing step-f/ffe etal. 2014
Ichim etal. 2015 Valgaerts etal. 2013b

In summary the main contributions are: 1) A new automatic ehbdsed approach for capturing
detailed personalized models from unconstrained monoeidao, 2) a new multilayer paramet-
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Figure 7.2: Overview. Given an unconstrained monocular video and accurately detected 2D landmarks,
we rst reconstruct a coarse model of the actor (identity and expressions) M€ and also person-speci ¢
medium-scale deformations MM (actor's characteristics) — all based on a novel tting ener gy. Finally, ne-
scale details M F are estimated in a shape-from-shading framework.

ric face representation in shape to reconstruct and repr@i facial surface at different levels
of detail, and 3) a uni ed novel tting approach based on irse rendering that leverages both
color cues and sparse 2D landmarks to reconstruct the fgethetry at the coarse and medium
layer. Qualitative and quantitative results show that outtilayer face capture approach compares
favorably to alternative monocular and multiview methadseirms of reconstruction accuracy (see
Section7.7.2.

7.2 Overview

Note thatT represents the total number of frames. The video can bededondoors, outdoors,
or downloaded from the Internet (e.g., vintage movie or Yaod video); therefore, the scene
information and 3D geometry of the actor's face are gengratknown. To reconstruct the actor's
face shape and appearance in the video, we propose an apphaamverts the image formation
process to model all relevant scene components, includingeca parameters, scene lighting, skin
re ectance and dynamic 3D face geometry parametrized otipleipersonalization layers. This is
performed in three main steps, as follows:

SO Multilayer Personalized 3D Face Prior Creation (Section7.3): We construct an adaptive
parametric 3D face prior that models the complete image dtion process on a simple full
perspective camera projection model, as described in@®e2t2.1 This prior consists of
the camera's intrinsics and extrinsics, the scene lightamgl a multilayer parametric 3D face
model which encodes actor-speci ¢ facial appearance awdngéy, as well as motion on
three different layers: coarse-scale shife medium-scale corrective shapgds?, and ne-
scale skin detaiM F on the wrinkle level. This prior is modeled only once and #sgmeters
are updated to t the observed face in the image.

S1 Coarse- and Medium-scale Layer Reconstruction (Sectioid.4): We rst track a generic
actor model from video by using a novel tracking energy toaitly optimizes for facial

1Refer to Sectiort.3for further details on 2D facial landmark tracking.
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shape, expression and illumination parameters, such thabemetric and feature consis-
tency measure is maximized. In this analysis-by-synthesisess, the camera's parameters
are also estimated. Starting from this initial coarse staoemotion estimati! ©, the quality

of the tis further improved based on linear person-speaiarrectives, thereby yielding a
medium-scale corrective layét™.

S2 Fine-scale Layer Reconstruction (Sectiof7.5): In a nal step, we utilize inverse rendering
to solve for a wrinkle-level detail layev © that optimally agrees with temporal changes in
shading cues observed in the input image sequence.

Section7.6 provides a comprehensive algorithmic description of thédtirstep optimization strat-
egy that was adopted to estimate all the scene parametepeesuhalization layers. The output of
the proposed method is the camera's parameters, the sghiedi and a multilayer personalized
3D face model of the actdvl; = f MtC; Mt'\" X Mth at each framd, 8t, including all extracted shape
parameters in the different layers, as well as an albedo rtdge @ctor's face.

7.3 Multilayer Personalized 3D Face Prior

Our reconstruction process inverts the image formatiorh@é dcene and recovers the camera's
parameters, the scene lighting, and the multilayer faceafrtbdt comprises the actor's appearance,
identity (shape) and expression (deformation) paramefesal identity and expression variation is
parametrized on three different layers, as shown in Figuiiea coarse-scale linear parametrization
of identity and expression, medium-scale corrective shapsed on manifold harmonics and a ne-
scale detail layer at the wrinkle level represented asdt@adeformations. In the following, these
components are explained in more detail.

7.3.1 Camera Parametrization

To project the personalized parametric 3D model onto thegyenwe adopt a standard perspective
pinhole camera model with camera space positi@nR® and orientatiorR 2 SQ(3), where the
world coordinate system is centered@t0; 0]” . Note that the coordinate system of the parametric
3D model is assumed to be aligned with the world space. H&{ee¢= Rv+ t maps a world space
pointv 2 R3 to the camera's local coordinate frame. An image of the pateomodel in 3D world
space is then formed by projecting each surface powiftthe model onto the camera's 2D image
plane, as follows:

K(PC(v))= PC(V) , (7.1)

whereP : R®! R® denotes a non-linear operator in homogeneous coordirtaépeérforms per-
spective projection ané 2 R2S is the matrix containing the camera’s intrinsics paranseter
non-homogeneous coordinates. A more detailed descripfittese operators can be found in Sec-
tion 2.2.1 HenceP : R3! R2 corresponds to the camera's full perspective transfoonatfat
converts a surface point into an image point.

In a pre-processing step, the camera’s full perspectivestoamationP is obtained by estimating
the optimal intrinsic camera parameters. To be more pretieefocal length, rigid-head pose
and the actor-speci ¢ shape parameters are jointly op8Bohizased on the sparse set of accurately
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Figure 7.3: Scene description. A novel multilayer person-speci ¢ mode | is used to parametrize the identity,
facial motion, person-speci c idiosyncrasies and ne-sca le details of the actor's face on monocular video
input. In addition, extrinsic camera parameters and the scene lighting are also extracted.

tracked 2D facial landmarks (see SectB) over the rst 100 frames of the input video sequence.
Note that the principal point is assumed to lie at the imageerefor the sake of simplicity, but

it could also be included in the optimization. However, thigay result in overall less accurate
parameter estimates (please remember that this is alredliiypased problem and more parameters
will add more uncertainty in the estimation).

7.3.2 Lighting and Appearance Model

Here, we assume a puteambertianskin re ectance model as in Chaptess6 and later works
[Ichim etal. 2015 Shi etal. 2014 Suwajanakorn etal. 2014 This is a simpli cation of true skin

re ectance that offers a good trade-off between complesitst quality of the obtained results. Since
the scene is assumed to be purely Lambertian, the globaiiiilation in the scene is represented
using a spherical environment basedspherical harmonic¢SH) basis functions\ltller 1964. In
spirit of Ramamoorthi and Hanraha®001], the rst B= 3 SH bands are used here to represent the
outgoing lighting re ected at a surface point with surfagéentationn and skin albed@. Hence,
the irradiance at that point can be parametrized in termisenillumination coef cientsg of the SH
basis functions, as follows:

2

B
B(nicjg=c¢c & gYn(n) , (7.2)
b=1

where Y,(n) 2 R is theb-th SH basis function evaluated on the surface orientatiand repre-
sents a point-wise multiplication. The irradiance is emmbdsingB? = 9 vector-valued SH illumi-

the irradiance separately for each color channel. Thislea8 9= 27 parameters in the proposed
illumination model. A more detailed description of the ilagrmation model and representation
of the irradiance can be found in Secti®r2.2
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7.3.3 Coarse-scale Identity and Expression Model

The head is represented as a triangle midsk (V;C;G), whereV = fvyglL, is the set ofN
vertices,C = fcng,'}'= 1 Is the set of per-vertex skin albedos, &&d V V denotes the mesh con-
nectivity. In addition, we associate with eagh a normaln,, which is computed based on its
1-ring neighborhood. The mesh's spatial embeddihgnd its per-vertex surface re ectanCeis
parametrized using the statistical head prior of Blanz aete¥ et al. 1999, which encodes the
space of plausible human heads assuming a Gaussian distrilnuthe population. This linear head
model is derived from 200 high-quality scans of Caucasiaudbhg100 males and 100 females) and
compressed in a low-dimensional space ugirigcipal component analysié®CA). Hence, vertex
positionsv, = P3(a) and skin re ectances, = P (b), 8n can be parametrized as follows:

ShapeP3(a) = ag+ EsSsa , (7.3)
Re ectanceP'(b) = a, + E;S;b . (7.4)

Here,as, ar 2 R3N encode the per-vertex shape and re ectance of the averak hespectively.
The shape and re ectance spaces are respectively spannés bgatricesEs 2 RN Ks and E,

2 RN K each containing th&s = K, = 160 rst principal components of the shape and re-
ectance basis functions in their columns. Variations imsé and re ectance are controlled using
the corresponding shape and re ectance paramete?sR¥s andb 2 R, The diagonal matrices

ing to the principal directions. Note that scaling the shape re ectance bases by their standard
deviations guarantees a similar range of variation for thetrol parameters. Normally, we search
for identity parameters in the rand§e3s ;+3s ], 2f a;bg, since this accounts for more than
99% of the variation and allows the model to discard unlikedad shapes and skin re ectances.

This linear shape model is extended to also cover facialesgwns by addindle = 75 delta
blendshapes (i. e., displacements from the rest pose) fed@na combination of th&mily model
[Alexander et al. 201Jcand theFaceWarehousdatabaseQao etal. 2014p

ExpressionP®(a;d) = P%a)+ EeSed (7.5)

where the matridEe 2 R3N Ke contains theK, delta blendshapes in its colummb? [0; 1] denote
the expression weights aigd is a diagonal matrix of empirically determined scale fagtdtote that
the delta blendshapes were transferred to the topologyeddtttistical shape model of Blanz and
Vetter using deformation transfes{imner and Popowi2004. It is also important to remark that
the blendshapes in the Emily model are redundant (i. e.pthie of E¢ are not linearly independent).
As such, we employ a sparsity prior aipas described in Sectioh4.1

7.3.4 Medium-scale Corrective Shapes

The coarse-scale model restricts the facial identity ampilession to &s= K, = 160 andK¢ = 75
dimensional linear subspace, respectively. Variatiofimfpoutside of this low-dimensional sub-
space cannot readily be expressed with the model. Li e8l3§ and Bouaziz et al. 7013
showed that it is bene cial to leave this limited subspacertodel characteristics in physiog-
nomy and expression. In the spirit dBguaziz etal. 201]3 we usemanifold harmonicsfunc-
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tions [Vallet and Lévy 2008Lévy and Zhang 201]@o parametrize a medium-scale 3D deformation
eld:

CorrectivesP(t) = Ect . (7.6)

control of the shape of the deformation eld. Since a full 3Bfarmation eld is required to
control the corrective layer, each deformation coef ci¢pt2 R3 is a vector itself. Note that the
graph harmonics form a spectral basis that generalizebainéer Transformto the mesh domain.
Here,Hy, 8k represent th&. = 80 lowest-frequency eigenvectors of the Laplace Beltrgmerator
Dg computed on the estimated neutral sh&5éa) of the actor's face. We useotanweights
to discretizeDg and obtain a symmetric positive semi-de nite linear operatThe eigenvectors
are ef ciently computed using the band-by-bashift invert spectral transfortnas suggested in
[Lévy and Zhang 20L0vallet and Lévy 2008 Note that the lowest-frequency eigenvecttrhas
zero eigenvalue and therefore the rst three columnigofvill just represent a global 3D translation
in P€. In view of this,H; was discarded from the spectral basis Having estimated the correctives
parametersg, we can then apply the resulting 3D deformation eld on veteel, i. e.,v,+ PS(t),
wherev, = P&(a;d), 8nis a vertex of the coarse-scale mobiet. Applying such deformation eld
then results in a medium-scale motieM.

Note that Bouaziz et al2D13 infer correctives based on RGB-D data, while the proposethod
robustly estimates them from RGB video alone (see Segtidrl). It is important to remark that
the recent method of Ichim et ak(15 does not estimate correctives from RGB video but modify
the blendshapes themselves during tracking; however,ntestion that capturing full correctives,
as proposed here, will lead to better model personalizabahat the expense of a more involved
optimization.

7.3.5 Fine-scale Detail Layer

Correctives are well suited to capture medium-scale degaibtions among individuals, but lack
the ability to represent static and transient ne-scaldemdr detail, such as wrinkles and folds. To al-
leviate this problem, we make use of an additional per-xadigplacement eld to account for such
effects. These ne-scale deformations are encoded in thdigmt domain based on deformation
gradients fumner and Popowi2004, which capture the non-translational surface defornmati-
cluding rotation, scale and shear.

Let 90), respectivelyi(), 8i 2 f 1;2;3g be three 3D vertices of a triangle in the medium-saalé

and ne-scaleM F mesh, andh, fi their corresponding medium-scale and ne-scale surfacmats.
Then, the 3 3 af ne deformation gradien between the triangle faces of the two meshes is given
as the solution of the following linear system:

A (9@ ¢0:9@ ¢y = (@ §O.50  §O:q) (7.7)

Since rotation, scale and shear are inherently coupleaipéhface deformation gradierita jgf: 1
whereld is the number of triangles in the mesh, this representatims ot allow for direct linear
interpolation. We use polar decompositidligham 198§ to decompose the af ne matrices; =
Q;S; into their rotationQ; and shealS; components, and parametrigg based on the matrix
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exponential (3 parametershlexa 2003. From S; we extract the scaling factors (3 parameters)
and the skewing factors (3 parameters), which represerdcile and parallel distortion along the
coordinate axes, respectively. In total, this leads to @upaters per triangle, each allowing for
simple direct linear interpolation. These per-face regmégtions are stacked in a feature vector
p 2 R¥, which is used for parametrization and interpolation ofate detail of the ne-scale layer.
As it will be shown in Chapte8, such representation is very convenient for learning ame:igging
ne-scale skin details of an actor's face rig.

7.4 Coarse- and Medium-scale Layer Reconstruction

For a given vided= = ( f;)-, of T image framesf;, the goal is to nd the coarse- and medium-
scale parameters of our personalized parametric 3D modeb#st explain the observed face in
the scene. For the problem at hand, the recovery of the rigidl Ipos€R;t), the illuminationg,
and the coarsé€a;b;d) and medium-scale parametdrss expressed as an energy minimization
problem, described as follows.

7.4.1 Energy Minimization

The model parameted$ = (R;t;a;b;g,d:t) in SA3) R® RKs RK R3 RK R3K gre
estimated based on amalysis-by-synthesepproach that maximizes the similarity between a syn-
thetically generated image of the head and an input RGB fr@mdhis is formulated as a con-
strained multi-objective optimization problem:

h i
X = argxmin Edata(X) + Eprior(a;b;g;d;t) , (7.8)

st::0 d 1. (7.9)

The data objectivé&yaa measures the photo-consistency and facial feature alighofiehe synthet-
ically generated image w.r.t. the input frarfie Epyior is a statistical prior that takes into account
the likelihood of the identity and expression estimatebakconstraint is imposed on the expres-
sion parameterd to keep them in the rand@;1]. To make the optimization more tractable, the
hardboxconstraint on the expression parameters in Equatiéiis relaxed and modeled as a soft-
constraintEyoung directly in the reconstruction enerdiyqia (See Equatiorr.10below). This leads
to the following unconstrained non-linear optimizatiomiplem:

h [
X = argxminl Edata(X) + Eprior(a;{b;g; d;t)+ Ebouno(d)} . (7.10)
4

Etotal (X)

Data Objective  The data term measures how well the personalized 3D mod&iegghe input
frame f;. To this end, we consider a photo-consistency meaSpg, as well as the alignment to
salient facial features pointseature

Edata(X) = WtEteaturd X) + WpEphotd X) - (7.11)
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The weightswt andwy, control the relative importance of these two objectivesotBitonsistency
is measured on a per-vertex level. At verfgx= P5(a;d)+ PS(t), with associated re ectance
¢, = PY(b) and normalfi, that depends on the same parameters, it compares the sodiace
B(Mn;cn j g) synthesized according to the irradiance model in Equati@with the actual color
f.[P C(¥n)] in the input image. The corresponding energy reads as fsllow

N
EphotdX) = & K fi[PC(Un)] B(Anicnj g k3 . (7.12)
n=1

In addition, the alignment of salient facial features isoalaken into account. To this end, we
measure the distance between image projectkfh@(\?n\)g‘L=l of a selection ofL = 66 feature
vertices on the model and their corresponding distinctaetefacial landmark¥ = fy-g- 1 inthe
input image:

L
EfeardX)= @ KPC(Vn) y K3 . (7.13)
=1

Note that the 2D facial features are tracked with an offghelf algorithm Haragih etal. 201]a
and their landmark trajectories are improved by utilizingical ow between automatically se-
lected key-frames, as described in Sectio® To select the 3D feature point$,. g on the model,
we automate and extend the strategy proposed in Segtad In a pre-processing stelde = 75 dif-
ferent facial expressions of the average person are symtlaelsy activating one expression weight
dy at a time and frontal views of the resulting meshes are readender a xed user-de ned illu-
mination. Afterward, the off-the-shelf face tracker is dayed to detect the 2D landmarks in the
synthetically generated images. The 2D landmarks are thek-projected to the nearest vertices
on the 3D model, discarding those that fall outside of the fagion or inside the mouth cavity. Fi-
nally, the 3D positions corresponding to the same landma&rkaeeraged and assigned to the nearest
valid vertex of the model.

Prior Objective 3D reconstruction from monocular RGB input is an ill-posedijfem due to its
inherent depth ambiguity. As a result, many spatial conagians of mesh vertices lead to a similar
projection in the camera. This issue is tackled by incormgasuitable prior€ o into the energy
of Equation7.10. This allows us to disambiguate reasonable from unreasoicab gurations and
steer the optimization into the right direction. To this gwe employ two probabilistic shape priors
(Eproby» Eprob,) and a sparsity prioEsparse0n the expression coef cients:

Eprior(a;b;9,d;t) = Eprop,(a;b;9) + Epron,(t) + Esparsdd) - (7.14)

The probability of a certain scene con guration is accodnter by assuming multiple Gaussian
distributions over the parameters:

s ax 2 Kb 2 8 g 2
Epor(a;b;9)=wsga — +wa — *+twa 2 ) (7.15)
k=1 ag k=1 by =1 S 2

with the division in the last term being component-wise. éjak, w; andw; weigh the different ob-
jectives. As in Blanz and Vetter 199%ollhofer etal. 2014 the shape weighta and re ectance
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coef cients b are restricted to stay statistically close to the mean usjagegularization. Since the
standard deviations of the lighting coef cienggare unknownTikhonovregularization constraints
[Hoerl and Kennard 20Q@re imposed instead by settisg, =[1;1;1]”.

In addition, the medium-scale shape correctives parameter regularized based on their stan-
dard deviations (squared eigenvalues ofrtienifold harmonic$unctionsHy, 8k described in Sec-
tion 7.3.4 and temporal smoothness w.r.t. the corresponding resthiegprevious frame P’V is
further enforced, as follows:

K 2
c ot
Epron2(t) = Wo & —~  +wkt tPe%3 (7.16)
k=1 tk 2
with component-wise divisions in the rst term. Hene; andw; are the weights controlling the
importance of the different objectives.

Following [Bouaziz etal. 2013 we also imposéd.;-regularization on the expression weiglatso
enforce sparsity. This avoids potential blendshape cosgigm artifacts due to the inherent redun-
dancy in the expression basis:

Ke
Esparsd d) = Wqg é jdg . (7.17)
k=1

Boundary Constraint ~ The blendshape parameters are restricted to a reasonatée@ia?2 [0; 1])
by adding a sofboxconstraint with a weight ofw, to the energy:

Ke
Ebound d) = Wp é f(dk): (7.18)
k=1

The functionf adds a penalty to the energy if and only if its parameter le#ve trusted region:

> X? if x< 0,
f(x) = S 0 ifoO x 1, (7.19)
T (x D? ifx> 1.

We use a symmetric quadratic penalizer outside of the tlustgion to tightly enforce the bounds
of this constraint.

7.5 Fine-scale Layer Reconstruction

Given the medium-scale restM™ at each framef;, 8t of the previous optimization, ne-scale
static and transient surface details (i. e., wrinkles amdkjcare recovered from shading cues in the
input RGB images by adapting the shading-based re nemaarbapgh under unknown lighting and
albedo presented in Sectiérb.

We compute shading-based re nement on a per-vertex leiatligg a high-quality re ned mesh
MF. The previously estimated re ectance and illumination tfized as initialization. A re ne-
ment optimization then adapts the mesh's vertex positiGagverse rendering optimization, such
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Figure 7.4: Fine-scale layer reconstruction. Shading cues in the input image (top) are exploited to aug-
ment the medium-scale model (middle) with ne-scale static and transient surface detail (bottom), thereby
creating a ne-scale layer of details.

that the synthesized shading gradients match the gradiétiie illumination in the corresponding
input RGB image as well as possible. To further regularize ithposed problem, spatial and tem-
poral detail smoothness is enforced as a soft constr@iatr[do et al. 2013Valgaerts etal. 2013b
The nal vertex normals are computed by averaging over a taadpvindow of size 5 for stability
[Nehab etal. 2005 As mentioned in Sectiof7.3.5 the deformation eld between the medium-
scale resulMM and the re ned high-quality geometyl ¥ is parametrized using the proposed
deformation gradient-based feature vector representaticCompared tavl M, the resulting high-
quality reconstructions exhibit a considerable amountrad-scale surface detail, as shown in Fig-
ure7.4.

7.6 Multi-step Optimization Strategy

Given the input vided= = f f,g_;, we nd the best parameted$ by minimizing the non-linear

objective Eqta(X) of Equation7.10based on a multi-step optimization strategy which consibts
several Levenberg-Marquardidvenberg 1944Marquardt 1963Moré 1978 optimization stages.

Note that our Levenberg-Marquardt solver employs analy/tp@rtial derivatives to compute the
Jacobian matrix, which is used to iteratively update theupeatersX. The partial derivatives of all

the terms oo (X) can be found in AppendiA (see Sectio.2).

Algorithm 1 summarizes all the individual optimization steps to obthimparameters of the multi-
layer parametric 3D face model. In a pre-processing stegigid head poseR andt) is initialized
using the POSIT algorithnJavid et al. 200%ton the detected facial landmarks, arad @) are ini-
tialized by solving Equatior?.13with the parametric prior&proni(a), Esparsd d), andEpound(d),
i.e., we optimize for &, d) using only the facial feature point subspace. The othearpaters g,
g, t) are initially set to zero.

After the initialization step, the rsifsjsx 100 frames of the sequence are utilized to reconstruct
a coarse-scale estimate of the actor's person-speci ctityefa ; b), as well as the illuminationy
in the scene. This step does not consider the correctivengdeast ; therefore, the corresponding
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Algorithm 1 Multi-Step Optimization Strategy
1. (R;t;a;b;g;d;t) Initialize();
2:
. for (the rst Tyjrs; framesf;) do . Identity Estimation
while (not convergedylo
(R;t) Estimate Head_ Pose();
(a;b;g) Estimate_ldentity And_lllumination();
(d) Estimate Expression();
end while
end for

© o N2 O kR ®

11: (Cp)  Build_Person_Speci c_Albedo_Map();
12:

13: lighting_opt = get_lighting_option();

14: for every framef; 2 F do

15: while (not convergedylo . Coarse-Scale
16: (R;t) Estimate_Head Pose();

17: (d) Estimate_Expression();

18: if lighting_opt == per_framé¢hen

19: (g9 Estimate_lllumination();

20: end if

21 end while

22: while (not convergedylo . Medium-Scale
23: (R;t) Estimate_Head Pose();

24: (t) Estimate_Correctives();

25: if lighting_opt == per_framé¢hen

26: (g9 Estimate_lllumination();

27 end if

28: end while

29: (p) Compute_Detail_Layer(); . Fine-Scale
30: end for

terms are removed from the energy. The resulting per-frastimmates of the actor's identity are
combined using a oating average.

Before tracking the complete sequence in the next stagestanspeci ¢ skin re ectance mag,

is generated which replaces the per-vertex re ectancenastis from the parametric actor model.
To this end, we follow a similar strategy described in Secfo/.1and compute per-pixel albedo
values by dividing through the lighting term (sum on the tigand side of Equation.2) on a subset
of 10 frames. The resulting albedo values are averaged iméthenap C, using the aligned model.
This re ned appearance step drastically improves the spes# tracking performance, since the
generated re ectance map resembles the actor's appeananci better (i. e., facial hair and ne-
scale skin detail are explicitly accounted for, see alsmlhofer etal. 201%). Figure7.5shows that
the personalized albedo map rendered under the estimatad EBghting captures more ne-scale
albedo variations than the low-dimensional parametric@h®d(b), which in turn helps improve
the tracking (see for instance the details around the eygthamouth shape of the actor).

After estimating the identity and computing the persoralialbedo map, the identity parameters
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Figure 7.5: Parametric re ectance model vs. personalized texture map. In contrast to the low-dimensional
parametric face model, the automatically computed personalized texture map captures ne-scale albedo
variations and contributes to a better tting.

a are kept xed and the complete sequence is tracked agaitingtérom the rst frame. For each
frame f;, we rst re-estimate the head po$R;t) and compute the best tting blendshape coef -
cientsd. The coarse-scale shape estimate and the head pose armhterdd by optimizing for
the best corrective parametdrsas well ask andt, based on the full reconstruction energy (see
Equation7.8). Note that in this improvement step the blendshape coeftsd stay xed. Itis
important to remark that the scene lighting can be re-estichat each framd; when estimating
the coarse- and medium-scale shape, if desired. Even thbagtiing may improve with a re ned
scene illumination, a high-frequency color icker on thenfiyesized face was detected in the tempo-
ral domain and therefore the lighting was kept constantferantire sequence. This is a sometimes
incorrect but fair assumption that works in most scenes hativwas also used in other related ap-
proaches, e.g., irghi etal. 201} The nal step reconstructs a parametric ne-scale ddgjerp
based on shading-based shape re nement by exploiting spadies in the input RGB frame.

7.7 Experiments

In this section, we present a qualitative and quantitatixaduation, and perform a thorough com-
parison w. r. t. the state-of-the-art in monocular face mstwiction. The robustness of the approach
presented in this chapter is demonstrated for a wide rangeesfarios, from controlled studio se-
tups to uncontrolled legacy video footage. In total, theppsed approach was evaluated on 9 test
sequences: Three indoor sequences captured in a contsetted 6UBJECTL, SUBJECT2, SUB-
JECT3), two outdoor sequencesyBJECH, SUBJECTS) and four legacy videos (RNOLD Y OUNG,
ARNOLD OLD, OBAMA, BRYAN) freely available on the Internet and downloaded from Ycdaglu
Please refer to AppendiX (see SectiorA.1) to nd more information about the sequences. The
reconstructed personalized 3D face models consi$t ef 200k vertices andl = 400Kk triangle
faces.

Most of the results and comparisons shown below are viewstldsevideo. Hence, the reader is
strongly advised to watch the supplemental videos at thegraoebsité.

2http://gvv.mpi-inf.mpg.de/projects/PersonalizedFaceRig/
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Parameters and Runtimes ~ The proposed facial performance capture approach religgeahts
that specify the relative importance of the different objexs. During the performed tests, it turned
out that our approach is insensitive to the speci ¢ choic@arameters in the different sequences.
The following weights were then xed and used in all the expents:ws = 0.5, wp = 1,ws= 0:01,

w, = 1,w = 0:1, Wy = 40, W = 4, wg = 100 andw, = 10°.

The approach described above was implemented on the CPgJsisiple parallelization routines in
OpenMP. Overall, this implementation takes several haupdcess a sequence of 1k frames when
executed on an Intel Core i7-3770 CPUA&HZz). For each processed frame, the proposed method
requires 30 ms for facial landmark extractiort & for landmark re nement, 40 s for identity tting
(only run for the rst 100 frames), 15 s for coarse-layer kiag, 9 s for medium-layer correctives
and 110 s for ne-scale shape re nement. Note that the la&gt gtas not optimized on the CPU and
runs on a single core.

By harnessing the data parallel processing power of mod@dsGwe have discovered in a recent
project (not part of this thesis) that a drastic reductiothefcomputation time is possible. This has
also been corroborated recently by different approactegsstiive similar non-linear optimization
problems Thies etal. 2015Wu et al. 2014 Zollhofer etal. 2013

7.7.1 Qualitative and Quantitative Results

The proposed multilayer model-based approach estimatesdtor's facial identity and tracks
his/her facial expressions, where tracking progressexdaese-to- ne manner on the three layers:
Coarse-scale shape, medium-scale correctives and re-acimkle-level detail. Figur@.6shows
the output tracking results of the personalized 3D facensitoction of BAMA and ARNOLD
OLD for the three different layers of personalization. Notd the medium- and ne-scale layers
do not only lead to more realistic results in terms of higégfrency detail, but also deliver tracking
results of superior accuracy (please refer to the suppltmevideo available at the project website
to see a more interactive comparison between the recotedriayers).

In addition, we quantitatively evaluate the geometric nstauction accuracy obtained by the pro-
posed approach on the sequence oB&CTl. For this indoor sequence, two views are available
and high-quality ground truth 3D meshes have been genetsied the binocular facial perfor-
mance capture approach of Valgaerts et201R20. Note that only one of the two views was em-
ployed to reconstruct the personalized parametric 3D nafdbk actor. Figur&.7shows a compar-
ison between our monocular method and the binocular stemeach of Valgaerts et al20124

for areconstruction of $8JECTL at neutral pose; therefore, it shows how well the proposeithod
can reconstruct the identity of the actor. As illustratedhi@ heatmap overlay, the geometric error
(computed as the per-vertex Euclidean distance of theadigaconstructions) is quite small:g1
mm on average) and errors mainly appear in the nose regempsing from depth inaccuracies.

7.7.2 Validations: Comparison to Performance Capture Approaches

In this section, we compare the reconstruction quality efiffoposed monocular approach to exist-
ing multiview and monocular facial performance capturehrods proposed in the literature (please
also refer to the second supplementary video availableegptbject website to examine the com-
parisons in more detail). It is important to remark that nafiehese methods capture a fully-
parametrized 3D model at different personalization lay€marse, medium and ne. As it will be
seen in Chapte8, such a convenient parametrization will enable us to cradtély-controllable



7.7. EXPERIMENTS

119

"(MOJ U1I0}) |re1ap 29.lNS [9AS]-9ULIM 9[eds-au pue (MOJ PJIL) S9AI09.1I00 3[eds-wnipaw ‘(MoJ puodas) uonow
pue adeys a|eas-asien) :siake| pazinswered ajdinw uo (uonow [eioe) pue Aluspl Yyiog) suononisuod al Alfenb-ybiy sansiyoe yoeoisdde pasodoud ayp ‘(mou 1si)
indur se uosiad e Jo 08pIA Je[ndouow B UaAID “dduanbas (Iybu) a10 al1oNdy pue (Ya]) YIWvEQ uo palelausb synsal ainided aouewlopad [eloeq 9, ainbi4



CHAPTER 7. MULTILAYER MODEL-BASED FACE CAPTURE IN UNCONSTRAINED SETUPS 120

Figure 7.7: Geometric accuracy - SUBJECTL. Left to right: Input (neutral pose), binocular stereo recon-
struction, our monocular reconstruction, geometric error represented as a heatmap overlay. The proposed
multilayer approach obtains a detailed 3D model of similar quality (1:8 mm mean error) compared to the
binocular stereo reconstruction of Valgaerts et al. [2012b].

Figure 7.8: State-of-the-art comparison to the multiview in-studio approach by [Beeler etal.2011] - Sus-
JECT3. The proposed multilayer method, which reconstructs detailed geometry from a single video under
general lighting, comes close in reconstruction quality to that of Beeler et al's method which requires a
professional setup with 6 high-quality cameras.

generative 3D model for person-speci ¢ expression and klgisynthesis in a exible way, which
in turn will allow us to generate realistic personalizednaations and perform complex video edit-
ing tasks.

Comparison to Beeler etal. 2011  Figure7.8shows a comparison with the high-quality off-line
performance capture method of Beeler et 2011. This method requires a controlled setup with
6 high-quality cameras and controlled in-studio lightiogoerform a variant of multiview stereo in
combination with a mesoscopic detail augmentation stepoitrast, the proposed method takes as
input a single monocular video under general lighting anthigable of achieving a reconstruction
quality that comes close to their approach.

Comparison to Cao et al. 2014a  The state-of-the-art monocular performance capture agpro
of Cao et al. 0144 is able to reconstruct the actor's identity and motion abarse-scale. While
reconstructions can be obtained at video rate, they lackscade surface detail and do not capture
actor-speci ¢ idiosyncrasies in identity and motion, asdn be seen Figuré.9. In contrast, the
proposed off-line approach reconstructs person-speciréase detail at a medium- and ne-scale
level of personalization, leading to high-quality recoustions that t the input face in the video
more closely.
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Figure 7.9: State-of-the-art comparison to [Cao etal.2014a] - SuBJECT2. From left to right: Monocular
input, result obtained by the approach of Cao et al., our medium-scale result and our nal ne-scale recon-
struction. Note that the medium-scale result matches the actor's facial geometry better and the ne-scale
reconstruction adds even more realism.

Figure 7.10: State-of-the-art comparison to [Cao etal.2015] - SuBJECT1. While the regression-based
approach of Cao et al. infers some of the actor's ne-scale de tails, it produces less accurate results if poses
and identities are far from the training set. In particular, note the overall less accurate reconstruction of
identity (left), as well as the imprecise reconstruction of some wrinkles and the shape of the eyebrow (right).
In contrast, our reconstruction-based approach delivers results closer to the real input video. Please note
that ne-scale pores in the results of Cao et al. are merely ha llucinated, as they are part of the model
learned from high-quality face scans.

Comparison to Cao et al. 2015 In [Cao etal. 201p an extension toQao etal. 2014athat
additionally regresses a wrinkle-level displacement maptheen proposed. This approach learns
the correlation between image patches and surface daiail drdatabase of 3D scans. While this
augments the coarse-scale reconstruction with detaiintbiered geometry is not metrically correct.
Thanks to the medium-scale corrective layer, our persoedlinultilayer face model overlays with
the input better, even if the ne-scale detail is ignoreddonoment (see Figurg10. Furthermore,
the inverse rendering approach presented here allows umdmaletail reconstructions that match
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Figure 7.11: State-of-the-art comparison to method presented in Chapter 5 - SuBJECT1. Compared to
the method proposed for semi-constrained setups, our multilayer-based reconstructions better match the
actor's static and transient small-scale surface details. Note that the previous method requires a high-quality
laser scan of the actor as input, making it unsuitable for legacy video footage.

the true detail in the image closer than the regressiontreghich can only approximate as close
as possible (see especially the shape of the eyebrows irgtire).

Note that the ne-scale pores that appear on the meshes femeCal. 015 are not reconstructed,
but only part of the high-quality template model used forméag their representation. Furthermore,
as their detail regression approach is based on cues ingheimage, it cannot generate a detail
layer for an arbitrary novel expression speci ed by usendd blendshape weights, which is nor-
mally required by animation artists as a de facto standamigate new realistic facial animations.
The proposed multilayer parametric method could in prileciggenerate such details if a proper
mapping between the coarse and the other layers is providbdpter8 presents such a method
that leverages the inherent semantics of the blendshaghiseo learn person-speci ¢ characteris-
tics (including details) from the personalization layeaptrired by the current approach, making it
suitable for the scenario described above.

Comparison to Chapter 5 As shown in Figure/.11and Figure7.12 the proposed multilayer
approach is able to obtain similar or even higher qualitpnstructions than those of the monocu-
lar state-of-the-art facial performance capture methedgmted in Chaptés. Furthermore, strong
out-of-plane head rotations can be handled much betterebgutrent approach. Even though both
methods are able to track facial expressions and reconstieiscale surface detail, the method pre-
sented in Chaptésrequires calibrated cameras and heavily relies on a stigtiequality 3D scan of
the actor as prior which is not always available. Therefordike the proposed method presented in
this chapter, the previous approach is not applicable tescahere only legacy footage is available.
Also note that the current multilayer parametric represt@n is able to decouple medium-scale
corrective shapes from rigid pose, which turned out to beeqeonvenient when learning a face rig
for person-speci ¢ idiosyncrasy and detail generationit asll be seen in Chaptes.

Comparison to Shi et al. 2014  Finally, we compare to the high-quality monocular approath
Shi et al. p014. Their method employs a multilinear model for face recamndion and can also
be applied to legacy footage, as shown in FigiwrE3 The proposed multilayer approach is able
to attain higher-quality reconstructions on the coarse el & on the ne-scale due to the use



123 7.7. EXPERIMENTS

Figure 7.12: State-of-the-art comparison to the approach by [Shi etal.2014] and [Garrido etal.2013] -
SuBJECT4. Our monocular approach obtains better reconstruction quality than that of Shi et al's and
Garrido et al's method. Note the better tracking on the coarse geometry as well as on the ne-scale detall
layer.

Figure 7.13: State-of-the-art comparison to the approach by [Shi etal.2014] - BRYAN. Our approach ob-
tains a closer tthan Shi et al's method. Note that the amoun t of ne-scale surface detail captured by the
multilayer model is much higher.

of dense correspondences to jointly optimize for identitgd axpression. Moreover, our approach
obtains a better model personalization and accuratelikdriacial motion by employing medium-
scale corrective shapes. On the other hand, Shi et al. ma@abyt to sparse correspondences to
estimate large-scale deformations, which are then sjightproved using normal maps estimated
in their shade-from-shading framework. This leads to a déessirate head pose, as well as less ac-
curate coarse- and ne-scale surface reconstructionduagated in Figurer.12 It is important to
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remark that in the method of Shi et al. medium- and ne-scaf®dnations are mixed together and
not parametrized, making it unsuitable for complex videibimgl tasks other than texture modi ca-
tion. Our fully-parametrized approach, on the other hand|dpotentially be used for such tasks,
though in a not very intuitive way. In Chapt@we learn a correlation model for person-speci ¢ cor-
rectives and wrinkles, thus allowing us to automaticallg@tdhe captured detailed layers to match
person-speci ¢ idiosyncrasies in accordance to the aelivaxpression, which is the foundation for
realistic video editing.

7.8 Discussion and Limitations

In this chapter, we have demonstrated that 3D facial gegnoein accurately be reconstructed at
multiple parametric face layers in unconstrained setupsh sis legacy footage downloaded from
YouTube. While these results are compelling and compete (@it sometimes overcome) those of
state-of-the-art monocular methods even in challengirsgsée. g., fast head motion, expressive
faces, and out-of-plane head rotations), the proposedatedtill has some limitations: Since our
reconstruction approach is based on temporal frame-todreoherence, videos that exhibit lots of
cuts are hard to handle automatically, requiring re-ititiion of the parameters. Reconstructing
multiple actors from a single video also requires an extra fdetection and recognition component
to keep the approach automatic. Even though the recorstrlayers are fully parametrized and
could potentially be used for facial animation and editiagks, the medium- and ne-scale layers
do not provide any semantic parametrization nor are thegetaded to blendshapes to allow an
intuitive control of the personalized 3D model. It would beich more desirable to indirectly
manipulate the layers through blendshape weights with lwai@imation artists are more familiar.
Chapter8 addresses this problem by learning a correlation modekthgiles standard expressions
in the blendshape weight domain with person-speci ¢ cdives and details, thereby resulting in
a personalized face rig that synthesizes new detailed ssipres by simple modifying blendshape
controllers.

As in Chapterss—6, the proposed approach also assumnasbertianre ectance. Although this

is a fairly common assumption which has been establishedhanliterature [chim etal. 2015
Shi etal. 2014 Suwajanakorn etal. 201 ¥algaerts et al. 2013bit introduces artifacts in the pres-
ence of specular highlights, as shown in Figarg4(a). Consequently, subsurface scattering effects
are not modeled; instead, the scene's light transport iarpairized using a low-dimensional SH
representation which assumes smooth distant illuminat@hno shadows. As such, extreme light-
ing (e. g., directional spotlights) and cast shadows leadtitacts.

Mild occlusions on the face, such as hair can be handled bguhent approach, but occluding
objects may be wrongly captured as facial features, bothdrnexture map and in the reconstructed
layers (especially the ne layer). Strong occlusions, sasta dense beard, pose a problem to both
the 2D face tracker and the identity reconstruction (ndn-sk ectance and occluding objects are
not explained by our statistical prior). The optimizatidite medium layer relies on global-support
corrective functions to correct tracking residuals anduamss that all facial features contribute
equally. Thus, face tracking is challenged by fast and cerjalcal facial deformations, especially
in the mouth region, as shown in Figurel4 (b). Additional constraints and a semantic basis for
local corrections may alleviate this problem, but recarding accurate mouth/lip shape is still
challenging due to depth ambiguities and disocclusion$eflips. In Chapte®, we address the
problem of accurate lip tracking from monocular video andpmse a data-driven approach that
learns a robust lip shape regressor from high-quality wielti reconstructions to enhance the lip
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(@) (b)

Figure 7.14: Limitations. Reconstruction artifacts due to (a) specular highlights on the face and (b) the lack
of a local-support corrective basis and constraints to handle mouth deformations.

shape and motion of tracked facial performances.

Finally, we share the limitation of related work that no dethmouth interior or eye/eyelid model
can be reconstructed from video alone. Therefore, eye gepmeblendshapes for blinking were
not modeled; the latter was reconstructed as shape deth# ishading-based re nement step.

7.9 Summary

This chapter has presented a new fully automatic modelebagproach that can accurately capture
facial shape and expressions at multiple personalizatgar$ (from coarse-scale shape up to a
layer that accounts for wrinkles and folds) in completehcamstrained videos where all scene
elements are unknown. The heart of this approach is a nevilaiyelt parametric 3D face prior that
jointly encodes plausible appearance and shape changdsvnrdimensional space to model the
image formation process. A novel uni ed tting approach theverages both color cues and sparse
2D landmarks is used to accurately reconstruct the overafpes and appearance at the coarse and
medium layer. A ne-scale wrinkle model reconstructed otrer face surface constitutes the nal
most detailed layer. Overall, all the three layers are oggehin an inverse rendering framework,
making the method elegant and very robust. Qualitative araghiifative results have demonstrated
the high delity of the reconstructed parametric modelsgeveral actors from different sources of
video, including indoor, outdoor and YouTube footage.

The algorithmic improvements presented in this chaptesidenably advance the state of the art in
unconstrained facial performance capture from monocutkor As it will be shown in Chaptes,
the reconstructed multilayer parametric 3D models will stiinte the basis for learning a fully-
controllable personalized face rig that can be used byaligitiists for achieving complex facial
animation and video editing tasks.






Chapter 8

Beyond Face Capture: Face Rig
Creation, Animation and Editing

Figure 8.1: Fully personalized, detailed 3D face rig of the US president Barack Obama (bottom), recon-
structed from the sequence shown in Figure 7.1. By transferring the estimated blendshape parameters
from the input video (top), the facial rig can be used, for instance, for reenactment. Note that the rig pre-
serves the idiosyncrasies of the president and not of the input face.

So far monocular face capture approaches can reconsttadededynamic 3D face surfaces, but no
method is able to create a face rig (i. e., a controllable fedgerson-speci ¢ expression and de-
tail generation) from arbitrary monocular data. Such a rigild be bene cial for animation artists
when no information about the actor is available other thaimgle monocular video. This chapter
presents a novel regression-based approach for the aitamresdtion of detailed, personalized 3D
face rigs from arbitrary monocular performance captura ¢@hapter7) that can be conveniently
driven by intuitive blendshape weights to perform vidediadiand animation tasks (see Fig&.4).
The method and results presented in this chapter are bag&hando etal. 2016a

127
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8.1 Introduction

The creation of believable face animations for virtual esio movies and games, or for avatars in
virtual reality or teleconferencing scenarios is a chaleg task. Since our expert eye is attuned
to detecting small inaccuracies in face appearance anemathimation artists spend tremendous
effort to model and animate high-quality facial animatidgsr especially in movies. A common
practice for an artist is to design a face animation rig witistom-made control parameters that
steer facial expression, face shape, and possibly faceaepme and soft tissue deformation (see
Section2.1.2 for further details). The de facto standard to parametrigaression control is a
blendshape model that linearly combines a set of basis ssipres [Lewis etal. 2013 Professional
rigs are normally derived from detailed laser scans anchdéature hundreds of control parameters
(process that may take weeks of work). The resulting facésrajten animated from face mocap
data, a step requiring frequent manual intervention.

To simplify this complex animation pipeline, researchesmeéhdeveloped different methods to auto-
mate some of its steps. For instance, some algorithms endglose camera and lighting arrays to
reconstruct dynamic face geometry and face appearanceqis@d.l), while other approaches ex-
tract components of face rigs from densely captured animakata, such as blendshape components
[Neumann etal. 2033Joshi et al. 2003 Despite its practical relevance, automatic rig creatias
received much less attention in the eld. Meanwhile, parfance capture methods were further
extended to work with only a single RGB camera (Secfiah3 or a single RGB-D sensor that
integrates both color and depth information (Sec8dh2. However, there is still no approach that
fully-automatically reconstructs and animates a detakgonalized modi able face rig, from only
a single RGB video of an actor Imed under general conditi¢@sction3.3). Up to now, state-of-
the-art lightweight approaches, as well as the methodepted in previous chapters, reconstruct
default blendshape models that cannot capture and paiaentte person-speci ¢ nuances in face
shape (i. e., identity) and expressions, and therefore léueky personalization at a ner level of
detail.

In this chapter, we propose the rst automatic method th@tbwa fully personalized, controllable
3D face rig (see Figur&.1), given the multilayer 3D reconstructions captured in unstmined
monocular video by the method presented in ChapteiThis personalized rig is based on the
three distinct layers reconstructed in Chaptdi. e., coarse, medium and ne layer) and learned
by coupling the coarse layer (represented by generic bitamasweights) to the medium- and ne-
scale detail layer via a novel sparse learning regressiproaph. This assures a semantic control
of the detailed layers in ways consistent with the deforometiof the coarse facial expressions
(i. e., blendshapes). Hence, new expressions, even uneesnvath proper ne-scale detail can be
created for the face rig by simply modifying blendshape wl#rs or activation curves (scenario
that ts nicely into an animator's standard work ow). Theqgposed regression method creates
detailed, personalized face rigs from arbitrary monocpé&formance capture data, e. g., played by
our favorite vintage actor, for which it would be impossilbbeautomatically capture a rig by any
other means.

The proposed method improves over existing state-of-thapgroaches in several important ways.
Some previous methods employ generic parametric expreasio identity models for monocular
facial performance captur€ho etal. 2014a5hi etal. 2013 but they neither parametrize nor learn
a generative model for person-speci ¢ expressions andsoale details observed in video. Gener-
ative models of face wrinkle formation have been learnethfrigh-quality expressions (out of a
vast set of examples) captured with a dense sensor @eaynfano etal. 20%4Cao etal. 201por
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Figure 8.2: Overview. The proposed method learns the coupling between the coarse-scale expression
changes (blendshapes) and medium-/ ne-scale surface defo rmations (here for the sequence shown in Fig-
ure 7.2) to create a fully controllable 3D face rig that can synthesize new actor-speci ¢ detailed expressions

by simply modifying blendshape controllers.

with depth camerad f etal. 20158, or also by interpolating dense high-quality scans in aweid
driven way Fyffe etal. 2014. In contrast, the proposed approach is fully automaticlaachs such

a model from just arbitrary monocular performance captatae.d\ote that no manual intervention
during face rig creation is required as iAlg¢xander etal. 201,0Weise etal. 201JL Moreover, no
additional input other than arbitrary performance captat is needed, i. e., no speci ¢ sequence
of facial expressionsi¢ghim etal. 2015Li etal. 2010 and no face detail regression model learned
off-line from a tailored databas€ho etal. 201p

The rst contribution is the automatic extraction of a paetrized rig that models the correlation
between coarse-scale blendshape weights and persoresp@syncrasies on the medium- and
ne-scale detail layer from monocular performance captata acquired in unconstrained setups.
The second contribution is a novel sparse regression agipribat exploits the local support of
blendshapes to produce more accurate and realistic fa@ingations of the medium- and ne-
scale layers. This chapter presents captured face rige¥era actors reconstructed from various
monocular video feeds, ranging from HD input to vintage widl®m YouTube. New face anima-
tions can be generated with these rigs and they can be usedlistically edit video footage (see
Section8.5).

8.2 Overview

video) whereT is the total number of frames, the method presented in Chappeovides an
estimate of the scene lightingand computes a personalized albedo map of the actor'sGgce
In addition, it reconstructs a personalized 3D mddelparametrized on multiple layers: Coarse-
scaleM €, medium-scaleM™ and ne-scaleM . As described in Sectiofi.3, the shape layers

To learn and intuitively control a personalized 3D face higttmodels not only coarse-scale defor-
mation but also medium- and ne-scale shape detail from tgetwwed data, two main steps are
performed, as shown in FiguBe2
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S1 Face Rig Learning (Section8.3): An optimal af ne mapX'™:F9 between the sequence of
blendshape weightS: and each detailed layéi ; P= g is learned separately using a novel
sparse regression approach.

S2 Face Rig Synthesis (SectioB.4): Given an input set of blendshape Weigﬁtebtained either
from blendshape controllers or a tracked performance jieai mapX™, XF are then used
to predict a medium-scale corrective lajeand a ne-scale detail laydt, respectively. These
layers then enable us to synthesize a new instance of thel fiode

The output is a personalized face rig that automaticallyptasimedium- and ne-scale details
to intuitive blendshape weights (e. g., represented in ¢ fof sliders), and can generate novel
person-speci ¢ expressions that preserve the mannerisichgletails of a target actor, even when
such expressions have not been observed directly in the d#ta, as shown in Figui&2 As the
method proposed in Chaptércaptures a personalized albedo map for the target actdiad¢beaig
can be rendered with photo-realistic face appearance anddmkas a 3D avatar to perform facial
animation and editing tasks.

8.3 Face Rig Learning

The output of the method presented in Chajjtisra personalized parametric 3D modiklfor each

of theT framesf; that includes a coarse-scale, medium-scale and ne-sedél thyer. While the
coarse-scale parametric blendshape model allows fotiirgunodi cation of the rig (e. g., by an
artist), there is no equally convenient and semanticallgmirgful way to create medium- and ne-
scale details that match new expressions. This is mainlgusecthe detailed layers do not provide
any semantic parametrization nor are they coupled to bhexmis expressions. To alleviate this
problem, we learn the correlation between blendshapeshendigher detail layers, thus enabling
full control of all detail levels by only using the blendsleagpoef cients.

In the following, a novel sparse and af ne regression sgyis presented which learns a mapping
between activated blendshape weights and the detail laydnige taking into account the local
support of the expression basis.

8.3.1 Afne Parameter Regression of Correctives and Details

Given a sequence of input motion parametegsand a corresponding sequence of dethil®
fTr;P=g, we aim to nd an af ne mapping to encode their correlatiora this end, the weights of
theKe = 75 blendshapes are rst stacked in a matfix

v M
w= 970 ] d7 5pKen T (8.1)
1 J 1

Note that the last row AV implements a constant bias in the estimation that is edhetigortant
if certain blendshape weights are not activated in theitrgiset. The detail layeH is stacked
accordingly in a corresponding matiik2 R T. It is important to remark that the dimensionality
of the parametric ne-scale detail layer 4 = 9J (with J the number of mesh triangles), since
we regress the per-face deformation gradients. For theumedcale detail layer, we regress the
weightst , thereforeH = 3K, = 237. As a reminder, each per-face deformap{?}h 8j;tis encoded
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Figure 8.3: Sparse vs. global ne-scale detail prediction. The propose d novel sparse regression formu-
lation (top) obtains more realistic results than global regression (bottom). Note the wrong transient detail
around the left eye (red) when the right eyebrow's blendshape is triggered.

by 9 parameters representing the rotation, scaling andisgeaf the triangle in the model. Thus,
the deformation gradiemV is a 9 dimensional vector. Furthermore, the medium-scale ctiveec
layer is represented by a subspace ofkhe 80 lowest-frequency eigenvectors of the Laplace Bel-
trami operator, which are replicated three times to remiteasdull 3D deformation basis. However,
since the lowest eigenvector has zero eigenvalue, it waamied from the spectral basis, leading
to K. = 79 basis vectors (and therefore7® = 237 corrective parameters).

Our task is to learn an af ne mapping 2 R" (Ke*1) that maps the blendshape weights onto the
corresponding detail’W = H. This problem is solved in a least-squares sense by addiitige r
regularizer orX:

X = argmink XW HKZ +/ kXkZ | (8.2)
X

wherejj : jjr denotes the Frobenius norm ahdis a user-de ned ridge parameter that controls
the amount of regularization. Such a linear model is knowthan literature as ridge regression
[Hoerl and Kennard 20Q0Here, the effect of the ridge regularizer is two-fold: iptevents over-
tting and 2) it regularizes high-frequency noise due to #irtracking inaccuracies which may be
introduced by the method proposed in ChapterA closed form least-squares solution fris
given by:

X=(WW+ /1) "W"H , (8.3)

wherel denotes the identity matrix.

8.3.2 Sparse Af ne Regression of Fine-scale Details

For the medium-scale layer of correctivés £ Tg), simple af ne regression is suf cient to obtain
high-quality results, since the spectral basis has glalgghart. However, the same strategy leads
to artifacts when utilized for the prediction of ne-scalarface detail H = B-). As shown in
Figure8.3, geometric detail may wrongly appear even if the triggefdeddshape does not in uence
the corresponding surface region. To alleviate this probline best af ne mappingA(jF for each
triangle j 2 [1:J] is found independently by exploiting the spatial supporthef blendshape basis
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during training, as follows:

X[ = argmink X[DW  HjkE +1 kX KE (8.4)
XF
]
whereH; = [pﬁl); ;pﬁT)] 2 R® T. The spatial support of thk-th blendshape w.r.t. th¢-th
triangle is encoded in the diagonal discriminator mabpe diag(d{; ;dy ;1) 2 R D (Ket D),
This allows each triangle to switch on or off certain blerajsds based on their in uence:

j_ 1 if dcinuences thej-th triangle,
0 otherwise.

o
~
|

Due to some outlier support regions in the blendshaggs, 75 manually corrected support masks
rather than the actual spatial supports were utilized topudeD;. Note that this correction was

performed only once as all the models share the same topolbdgynovel af ne sparse regression
strategy for ne-scale details produces superior resakis|lustrated in Figur&.3.

8.4 Face Rig Synthesis

Once learned from data, the linear map¥, XF in Section8.3 are employed to incrementally
predict a medium-scale corrective layfeand a ne-scale detail laygs, which in turn are used to
synthesize a medium-scaé™ and ne-scaleM F model for new blendshape expressions, accord-

ingly.

8.4.1 Medium-scale Correctives Synthesis

Given new blendshape weights (with 1 appencféﬂ)[o; 1Jk*1 the medium-scale corrective layer
is predicted ag = XMd, whereXM is de ned as in Equatio®.2with H = Tg.

Let us de nePS(a; El) as the coarse deformation eld of the coarse-scale mbtfel parametrized
by the blendshape weights and the identity parametess. Let us further de neP°(f) as the
corrective deformation eld, parametrized by the correetpbarameter$ (further details about the
parametric model can be found in SectiaB). Having the predicted medium-scale corrective layer
f, we can then reconstruct the corrective deformation Rf@f) and apply it on a per-vertex level
to the coarse-scale modd ©, yielding ¥, = PS(a;d)+ PS(f), where¥,, 8n2 [1 : N] denotes the
n-th vertex of the medium-scale moddl™ andN is the total number of vertices.

Since the regressed 3D displacements are not rotationanvathis step is executed in canonical
model coordinates.

8.4.2 Fine-scale Detail Variation Synthesis
The high-frequency detail is synthesized on top of the nraebagale resulé,, leading to the nal
embedding/y,.

Given the new blendshape Weigrﬂswe predict the detaip; = )A(J-FE! for the j-th triangle of the
parametric modeM , Wheref(jF is de ned as in Equatior8.4. From the 9-dimensional vectr;,
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the per-face af ne transformation matrixj can be recovered by inverting the polar decomposition
explained in Sectiofi.3.5 Finally, we use the deformation transfer approach prapbseSumner
and Popow et al. 004 to augment the medium-scale result with the ne-scale angfdetail,
yielding an instance of the ne-scale modél”™. For rotation invariance, this transformation is also
applied in canonical model coordinates. Note that we neldegned nor regressed ne-scale detalil
for the surface region inside the eyes, since it is impldediassume that eye-region deformations
can be parametrized via blendshape weights. In view of wescomputed the mean deformation
of that region over the entire sequence and kept it xed insyr@hesis.

8.5 Experiments

We demonstrate the applicability of the reconstructed 3i@ figs in various application scenarios
that are relevant in facial animation and video editing. \f'ge aresent qualitative and quantitative
evaluations that compare the prediction accuracy of thpqe®d sparse regression approach with
respect to tracked data (Chap®@rand a state-of-the-art detail synthesis approach.

In total, 9 personalized face rigs were reconstructed floersequences reported in Sectiorand
further described in AppendiR (see SectiorA.1). As a reminder, the test data include: Three
indoor sequencess(BJECTL, SUBJECT2, SUBJECT3), two outdoor sequences{BJECH, SUB-
JECTH) and four legacy videos (ANOLD YOUNG, ARNOLD OLD, OBAMA, BRYAN) downloaded
from YouTube. The reconstructed face rigs consi$t ef 200k vertices and = 400k triangle faces,
and have an associated personalized albedo map obtaimedhieanethod introduced in Chaptér

Since most of the results, especially the reconstructeel rigs, can be appreciated best as video,
the reader is urged to watch the supplemental videos at tjeopwebsité.

Runtimes  The proposed sparse regression approach was implementbd @#U using simple
parallelization routines in OpenMP. Overall, our impleration takes 10 ms for the medium-scale
layer and 2 s for the ne-scale detail layer on an Intel Cor8770 CPU (3 GHz). These runtimes
consider both the prediction and synthesis of the diffelaydrs. We believe that the computation
of the ne-scale detail layer could be massively paralledizn the GPU, thus drastically reducing
the computation time.

8.5.1 Application Scenarios

The proposed method automatically creates a fully parameeti3D face rig of an actor, given as

input monocular reconstructions captured from arbitrargtdge. As the obtained face rigs are
represented on multiple detail layers in a exible way and ba conveniently controlled by simple

blendshape expression parameters, they can be appliednn different application scenarios,

e. g., interactive animation, video modi cation and fagieénactment, which are illustrated in the
following.

Interactive Animation ~ To demonstrate the versatility of the new parametric regtegion, we
allow the modi cation of blendshape parameters via intévaccontrollers to explore the rig's ex-
pression space, as shown Fig@d. Note that this application scenario exempli es, in a siepl

Lhttp://gvv.mpi-inf.mpg.de/projects/PersonalizedFaceRig/
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Figure 8.4: Interactive animation - SUBJECT2. Our high-quality parametrized 3D rig allows for the creation
of novel and expressive poses of an actor by interactively adapting the corresponding blendshape weights.
Here, six different poses with (bottom) and without texture (top) have been interactively generated using an
interface with blendshape controllers. Note that the medium- and ne-scale details (top) are automatically
predicted using the learned sparse af ne regression model.

Figure 8.5: Video modi cation - A RNOLD YOUNG (left), SUBJECT2 (right). The ne-scale detail layer of
both actors is exchanged with the ne-scale layer estimated on ARNOLD OLD for the sequence shown in
Figure 7.6. This produces a new synthetic face sequence (bottom) with slight wrinkles that are not part
of the original footage (top). Here, the exchanged ne-scal e detail layer is dynamically controlled by the
expressions (i. e., blendshape weights) tracked in the input sequence of each actor.

way, the task performed by a digital artist in the animatitap ©f the digitization pipeline. The au-
tomatically predicted person-speci ¢ medium-scale and-stale surface detail plausibly matches
the new coarse-scale facial expression. Note that thes# expressions are not part of the training
set that was used to learn the sparse af ne regressor.

More examples of interactive face rig animation can be faarttie second supplementary video at
the project website

Video Modi cation As the unconstrained model-based approach presented pteCiaecovers
an estimate of the scene lighting as well as the intrinsicexidnsic camera parameters, we can
exploit the potential of our high-quality 3D face rig to pbaealistically modify the face in the
original video. To be more precise, we can render a modi e fimodel under the estimated scene
lighting and then overlay the correctly rendered and liefaa top of the video. Figur@.5shows

an example where we exchange the estimated ne-scale titail of ARNOLD YOUNG and SUB-
JECT2 with that of the ne-scale layer learned orRAOLD OLD (see Figurer.6) which contains
more face wrinkles. By resynthesizing the face rig with Ad®Id's wrinkles and overlaying it on
top of the original video, a virtual aging effect can be siatet in video. Figuré.6 illustrates a
more sophisticated video editing example. In this case, m@ay the estimated medium-scale and

2http://gvv.mpi-inf.mpg.de/projects/PersonaIizedFa(:eRig/
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Figure 8.6: Video modi cation - S uBJECT2. The right eyebrow of the actor is virtually lifted to produce an
effect where the actor is playing the same scene in a different/worried mood.

ne-scale detail layer of 8BJECT2 and alter the original expressions of this subject by fay¢he
right eyebrow to stay up in the whole performance. The matif&ce rig can then be rendered with
the estimated scene illumination over the original videprtmduce new photo-realistic expressions.
Please refer to the supplementary video available at thegtravebsite to appreciate both editing
effects in motion.

3D Facial Reenactment  Since all face rigs are parametrized on the basis of the sianddhape
model, we can transfer facial performances between diffemetors, as shown in Figu&7. In
this case, the tracked blendshape expressions (i. e., tieectayer) of 8BIJECT2 (source actor)
were transferred to the captured face rigs ¢iN®DLD OLD and GBAMA (target actors). Please
note that the person-speci ¢ medium-scale and ne-scataileorresponding to the target actors
are inferred for every transferred coarse expression ulkmgparse regression approach described
in Section8.3, i. e., they are not a mere copy of the personalized layerseosburce actor. This
leads to more natural and realistic results, since the egjme transfer preserves person-speci c
idiosyncrasies of the target actors. The creation of thamidjthe animation is fully automatic and
solely based on data captured from a single monocular vidgoesice, i. ., neither a high-quality
face scan\Wu etal. 201§nor a community photo collectiorBjuwajanakorn et al. 20]1.4f the actor
has been used in the process.

8.5.2 Validations

Cross-validation and Parameter Tuning To quantify the in uence of the ridge regularization
term in the estimation of the medium- and ne-scale layeroompared several regressors learned
with different ridge regression parametérdy measuring the geometric prediction error. To per-
form the cross-validation, we employed two test sequergesJeCTL andsuBJECT2) and learned

a regressor on each sequence for different valuds. ofn our experiments, the rst half of the
tracked sequence was used as training data, while the atlfevéis employed to predict the de-
formation of the medium-scale layérand ne-scale layep. Note that the prediction error was
computed as the Euclidean distance of every predicted 3@2xwgosition to its corresponding
tracked 3D position. The average prediction error of theiomaescale and ne-scale detail layer
over the two test sequences can be found in Taldlend TableB.2, respectively.

As it can be observed in the tables, the lowest predicticor @frthe medium-scale layer is obtained
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Figure 8.7: Facial reenactment. Here, we retarget the rigid head pose and the non-rigid facial motion (coarse expressions) of SUBJECT2 (top row) to the high-
quality 3D rigs of two target actors: ARNOLD OLD (middle row) and OBAMA (bottom row). Since the detail layers are regressed for every input expression, the
target actor's characteristics are effectively preserved in the reenactment.
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Table 8.1: Cross-validation test. Average prediction error (medium-scale).

Prediction error (in mm)

Sequence| [ = 0:25 | =05 | =10 | =15

SUBJECTL | 0.98 0.18 0.96 0.17 0.95 0.17 0.96 0.17

SUBJECT2 | 0.87 0.17 0.87 0.17 0.87 0.16 0.88 0.16
Overall | 0.93 0.18 0.92 0.17 091 0.17 0.92 0.17

Table 8.2: Cross-validation test. Average prediction error ( ne-sca le).

Prediction error (in mm)

Sequence| | =01 | = 0:25 | =05 I =10
SuBJECTL | 0.30 0.03 0.30 0.03 0.29 0.03 0.29 0.03
SUBJECTR | 0.53 0.07 0.53 0.06 0.54 0.06 0.54 0.05
Overall | 0.42 0.05 0.42 0.05 0.42 0.05 0.42 0.04

Figure 8.8: Evaluation of the prediction accuracy. Our novel sparse regression strategy infers high-quality
medium-scale and ne-scale detail layers given a novel blen dshape expression. Note that here we compare
quantitatively to the tracked ground truth reconstruction which is accurately reproduced. The geometric
prediction error of the medium and ne layer together is alwa ys smaller than 3:5 mm (1 mm mean and 0:16
mm standard deviation). The error is mainly explained by residuals in the medium layer, while the error of
the ne layer is mostly negligible (< 0:4 mm on average).

when/ = 1:0 is given. On the other hand, the prediction error of the stede layer stays mostly
constant when increasirig but a higher regularization tends to over-smooth the testihis means
that low values of result in more detailed, but slightly noisier predictiongedo extrapolation.
Empirical experiments showed that the noise is visuallligidde for a value of/ = 0:1. This
value achieves good results and is used for all the expetinstiown in the thesis.

Prediction Accuracy  To evaluate the prediction accuracy, we trained our spdnse Begressor
on the rst 700 frames of the test sequence (2000 frames ali)taind then applied the learned
regressor to predict the medium- and ne-scale detail layerthe second half of the sequence. In
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Figure 8.9: Comparison to the state-of-the-art approach by [Bermano etal.2014] - suBJECT5. The pro-
posed method (bottom row) obtains predicted correctives and ne-scale detail comparable to Bermano
et al's method (middle row). However, the latter requires a tailor-made set of training sequences to en-
hance ne-scale detail and expressiveness.

this experiment, we utilized the values lofthat were found via cross-validation (i. ¢.= 1.0 for
the prediction of the medium layer aihd= 0:1 for the prediction of the ne-scale detail layer). As
ground truth for the comparison, the reconstruction mettegtribed in Chaptéf was run on the
complete dataset to get the actually tted medium-scale aaescale layers. Figur8.8 shows the
qualitative and quantitative results. The proposed ragrds able to generalize well beyond the set
of expressions used for training.

Comparison to Detail Prediction Methods Our two-layer detail regression approach is com-
pared to the state-of-the-art method by Bermano et28l14] for the prediction of actor-specic
idiosyncrasies and detail. FiguB9 demonstrates that the proposed sparse regression formula-
tion for medium- and ne-scale detail prediction achievesults of comparable quality. Note that
Bermano et al.'s method requires a bespoke set of expresainving sequences that are captured
with a multiview camera system under controlled lightingnfr which the ne-scale detail and
actor-speci ¢ expressiveness are extracted. In conttastproposed sparse regression technique
was trained using only a subset of frames from the monocujartifootage.

8.6 Discussion and Limitations

In this chapter, we have presented the rst approach toemaigh-quality modi able 3D face rig

of an actor from monocular performance capture data adjiiranconstrained setups. Related to
our approach is the recent paper by Ichim et201H which aims at building a 3D face avatar from
video input, but it differs in several ways: First, their apgch learns a personalized expression basis
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Figure 8.10: Limitations. Even though the monocular model-based approach presented in Chapter 7 tracks
actor-speci ¢ expressions (right) that accurately match t he input data (left), the sparse af ne regressor fails
to learn and predict the rich space of person-speci ¢ nuance s and details (middle), mainly when trained
only on a short face sequence that does not show much expression variety.

from a speci ¢ sequence of captured facial expressions anmesteps require manual intervention.
In contrast, our approach only needs arbitrary facial esgioms of a general unscripted sequence
and is fully automatic. Second, Ichim et al. do not learn medscale correctives, but optimize the
blendshapes themselves. They discuss that learning &fstbpalized corrective layer, as presented
in this chapter, would lead to better personalization.

Despite the high delity of the reconstructed face rigs, pneposed data-driven approach relies on
the quality of the captured data and therefore shares thitation of learning-based approaches.
Mild occlusions on the face, such as (facial) hair, may bduwap as facial features by the method
presented in Chaptet and wrongly learned as person-speci ¢ characteristicsshasvn in Fig-
ure 8.9. Furthermore, the detail layers are learned based on thelaimon to the corresponding
expressions observed in the captured data. Thus, we regjairecient amount of expression vari-
ation and detail revelation in the training. If only a shagtjgence is provided or the actors remain
mostly static, their expression space cannot be exploréid foll extent. Figure8.10illustrates
such a limitation. Learning person-speci ¢ detailed exgiens also requires robust tracking; oth-
erwise, less personalized idiosyncrasies or even geamntedidking drift may be learned, leading
to less convincing animations or artifacts in the syntheBigen though the method introduced in
Chapter7 is quite robust, the reconstruction of highly-deformahlefaces that require accurate
depth estimation is still a challenge in unconstrained nocatey setups. As a result, our algorithms
may not be able to track and learn highly complex mouth dedtions, such as kiss shapes and
rolling of the lips, which are crucial for photo-realisti©Zvatar animation in movies. Accurate lip
tracking from monocular video input is addressed next ingfdr®. We believe that improvements
in this direction will contribute to learning personalizieate rigs with very expressive lip shapes.

The reconstructed rigs lack a detailed model for the moutrior and the (eye) lids. This shares
the limitation of related approaches that cannot recoossuch models from video alone. As
such, the rigs were rendered with a static eye albedo map\wemdge 3D eye (lid) shape obtained
from the tracked medium-scale and ne-scale layers, addbiss more natural than leaving holes
in the eyes. The limitations described above will be furttiscussed in Chaptelr0. Although
our detailed rigs have shown themselves to be useful for-tigiity animation and editing tasks,
they may still fall short of the very high detail and contrelél required for some professional
VEX applications in movies. Even in such cases, our recoostns could be used by artists
as prototypes for customizing rigs or sketching facial ations as well as video editing effects
quickly.
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8.7 Summary

In this chapter, we have presented an approach for the atitoon@ation of a fully parametrized,

high-quality, and actor-speci ¢ 3D face rig from just arity monocular data. The captured rigs
are composed of three distinct layers that encode the ageometry on all scales: Starting from
coarse-scale shape detail up to a layer that accounts far atad transient ne-scale detail. By

explicitly learning the correlation between expressionatan and the detail layers, a detail predic-
tion model is generated. This enables an intuitive contrthe rig based on a small set of control
parameters with which artists are familiar. The high dgldf the reconstructed rigs is shown

for several actors from different sources of video, e. guNbe footage. As a proof of concept,
we have demonstrated the potential of the proposed methadifferent tasks: Facial animation,

expression transfer, and video editing.

The algorithmic improvements proposed in this chapter dsagdan Chaptel7 can be considered

as a big step towards automatic digitization of fully-cofiatble, photo-realistic 3D face avatars
from unconstrained monocular video input, e. g., legacydge from feature Ims. We can antici-
pate that personalized face avatars will be particulariyelsal for more sophisticated retargeting
applications, such as visual dubbing (see Chafjtend VR teleconferencing.

To succeed in several applications scenarios, we alsoresgcturate animation of the lip motion to
avoid misinterpretation of speech and change of intent. dmtv, our robust tracking algorithms
may still fall short of the accuracy we need for tracking céempmouth and lip shapes, mainly due
to inherent depth ambiguities and recurrent disocclusibasare hard to resolve from monocular
video alone. Improvements in this direction are presentd in Chapte®.



Chapter 9

Beyond Face Capture: Accurate
Lip Tracking

Figure 9.1: Result obtained by the proposed approach - Subject S1. Expressive lip shapes (middle and
bottom row), such as kiss and lip rolling, can be reconstructed with high delity from just a monocular video
(top row).

Accurate capture of shape and motion of the lips is a fund#atigrmard problem in facial perfor-
mance capture for which not many solutions exist (see Ch&med Chapter7). A solution to it

is of paramount relevance in speech recognition and plealistic facial animation. This chapter
presents a novel robust and versatile regression-basedaappfor fully automatic reconstruction
of detailed and expressive lip shapes, along with the deesmgtry of the entire face, from monoc-
ular video footage (see FiguBl). The method and results presented in this chapter are loased
[Garrido etal. 2016

141
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9.1 Introduction

When designing virtual avatars, animation artists payi@#dr attention to the quality and re-
alism of the facial animation. Nowadays, animation artistsially rely on captured facial per-
formances which are used as a baseline to create facial @éomsathus drastically simplifying
their work ow. Many state-of-the-art methods for high-djtya facial performance capture en-
able dense, static and dynamic reconstruction of the humes from multiview data (see Sec-
tion 3.1.7). Some methods can now capture the geometry of the enticy haanely the eyelids
[Bermano etal. 20J5the eyeball Bérard et al. 201} facial hair Beeler etal. 201R or scalp hair
[Echevarria etal. 2034Hu etal. 2015 Luo etal. 2012 More recently, even lightweight methods
have been developed that acquire dense face geometry frdBalR§&nsors (see Secti@l.? or
monocular RGB video footage (see Sect®h.3.

Unfortunately, none of these methods accurately captheemtredible range of shapes and defor-
mations of moving lips. In particular, expressive mouth immg, such as a kiss or expressions with
rolling lips, are almost impossible to reconstruct, evethwiultiview methods in controlled studios.
Furthermore, subtle lip shape differences that may disgnalbé a friendly smile from a smirk, are
very hard to capture. Passive photogrammetric recongiruof lips is fundamentally hard, since
lips are specular and almost featureless in appearanocs,sshisurface scattering, and exhibit very
quick and shape-dependent changes of blood ow. In additioey are highly deformable (their
skin strongly stretches and compresses) and exhibit stseffgpcclusions complicating surface
tracking. Contour-based tracking is another option toweeste lip shapes. However, while the outer
contour of the lips corresponds to a xed ring on the facejtiner contour is ancclusion boundary
which is not associated to any xed location on the lips, magkiracking very challenging.

Yet, accurate animation of the lip motion of virtual humaesof paramount importance. Face-
to-face communication is multi-modal, i. e., it needs visarad auditory channels. Subtle visible

nuances in face and mouth expressions can change inteigmedé speech and intent, and exact
mouth motion is essential for the hearing impaired relyindip reading. A video with a purpose-

fully modi ed lip motion can even make us hear a different sonant — an effect known as the

McGurk effect Nath and Beauchamp 20[LZThus, animation artists spend a lot of time and effort
to adjust incorrectly captured lips.

Only a few passive methods have addressed 3D lip shape tegdit thus far (see Sectid@2.29.
However, most of these approaches require complex profeslsiamera setups and the acquired lip
shapes are still limited in deformation range and expres&ss, €. g., lip rolling remains a challenge
to capture. Thus, this chapter presents the rst automatthod to passively capture detailed
expressive lip geometry, along with the dense geometry efetftire face, from just monocular
RGB video. The rst contribution is the adaptation of a stafehe-art multiview face performance
capture system such that it reconstructs ground truth 3gdimetry, including rolling and skin
stretching. This is accomplished by adding extra lip maglderough the application of an arti cial
color pattern. By using this setup, we can record a traingtgpshigh-quality 3D face and mouth
motions of several subjects, along with RGB video. The sécomtribution is a novel model-based
face capture method, designed for lip enhancement. At i&s isca new regression method based
on a radial basis function network trained on the aforeroeeti database. Our regression method
learns the difference between inaccurate lip/mouth shipesl with the multilayer monocular face
capture method presented in Chapteand true 3D shapes of lips as well as the surrounding face
region reconstructed by the high-quality multiview systelio improve regression accuracy, we
additionally use shape features computed from extracteel iand outer lip contours as input to a
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Figure 9.2: Lip shape correction framework. Given a coarse mesh C, and an inner and outer lip contours B!,
BC computed by BEL [Dollar et al.2006], our lip correction RBF network predicts a mesh with improved lips
L. The network is trained to learn the difference in geometry between true high-quality mesh deformations
H and inaccurate coarse reconstructions C by additionally leveraging lip shape features extracted from lip
contours B.

robust gradient domain regression strategy.

Quantitative and qualitative results demonstrate thaptbposed method can capture complex lip
shapes and motions, e. g., protruding lip shapes and limgolat much higher quality than naive

monocular reconstructions. The results also show that gomoach generalizes well to unseen in-
dividuals and general scenes, enabling high- delity restarction even from mobile phone videos

(see Sectio®.6.1).

9.2 Overview

The proposed method takes as input a video of an actor fromhwdhsequence of coarse meshes

of frames in the sequence. At each frafenner and outer contours of the lig, B are also
extracted using a Boosted Edge Learning (BEL) algoritbwilar et al. 2006 Given a coarse mesh
Ct and contours}, B, our lip shape correction framework estimate a meshvith improved lip
shapes by using a Radial Basis Function (RBF) Network desdiin Sectiord.5.2(see Figuré®.?2).
To train the network, three different steps are performed:

S1 Data collection (Sectior®.3): We create a high-quality lip database and generate thérngain
examples for regression. Our training set consists of higdhlity lip shapesH acquired
from a multiview camera system, coarse lip shapebtained using the method described in
Chapter7, and lip contourd,,Bp in 2D images detected by BEL.

S2 Lip correction layer parametrization (Section 9.4): Next, we establish correspondences be-
tween the high-quality reconstructiorisand coarse shap€sand provide a robust parametriza-
tion of the lip shape correction layer based on deformatialignts.

S3 Lip shape regression (Sectio®.5): Finally, we generate robust features for lip shape correc-
tion. These features are used by our RBF network to inferipheokrection layer that allows
us to reconstruct high-quality lip shapes
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(@ (b) (c)

Figure 9.3: High-quality lip database. Using a controlled multiview capture setup (a), and lip tattoos (b),
high-quality lip shapes are reconstructed for training (c).

9.3 Data Collection

The main goal is to enhance lightweight face capture methogsrticular by improved reconstruc-
tion of the lips (and the adjacent mouth region). Lips tenddmne of the most challenging facial
regions, especially for under-constrained capture agbesmsuch as monocular reconstruction. To
this end, we construct a training database of high-quaftghapes and learn a regression function
that explicitly maps approximate lip shapes from a lightyieicapture method to high-quality and
accurate shapes.

9.3.1 High-quality Lip Database

We build a database of high-resolution 3D lip shapes wittsthte-of-the-art reconstruction method
of Beeler et al. 2011, which uses a multiview camera setup and controlled stligiting to
produce high-resolution face meshes that are in full vecxespondence over time. For the
application at hand, we con gure the physical setup suchftha cameras are directly focused and
zoomed-in onto the lip region (one stereo pair from abovearafrom below), and six additional
cameras (three stereo pairs) frame the entire face, seeeMdi(a). Obtaining highly accurate
lip reconstructions even in such a controlled environmemt loe very challenging, since the lips
have very few features and change appearance over time. €foomne this and obtain the best
possible 3D data, we apply patterns to the lips via tempa@tgos as shown in Figur®.3 (b),
which provide surface disambiguation and consistency péagance over time, without drastically
altering the natural lip motions of the subject. Fig@8 (c) shows a subset of reconstructed lip
shapes.

The ground truth training data is cleaned up as a pre-prpeegs gums are masked out to remove
penetrations. We assign correspondences between our leabeamd the ground truth reconstruc-
tions once per subject using the method described in Sez#oh No further assignment is needed
as both meshes preserve temporal correspondence. Ouimdraat, the rst of its kind, contains a
very high-resolution and accurate lip shapefor each framef. The lip shapes span a wide range
of lip motions, including smiling, frowning, smirking, l8ég, puf ng, rolling in/out, sticky lips and
side-to-side mouth motions. The dataset consists of batisitions in and out of these complex
shapes, as well as general speech animations. The comatateade of 3289 total shapes captured
from 4 different actors is one of the central contributionsthis chapter. To examine the train-
ing set, please refer to the second supplementary vide® girtiject website A comprehensive

Iwww.violentlips.com
2http://gvv.mpi-inf. mpg.de/projects/MonLipReconstruction/
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(@) (b) (©) (d)

Figure 9.4: Monocular training data. After inpainting the lips (a), we apply the monocular face tracker
presented in Chapter 7 (b). The approximate lip shapes are shown in (c), while corresponding high-quality
reconstructions are given in (d).

description of the performed lip motions is provided in Apgi B.

9.3.2 Training Data for Regression

Given the acquired high-quality shaple of frame f, we wish to learn the geometric difference be-
tween this shape and a coarse monocular approxim@tiolm this chapter, we particularly enhance
the lightweight monocular facial tracker described in Ghap, but in theory any monocular recon-
struction technique could be utilized instead (see, fdaimse, Chaptées). Even though the selected
monocular method captures dynamic face geometry at stdte-@rt quality (see comparisons in
Section7.7.2), it still struggles to capture expressive lip shapes (gper@ments in Sectiof.6) like
most monocular approaches do.

In order to compute the shape difference for training, wethanlightweight tracker on one of the

frontal cameras of the multiview setup. However, the apiliie tattoos would lead to a bias when
training the regression function, since during testingttbeker will be applied to monocular data
without such arti cially added features. To alleviate thi®blem, we digitally inpaint the sequences
to remove the tattoos (details below).

The difference in lip shape between the monoc@iaand the high-quality reconstructioit can

be seen for one pose in Figuded. These differences will be used to train a regression-béged
enhancement algorithm (see Secti@d). It is important to remark that high-frequency details,
e.g., folds and wrinkles, were discarded from both recanttbns and not used for regression,
since these features normally represent idiosyncrasigsrtitular subjects and do not generalize
well across different subjects. In our experiments we fotlnad the coarse lip shapes alone are an
insuf cient feature for robust regression due to the amafipiossible ambiguity (see Sectifr6.2).

For this reason additional lip contour constraints, degat the input images using semi-supervised
learning, were also incorporated as features (detailedudown below).

Lip Tattoo Inpainting

Traditional digital inpainting involves replacing cortugr unwanted image pixels in a semantically
meaningful way, typically using surrounding pixels for éext. Removing the unwanted lip tattoos
is a special case where neither interpolation nor copy tipasacan generate plausible appearance
since the tattoos cover the entire lip region. Fortunatedye we have more information available,
namely the reconstructed 3D geometry. We can thereforey @pgéometry-guided inpainting pro-
cess by capturing and reconstructing each actor one aaflitione without tattoos, and copying
the lip region from the un-tattooed image to the tattooediseges. To this end, we record the
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Figure 9.5: Lip inpainting. Geometry-guided inpainting is performed in UV space to remove the lip tattoos.
Left to right: One image of the training set, the corresponding UV texture, the inpainted UV texture, and the
nal inpainted image after compositing.

Figure 9.6: BEL contour detection. Left to right: Input image, inner lip contour, and outer lip contour.

actor in the high-resolution setup of Beeler et aD11] without wearing the lip tattoo and with the
mouth slightly open to avoid occlusions. During recongiarcof this pose, we use the same mesh
topology as in the lip shape database, putting the un-edt@hape in a dense vertex correspon-
dence with the training data. We construct a UV texture feruh-tattooed lips by projecting the
geometry into the camera images. Then, inpainting eaabotdtimage can proceed by rendering
the lip geometry from the viewpoint of the camera using theattooed texture and compositing
the output with the image using a feathering operation abthadaries.

The drawback of this approach is that the inpainted lips alillays exhibit the same appearance
and lack dynamic effects such as shape-dependent shadimgevidr, we can compensate for such
effects through a shading-equalization scheme. Spety,cale compute the pixel-wise intensity
difference of the lip region between each frame and a refer@ose, chosen to be similar to the
un-tattooed pose, and then add this frame-dependent @mgeachange to the un-tattooed texture.
An example inpainting is shown in Figuges.

Lip Contour Detection

To increase the robustness of the regression function, 2badintour features are included in ad-
dition to the 3D geometric features. Lips are almost feddgse highly deformable and their ap-
pearance changes due to shape-dependent blood ow patt€hesmost reliable visual features
of the lips are the inner and outer contours, of which therng@n occluding contour. We em-
ploy the BEL algorithm proposed by Dollar et a2J0g to automatically detect the contours. BEL
is a general-purpose supervised learning algorithm tleeststes pixels as (non) boundaries over
a small image patch based on a large set of generic fast ésatcluding gradients, histograms
of Iter responses and Haar wavelets at different scales.thdle two separate detectors for each
different illumination condition (i. ., indoors and outts) to regress the inner lip contoBf and
outer lip contowao likelihood maps (see Figur&6) at each framd .

In summary, the collected training data includes high qua&D lip shapes and detected inner and
outer 2D lip contours, and corresponding approximate lapsis from a lightweight face tracker.



147 9.4. LIP CORRECTION LAYER PARAMETRIZATION

Figure 9.7: Mask used for correspondence association. The red region is employed for computing corre-
spondences between the topology of ground truth and monocular (see Figure 9.8) reconstructions.

9.4 Lip Correction Layer Parametrization

We parametrize the difference between the high-qualitpnstuctionsH; and the corresponding
coarse monocular reconstructio@s in frame f using per-triangle deformation gradients, as pro-
posed in Bumner and Popowi2004. Later on, this differential lip correction layék is used to get

an improved monocular reconstructibn.

9.4.1 Dense Correspondence Assaociation

The 3D reconstructionsHf andC;) obtained by the two different reconstruction approaches a
not in vertex correspondence, and in general may not evee i same coordinate system. As a
rst step, we compute a dense set of triangle-to-triangleaspondences based on a fully automatic
Laplacian surface registration technique, describedwelo

Since the only common element of the two reconstructiondésiput image, we use image-
based landmarks as constraints for the deformation. Tcetithtwe use a facial landmark tracker
[Saragih etal. 201140 compute a set of 66 sparse landmarks on the inpaintedeimfite neutral
face. Back-projecting the detected landmarks onto botledese mesh and the high-quality mesh
provide an initial sparse set of surface correspondencesedon these constraints, we perform
Laplacian surface deformation of the coarse mesh, folloayed dense correspondence search via
spatial proximity. Finally, a second Laplacian registatstep is performed based on these dense
constraints and the resulting alignment is used to estaellénse triangle-to-triangle correspon-
dences.

We perform the two-step strategy described above only orcesyibject. Note that the selected
inpainted image is chosen to have the mouth slightly opewndingotential wrong correspondences
in the lip region.

It is important to remark that the ground truth and coarseC reconstructions differ in topology.
Each high-quality mesh iAl is a full 3D head surface that also includes the inner moudmgry
(see Figure.7), whereas each coarse mestCis mainly a 3D face surface (see Figles). To
further ensure the computation of a valid set of dense qoorefences between topologies, we
manually de ne a subregion of the face in the ground truttotogy (shown in red in Figur8.7).
This subregion excludes, among others, the tongue and gums.
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Figure 9.8: Lip correction layer. The lip/mouth region used for regression is shown in red. Note that the
whole mesh was utilized for assigning correspondences to high-quality reconstructions (see Section 9.3.2).

9.4.2 Gradient-based Lip Shape Representation

We formulate the shape correction layer in the gradient domahis is preferable over position-
based corrections because the high-quality and coarseesesty differ by more than just lip shape,
e.g., the monocular tracker may also have a slight error thdend gradient-based correction is
ignorant of such global transformations. The gradient fdation is also advantageous since it
allows us to regress improved shapes for only the con neibregf the lips and the surrounding
mouth area, yet to smoothly blend these improvements wétsthrounding face in a subsequent
integration step.

The gradient-based lip correction layer captures diffeesrin surface orientation, scale and skew
for all the T triangles in the lips and the local mouth region, as de nedthy mask shown in
Figure9.8. In a rst step, per-triangle deformation gradieﬁg) 2 R3 3 petween thd faces of the
meshC; and the corresponding triangleshin are computed. We map from the monocular tracking
results to the high-quality reconstructions using a néfriaane ( rst frame f = 0 of the sequence)
as anchor point:

h i

e = HY By cf . (9.1)
2} G [z}

Ho! Hs Gl G
The deformation gradien@(ft) and H(ft) model the expression of the monocular and high-quality
reconstruction, respectively. The difference in identiiynply caused by the quality difference in
the two trackers, is encoded usiB§). This operator can also account for differences in topology
between the reconstructions, for instance, orientatidocafl mesh triangles. Note that with the pro-
posed deformation gradient operar only a simple per-triangle mapping needs to be computed.
This way, we can avoid any unnecessary deformation traetdprbetween coarse and high-quality
shapes which not only is inef cient, but also deteriorates quality of the ground truth data.

As already explained in Sectioh3.5 the deformation gradients jointly encode the rotatiomesc
and shear as a single matrix. This will be problematic foresgion, as internally the correction
layer will be interpolated linearly.

The deformation gradients jointly encode the rotation)esead shear as a single matrix. This
will be problematic for regression, as internally the coti@n layer will be interpolated linearly.
To overcome this problem, we compute the polar decompasitiothe gradient matri>G(ft) =
Q(ft)S(ft), factoring into rotation and shear. From these matricesgxieact rotation, skewing and

scaling factors (please refer to Sectio.5for further details). In total, this leads to 9 parameters
per triangle which allow for linear interpolation. The lipape correction layer; 2 R%T stacks
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Figure 9.9: Relative distance features. We use inter contour (green) and outer contour (yellow) distances
to de ne the robust features for lip shape regression.

the computed per-face deformation gradients, and will leetéinget of our regression framework
described in the following section.

9.5 Lip Shape Regression

We learn the difference between the inaccurate and trueBBhkpe based on a regression func-
tion. The captured training dafia= fo;Hf;Blf;B?;\fg'f::O consists of the inaccurate monocular
reconstruction€;, the accurate multiview reconstructiods, the computed inneIB'f and outerBP
BEL contour maps and the corresponding ground truth ougyar! ¢.

9.5.1 Robust Features for Lip Shape Regression

We use a set of discriminative featurethat allow us to robustly predict high-quality lip shapes
given inaccurate monocular reconstructions. In the featactor, we jointly encode the inaccurate
reconstruction result as well as the target contour cansstaWe wish to encode the reconstruction
in a compact manner, which is also independent of the péaticaconstruction method in order to

make the proposed approach as general as possible.

We de ne a low-dimensional shape subspgceby computing Principle Components Analysis
(PCA) on the 75 blendshapes used for monocular tracking aeg B9% of the variance. The
inaccurate results are then projected onto this subspat#don a shape vector of lenghj = 33.

Target contour constraints are de ned by a set of relatie¢uiees that take the shape of the detected
inner and outer lip contour into account. These featuresiarmalized based on the inter-ocular
distance, to make the regression results independent lp&lgiiepth changes. We sample the inner
and outer lip contour based on a search that starts from tinecatar reconstruction result. To this
end, in a pre-process, we specify isolines of the outer ligaar on the template geometry. Starting
from sample points on the monocular reconstruction reguti@outer contour, we search for the
closest maxima in the BEL likelihood maps along the grad@rihe isolines. The found maxima
in the maps} and Bfo are the corresponding points of the inner and outer contespectively. We
use the obtained outer and inner contour points to de ne afsedlative features that encode 10
distances on the outer contour and 10 distances betweendlmhtours, see Figu&9. Note that
this exploits the correlation between the 2D contours ardatitual 3D lip shape. Overall, together
with the PCA coef cients, the lip feature vectbhasM = jy j+ 20= 53 components.
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9.5.2 Local Radial Basis Function Networks

Given the per-frame lip features and corresponding lipemtion layers f;" ¢gf. ;, we learn for

each of theT triangles of the lip correction layer a regression functiéh: RM ! R® using a vector-

valued radial basis function network (RBFN). We use a nétveschitecture with a single hidden
layer (see Bishop 2008), and the associated  F neuronsF,:RM! R have xed prototypes

pn 2 RM in feature space and share the same sg&leR:

Fa(f)=exp b jipn fii5 - (9.2)

Prototypesp,, are obtained by a temporally uniform sampling of the trainiequences. The out-
put node implements a linear weighted summation of the paramn activation levels and adds a
constant bias parameter2 R°:

" #
N

0@ = 3 wlPFnf) +b . (9.3)
n=1

We tackle the problem of nding thal weightswﬁt) 2 R? for each trianglé using ridge regression
[Hoerl and Kennard 20Q0
mn #

. & "t 2 & 2
min g rO) °f ,fa & w . (9.4)

{z } Pi{z—f

Edata Ereg

Here, the data termaya:a encodes how well the training data is reproduced and the rielgularizer
Ereg prevents over tting. The importance of the regularizer @tolled by the ridge parameter
a. Optimal values fora and the scale parametér are found via cross-validation. Since the
optimization problem is quadratic, the minimizer can benfiy solving a linear system. Note,
the linear system decomposes into 9 independent linearahblems of sizeN N. Since all
subproblems share the same system matrix (only the rigid-biaes differ), the regression function
can be ef ciently computed.

Given a new input feature vectér the corresponding per-triangle correction can be obtaine

W= 0. Afterwards, the high-quality lip shagie can be reconstructed by integrating the per-
triangle deformation elds using deformation transferrfher details can be found in Sectigrt.2).
Note that all steps are performed in a canonical frame fatiat and translation invariance.

9.6 Experiments

We demonstrate the applicability of the proposed methodvariaty of different datasets. In total,
we captured 3 female and 3 male subjects, henceforth rdfesras S1-S6. S1-S5 were recorded
indoors in the multiview setup described in Sect#B.1using 4MP machine vision cameras, but
only S1-S4 were used for training. We additionally captu88dS4 and S6 outdoors with an iPhone
camera (resolution 19201080, 30 fps). Finally, we also tried our approach on a legadgo
downloaded from YouTube, where the US president (Baracki@haommemorates Independence
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Figure 9.10: Reconstruction quality - Subject S1. The proposed RBFN regression successfully improves
the coarse base tracker (Chapter 7) to better handle stretching, bending and rolling of lips.

Day on July 4 (this sequence was also employed to generateghks shown in Section.7.1and
Section8.5.1). Overall, the proposed approach was evaluated on 11 seemiéh captured using a
controlled studio setup and 7 in a general uncontrolledrenaent).

For the experiments shown below, we evaluate differenigtesioices and compare with a model-
based tracking approach using enhanced lip blendshapesxaitidit lip contour alignment con-
straints. In the different quantitative and qualitativelesations, we use three different types of
regressors:

PS: A person-speci c regressor trained for a speci ¢ subjechisiregressor is only applied
to sequences of the same subject. Note though that trainth¢eating datasets are disjunct.

MS: A multi-person regressor trained on four different sulgd&1-S4). The test subject can
be any of the four. Again, training and testing datasets mjarttt.

GR: A generalization regressor trained on three or four subj@mit of S1-S4). The identity
of the test subject is not included in the training set.

The results reported here, especially the motion of the éipsappreciated best as video. Thus, the
reader is strongly advised to watch the supplemental videt®e project website

Runtimes and Parameters ~ On average, the runtime of our method (after training) israxip
mately 25 sec/frame on an Intel Xeon E5-2637 CPU (3.5 Ghzer&l20 seconds are spent on
monocular tracking (Chapté&) and 5 seconds are added for our new lip correction apprdoactl.
performed experiments, we use every tenth frame of theitigaset to de ne the prototype vectors
of our RBF lip correction network. All parameters of our reggor remain constant during the ex-
periments (see Sectidh6.2. Note that the lip correction layer modi €6 = 32k triangles faces,
which mainly correspond to the lip and mouth region of therseanesh.

9.6.1 Results

We use our novel lip correction network to improve the retmtsion quality of the monocular
face tracker presented in Chapteto which we will refer to as coarse base tracker in the folhay

To this end, we use data captured by one of the frontal canoéithe multiview setup, as well as
outdoor video footage captured under general uncontrdlledination with an iPhone camera. A

3http://gw.mpi-im‘.mpg.de/projects/MonLipReconstruction/
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Figure 9.11: Lip protrusion - Subject S1. The proposed regressor is more resilient to the depth ambiguity
inherently present in monocular tracking and can plausibly reconstruct protruding and rolling lips.

Figure 9.12: Results on outdoor scenes - Subjects: S3 (left), S4 (right). Our proposed regression frame-
work substantially improves on the lip shapes reconstructed by the coarse base tracker (Chapter 7). Note
how especially challenging lip motions, such as rolling or stretching, are better captured in the re ned re-
sults. The regressor is even able to improve the reconstruction quality of the surrounding area, such as

nasolabial folds or the chin.

coarse base reconstruction is obtained and the regregseariection layer is applied. Figugl
and Figure9.12 show the coarse base and re ned reconstructions for indodroaitdoor setups,
respectively. In this experiment, we used M8 regressor speci ed above. As it can be seen, the
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Figure 9.13: Generalization results to novel subjects - Subjects: S5 (left), S6 (right). Our generalized
regressor GR generalizes well to novel subjects and general outdoor scenarios.

regressor successfully improves the lip shapes of the nubiobase reconstruction. Especially,
inward and outward rolling of the lips, lip protrusions, aheé kiss shape are nicely captured. This
is further emphasized in Figu@l1land Figured.10, which visualize surface stretching and shape
change from side views.

Please further note that shape improvements are alsoevisiltthe face region surrounding the lips,
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Figure 9.14: 3D lip shape - Subject S6. Our generalized regressor GR nicely captures inward and outward
rolling of lips (even for novel subjects) given just a monocular video.

Table 9.1: Quantitative evaluation of different reconstruction strategies. Reconstruction error in cm, com-
puted as the average Euclidean distance to the ground truth lip reconstruction H. The reconstruction strate-
gies are (from left to right): Base tracker, base tracker with contour alignment constraints, personalized
regressor, multi-person regressor, and generalized regressor.

| Base | Contour | RBFN (PS) | RBFN (MS) | RBFN (GR)
0.40 ‘ 0.39 ‘ 0.33 ‘ 0.30 ‘ 0.32

mean

std. dev.| 0.14 0.12 0.12 0.10 0.11

where the regression adds plausible bulging and folding@fkin, which supports the lip shapes
(Figure 9.1, left; Figure9.12 top left). In addition, we applied our generalized regoessR to
novel subjects captured both indoors and outdoors; ther legtorded under conditions that sub-
stantially differ from the training environment, as showrHigure9.13 As it can be observed, the
lip correction network generalizes nicely to uncontrolgegnarios and different illumination condi-
tions, since the shape-based features used for regressitesa sensitive to changing environment
conditions than photometric cues. Again, inspecting the dlosely and from the side (Figudel4)
clearly illustrates how the overall shape is improved byregression strategy.

We also applied our approach to an uncontrolled sequenceldaded from YouTube, where the
US president speaks naturally in front of the carfiedigure9.15 shows that our approach also
generalizes well to unconstrained capture setups exigbgome mild head motion and rotation.
Note that the regression-based lip correction approachaves the shape of the reconstructed lips
(even for blurry images) and captures details around tise dipg., the nasolabial folds and dimples.

9.6.2 Validations

Generalization Properties of the Regressor We evaluate the generalization properties of the
proposed lip correction RBF network. To this end, we traiagoerson-speci c regress®s, a
multi-person regressdviS and a generalization regres8R. We qualitatively and quantitatively
evaluate the accuracy of these three architectures on segseénce of S2. Figugel16shows color
coded error maps with respect to ground truth reconstmsti&or the corresponding numbers see
Table 9.1 The obtained reconstruction quality is largely independsd the regressor type. This
shows that our approach generalizes well to novel subjetisdaes not require person-specic
training data.

“https:/lyoutu.be/d-VaUaTF3_k
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Figure 9.15: Results on internet video footage - Barack Obama. The proposed regression framework
generalizes well, even to internet video with general unknown lighting. Compared to the coarse base tracker,
our approach reconstructs higher quality lip shapes (even fast lip motions are signi cantly improved). Note
that nasolabial folds and dimples are also corrected.

Evaluation of the Regression Strategy We compare our RBFN regressor with a simple linear
af ne regressor just as it was used in Chaf@dor ne-scale detail deformation, see Figudel?.
Especially surface dynamics are better handled by the peaboon-linear approach. We also
guantitatively show this improvement in a cross-validatexperiment. To this end, we train both
regressors on the same training data, while leaving out af setlidation clips (732 frames). In a
rst step, we select the best parameters for both regressimg cross-validation. The RBF network
performs best fom = 0:1 andb = 0:1. For the linear af ne regressor, the Tikhonov regulaiaat
parametea = 2:0 leads to the best results. With these parameters, our RB§fdgsor obtains an
average feature space error of® (004 standard deviation). In contrast, the linear af ne regoe
has a higher average feature error df(0.05 standard deviation).

In uence of Input Features on Regression We also quantitatively evaluate the in uence of dif-
ferent input features. To this end, we compare the crosdatain error as well as the tracking error
on our ground truth sequence of S2 for different feature rifgtecs. Tabled.2 and Tabled.3 show

that the use of both PCA coef cients and relative distan@duiees improves upon descriptors that
are only based on one of these two features. This can mairdgdyéed to certain ambiguities that
cannot always be resolved by relative distances or lip sigapenetry alone, e. g., symmetrically-
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Figure 9.16: Comparison of generalization properties of different regressors - Subject S2. From bottom to top: GR regressor performs comparable to MS and PS,
and all the regressors improve upon the reconstructions of the coarse base method. This is demonstrated by the heatmap overlays, which show the Euclidean
distance error to the ground truth reconstructions H.
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Figure 9.17: Comparison between linear af ne regression (middle) and th e proposed RBFN regressor
(right) - Subject S2. The Euclidean distance between the regressed reconstructions and the ground truth
(shown as a heatmap overlay) con rms that non-linear regres sion leads to smaller errors.

Table 9.2: In uence of features. Cross-validation error in feature sp ace (i. e., deformation gradients space),
computed as the average L, norm of the difference between the true lip shape correction = and predicted
correction ".

| PCA coef cients | Relative distance featurdsCombined
0.14 0.17 0.13
0.05 0.06 0.04

mean
std. dev.

Table 9.3: Inuence of features. Reconstruction error in cm, computed as the average Euclidean distance
between the ground truth lip reconstruction H and the improved lip shapes L.

| PCA coef cients | Relative distance featurdsCombined
0.32 0.33 0.30
0.12 0.13 0.10

mean
std. dev.

consistent lip deformations or depth-involving lip shgpespectively.

Comparison to Model-based Lip Tracking In order to perform a baseline comparison, we ex-
tended the monocular face tracker presented in Chaptehich also serves as our base tracker,
by incorporating explicit lip blendshapes and lip contoligrament constraints. Person-speci c lip
blendshapes have been computed based on the high-qualttyiew reconstructions. In partic-
ular, we transferred 30 user-selected expressive lip shipthe 3D identity shape estimated by
the monocular tracker using deformation transfeurhner and Popowi2004. Lip contours are
detected using BEL and the optimization process tries gndlie inner and outer contour of the
model with the ridges in the likelihood maps. Since the ino@ntour is an occluding one, we
perform this optimization in an iterative ip- op fashionThis is similar to the approach used in
[Anderson etal. 2013a

As can be seen in Figu&18 the regression-based approach obtains higher qualitjtsegvhich
align to the ground truth better. Talf)el shows the corresponding statistics for the reconstruction
errors. This test shows that, in particular for capturing titue rolling and stretching of the lips,
even enhancing previous model-based methods with addlitiorage constraints is not suf cient.
We can obtain a better spatial alignment, more expresgivehiapes and better recover stretching
and bending of the lips, without having to tediously augnaeparametric 3D expression model per
person.
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Figure 9.18: Comparison between the proposed RBFN regressor (bottom row) and an augmented model-
based tracking (middle row) - Subject S2. The heatmap overlays show that the RBFN regressor outperforms
a model-based tracker which utilizes explicit contour alignment constraints and additional person-speci ¢

lip blendshapes.

9.7 Discussion and Limitations

In this chapter, we have demonstrated high-quality lip sh@gonstructions even for challenging
and expressive mouth motions, such as a kiss or rolling Mykile these compelling results are
obtained from just monocular video footage, the proposedageh still has some limitations: First,
it is based on a set of collected training data and share@tiitation of learning-based approaches,
i. e., itdoes not generalize well to situations that aretdrally outside the span of training examples,
such as faster or more expressive motions than those uséifuing. This could be solved by
capturing more training data. Such an extension requiesavhilability of a high-quality multiview
setup; however, it is a one time investment.

Furthermore, while the employed feature descriptor isstegion invariant, it is not invariant to
rotations, especially out-of-plane head orientationsadfiag different head rotations would require
an extensive amount of additional training data. Altex@yi this problem could be alleviated by
compensating for rigid head motion before feature comjartat. e., projecting the sample points
onto a tracked plane in front of the mesh and computing theéocordistances in 3D. It is also
important to remark that BEL is sensitive to lighting anaaty color changes. Hence, the detector
must be re-trained for the individual illumination condiis (this could in theory be overcome with
a suf ciently large dataset containing these variatior8y. choice, one could also use a different
contour detection strategy that is more robust to thesatiamis, which is totally feasible since our
algorithm does not directly depend on the chosen structetectbr. Drastic appearance changes
(e.qg., dark vs. pale skin color or beards) could be handledsimilar manner. On the contrary, our
shape features are only based on geometric properties atiteaefore invariant to these situations.

Mild facial hair is normally captured as high-frequencyaiby both the multiview reconstruction
and the baseline algorithm. As such, it can be decoupled fihencoarse lip motion estimation and
does not pose a problem. Thick beards and occlusions, ortliee lwand, can make the approach
fail, since a robust detection of the lip contours would netags be possible. Overall, it is ex-
pected that the reconstruction quality can be further ivgadoy increasing the amount of training
examples.

As demonstrated by the results in Secti#B, the proposed lip correction method is capable of
regressing the lip shape very well, but since all the featare translation invariant, an accurate
alignment to the input data cannot be guaranteed. In marnlcappns this is not of paramount
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importance, i. e., lip reading or movie dubbing. Future waik address this by incorporating the
detected contours as reprojection constraints into théigmabased reconstruction strategy.

9.8 Summary

In this chapter, we have presented an approach to fully aattoatly reconstruct expressive lip
shapes along with dense geometry of the entire face, fronmjaeocular RGB data. At the core of
this approach is a novel robust regression function thah$ethe difference between inaccurate lip
shapes and true 3D lip shapes based on a captured databégge arfith low quality reconstructions.
Rather than resorting to unreliable photometric featutesproposed method utilizes shape features
computed from extracted inner and outer lip contours. @atdle and quantitative results have
demonstrated that the proposed monocular approach reactsshigher quality lip shapes, even
for lip rolling or kiss shapes, than previous monocular apphes.

Since subtle visible nuances in face and mouth expressiongty in uence the interpretation of
speech and intent, we can anticipate that the approachnpeelsien this chapter will be particularly
helpful for applications that deal with audiovisual coritére., movie dubbing (see Chap®@rand
lip reading.

The algorithmic contributions proposed in this chapteatyeadvance the state of the art in photo-
realistic facial animation. We believe that when combinethwhe contributions presented in pre-
vious chapters it will be possible to create and animate@herlistic 3D face avatars with very

expressive personalized faces and mouth motions usintyaagbmonocular video footage, either

captured on set, self-recorded, or even downloaded frormtamet.

There are still some challenges concerning the capturecekfthat need to be addressed rst to
enable full digitization of 3D avataia the wild ChapterlOwill give an outlook to future directions
in this regard.






Chapter 10

Conclusion

Cutting-edge advances in technology in the digitizatigmephe now allow the movie industry to
create and animate virtual 3D face avatars with persorthézpressions that look indistinguishable
from real actors. Digitizing photo-realistic faces, howgwomes at the price of extensive manual
work and sophisticated multi-sensor capture systems thabgensive to build and that only work
with in-studio controlled illumination. They also cannat bsed for actors that are physically not
present, e.g., vintage movie stars. Lightweight appraattaee simpli ed and democratized the
capture process by using commodity sensors, but the recotest 3D models lack the amount of
detail and realism which is necessary to produce videast&ahnimations.

We envisage an automatic, lightweight framework that takesbest of both worlds: It creates a
photo-realistic, fully-controllable 3D face avatar thancbe used for performing complex facial
animation and video-realistic editing tasks while beingaoted from a 2D video recorded under
uncontrolled setups. This way, we could revive vintage rgabo even animate ourselves.

This thesis has presented a state-of-the-art toolbox ofigthgns towards that goal: Photo-realistic
capture, animation, and editing of high-quality synthéia face models from unconstrained 2D
video and that are affordable for anyone. Novel technicabades have been developed in three
different areas, as brie y sketched in Figur@.1 On the capture side, we have developed accurate
and robust face tracking algorithms, from keyframe-basedihark location re nement and semi-
constrained model-based 3D capture to multilayer paracr#&lir tracking and regression-based 3D
lip reconstruction in unconstrained video footage. On thienation side, we have started with 2D
video-based retargeting based on robust image metridtewiad by performance-driven transfer of
detailed 3D models. Finally, we have automatically cregtesonalized, controllable 3D rigs to
improve retargeting. On the editing side, we have moved fsonple image-based compositing to
capture-based editing using photo-realistic face albedbpdausible mouth interior synthesis. As
a proof of concept, we have tested our methods on differetiife application scenarios: simple
texture editing, reenactment, visual dubbing, and videaitiag.

In the following, we conclude the efforts achieved so farstiwe restate and discuss the presented
contributions. Then, we review some extensions not exglorehis thesis, but recently developed
as joint work. Finally, we examine some open challenges ttdsvaull head digitizationin the wild

161
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Figure 10.1: Overview of the main contributions presented in this thesis. From left to right: Capture: Semi-
constrained model-based 3D face capture, personalized multilayer 3D face reconstruction in unconstrained
setups, and accurate 3D lip shape regression. Animation: Performance-driven transfer of detailed 3D
models, and animation of personalized, fully-controllable 3D face rigs. Editing (applications): Video-based
retargeting and simple compositing (reenactment), plausible mouth synthesis aligned to audio (visual dub-
bing), and photo-realistic face synthesis (visual dubbing, rewriting). Note that the edited results are shown
on the right side.

10.1 Summary and Discussion

This section recapitulates the core contributions preseimt Chaptergl-9 and provides a brief
discussion of some remaining challenges that were not ssigldan this thesis.

Chapter4 presents a fully-automatic, video-based reenactmentaddtiat replaces the face of a
target actor with that of a user, while preserving the faexg@ressions of the target actor. Atthe heart
of the approach is an improved 2D tracking algorithm that@tgpoptical cues between keyframes
to track accurate landmarks, which in turn are used to datetteplace faces. Expression transfer
is formulated as a retrieval problem that selects souraadsabased on robust appearance and
motion descriptors as well as temporal clustering. Fackacement is performed using a simple,
yet effective, warping strategy that preserves facial shalpile matching head pose.

Image-based tracking and transfer methods usually extribitlems in the presence of challenging
facial motion and head rotations. To overcome these lifoitat Chapteb introduces a state-of-
the-art model-based approach that captures detailedp4patporally coherent 3D face geometry
as well as the incident illumination from 2D videos with knowamera intrinsics and coarse 3D
geometry of the actor's face. This approach leverages tdandmark tracking (Chaptet) and
temporally-coherent dense optical cues to track the acfacial motion accurately on long se-
guences. An adapted shape-from-shading framewdalggerts etal. 2013tallows us to recover
the scene lighting and ne-scale skin geometry by explgitihading cues in the temporal domain.
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Chaptei6 exploits the potential of the previous model-based appraad introduces a performance-
driven system for video-realistic retargeting of detaifadial models whose mouth motion aligns
to a new audio signal to perform visual dubbing. Unlike Ckagf the mouth motion transfer is
conveniently carried out in the blendshape space. A newacsfEhporal rearrangement strategy
that employs both the actor's and the dubber's performalner allows us to retrieve a temporally-
consistent detail layer for the new synthetic performamdach is in sync with the dubbed audio.
Photo-realistic compositing is nally achieved by captigia dense face albedo map of the actor's
face and synthesizing a plausible mouth interior via a 3Ght@eoxy and image warping. This
approach shows results of superior quality when comparedage-based compositing (Chaptgr
that suffer from bleeding and ghosting artifacts.

Motivated by the inability to track performances in arhiygraideos as well as estimate and parametrize
person-speci ¢ mid-scale deformations, Chapigoroposes a fully-parametric personalized face
capture method that inverts the image formation procesgdonstruct face models with multi-
ple layers of details from unconstrained footage, e. geasddownloaded from the Internet. The
heart of this approach is a novel parametric face prior tiatly encodes the camera model as
well as plausible appearance and shape changes. The appe&anodeled by skin albedo and
scene lighting, whereas the shape is encoded by a subspezarsé facial identity and expressions,
person-speci ¢ medium-scale correctives, and ne-scéle details. These layers and other related
parameters are optimized automatically in a common invenséering framework.

Chapter8 goes beyond face tracking and presents an automatic detarapproach to the creation
of detailed, personalized 3D face rigs from arbitrary madacperformance capture data. The re-
constructed face rigs are based on three distinct shapes|é@@bapter7) and learned by coupling
the coarse layer to the medium- and the ne-scale detaiklthyeugh a sparse linear regression ap-
proach. Such coupling allows us to conveniently drive tge with intuitive blendshape controllers
to easily perform video editing and animation tasks.

Finally, Chapter9 presents an effective data-driven approach for the autormretonstruction of
detailed and expressive 3D lip shapes, along with the deasenetry of the entire face, from
monocular 2D video. Accurate lip shape is learned from a natalmhse of high-quality multi-
view reconstructions using a robust gradient-domain mogal regressor. The proposed regressor
is trained to infer accurate lip shapes from suboptimal nealar reconstructions and automati-
cally detected inner and outer 2D lip contours. Currentltegslemonstrate superior quality when
compared to state-of-the-art face capture (Chaptezspecially for challenging lip motions.

Discussion  As stated in Chaptet, capturing detailed facial models is the key to the succéss o
the digitization pipeline and any inaccuracies adverstgcathe quality of the animation and edit-
ing step. In arbitrary monocular setups, reconstructingnidlels is per se an ill-posed problem,
since there is no information about depth and scene illutisinaThe presence of partial occlusions,
extreme head rotations, and lighting changes may rendea8® digitization even more dif cult
and cause reconstruction artifacts. The state-of-thadgwrdnces proposed in this thesis (see Chap-
ter 5 and Chaptei7) now allow us to estimate the incident lighting and track 3Ddels even for
challenging head rotations and expressive facial motiviiga accuracy, thus assuring suf cient
realism in the animation and editing of digital faces. Ferthore, advances in lip tracking (see
Chapterd) now enable us to handle strong deformations and disoctlssif the lips, which are of
paramount relevance in speech-related applications astdpbalistic facial animation. Remaining
challenges, such as harsh occlusions and local lightinggesa were not covered in this thesis and
are further discussed in Secti@f.3
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(a) (b) (c)

Figure 10.2: Limitations in the capture and animation of face rigs. (a) The eyes are not modeled but
rendered as a planar 3D surface with static albedo. (b) No tongue model is reconstructed. (c) The upper
and lower tooth rows are modeled with generic teeth proxies, which may lead to unrealistic 3D animations
for extreme poses.

Currently, the proposed framework, mainly the face capsteg, runs of ine. As stated in Chap-
ter 1, this thesis aims to obtain high-quality results with nortonimal) user interaction, ambt to
achieve realtime performance. The capture and animati@bdhce models from a few minutes
of 2D footage take several hours, which together is a drasficovement compared to weeks of
manual work. However, immediate feedback is always a dasirfeature and could help detect
any potential mistakes at early stages of the digitizatimtess. Follow-up work in realtime face
capture has been conducted in this regard and is discusSstiion10.2.1

Advances presented in Chap8anable the creation and animation of detailed and fullytodiable

3D face rigs from standard 2D video input. The reconstrucigsl however, do not model the en-
tire human head and therefore lack important facial feafuoe instance, the tongue, the teeth, and
scalp hair. In Chaptes, we have proposed a simple solution based on a generic 3Dpa®wty with
the appearance of the actor's teeth to model part of the eratyc While such an approach pro-
duces plausible video compositing results in speeche@lapplications, it fails to produce realistic
facial animations under extreme facial expressions andmomnal poses, as seen in Figure.2(c).
Reconstructing realistic 3D teeth has been recently agédes a joint work and is brie y reviewed
in Section10.2.2 The reconstruction of other parts of the head, e. g., thgusnremains an open
scienti ¢ question that will be examined in Secti@f.3.2

10.2 Extensions

This section brie y describes two relevant follow-up work@ncerning the challenges that were not
addressed in this thesis.

10.2.1 Realtime Performance Capture

State-of-the-art approaches, which solve a similar no@ali optimization problem to that presented
in Chapters5 and 7, have demonstrated that a drastic reduction in computimeg is feasible
by harnessing the data parallel processing power of the GPligg etal. 2016Wu etal. 2014
Zollhofer etal. 2014

A joint project, which aims at realtime face captumethe wild has been recently conducted with
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Figure 10.3: Reconstructed 3D teeth (right) from a set of photographs (left). The synthetic teeth accurately
t the input data when overlaid over the images (center).

other members of the Graphics, Vision, and Video (GVV) group this project, we have im-
plemented the multilayer method introduced in Chapteparticularly the optimization of the
coarse and medium layer, on the GPU using the CUDA multiattiirey model in a similar way
to [Thies etal. 201p However, we perform the optimization of the 3D face sugfat the vertex
level.

To facilitate data parallelization, we replaced the LevagbMarquardt optimization stage described
in Section7.6 by Gauss-Newton. At every step of the Gauss-Newton algoyitm optimal linear
updated is obtained by solving the normal equatiaiisld = J” F via preconditioned conjugate
gradient, wherd is the Jacobian matrix arfel denotes the vector of residuals of the objective func-
tion. BothJ>J and J”F are ef ciently computed on the GPU. Note that the paramet¢ithe
different layers are now jointly optimized, as opposed @ ithulti-step optimization strategy de-
ned in Section7.6. Such a data parallelization strategy now allows us to &ehiealtime tracking

of the coarse and medium layer. We also expect a drastictiedtin the computation of the ne
layer in the future. We equally foresee that the algorithmoppsed for facial animation and face
editing will bene t from the data parallelization on the GPU

10.2.2 Beyond Face Capture: Model-based Teeth Reconstruction

The reconstruction of detailed teeth models has not redeivech attention but is crucial for the
digitization of avatars that must produce realistic expi@ss. In a recent co-authored paper pub-
lished at Siggraph Asia/fu etal. 201§ we have presented a model-based, lightweight approach
for non-invasive reconstruction of person-speci ¢ higlatity tooth rows, and also gums, from a
short monocular video clip or a sparse set of photograplesHgrire10.3. The reconstructed mod-
els can not only be used for digital actors, but also in médipplications for quick prototyping.

The key component of the proposed approach is a novel paiartaith row prior for the upper
and lower teeth that is learned from a database of 86 higltgdantal scans. The prior encodes
the local shape variation of each tooth relative to an awetagth shape, the pose variation of each
tooth within the tooth row, as well as the global position andle of the entire tooth row. Plausible
pose variation of each tooth is modeled as a multivariates§ian distribution and learned from the
database. Local shape variation is modeled using princgraponent analysis (PCA).

We also contribute a novel tting approach that leverages ghior mentioned above as well as
automatically detected teeth contours to t the tooth rowghe visible teeth regions while still

synthesizing plausible geometry for occluded teeth. Stiaetéh boundaries are not xed, the op-
timization is implemented in an expectation-maximizatfommework. To account for shapes and
poses not explained by the prior, out-of-space deformai@mhaplacian regularization is performed
in a second step. The deformed 3D model is colored via piegetdxturing and smoothly blended
in with the default colors of the model in occluded regionsibtain photo-realistic appearance for
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the teeth and gums (see Figu@.3.

Note that this is the rst method to reconstruct a persoedliteeth and gum model at high delity
using a lightweight capture setup, e.g., a handheld devitese advances take us another step
closer to the digitization of photo-realistic 3D head agtéghough there are still limitations: The
teeth contours must be accurately detected to obtain highitg 3D reconstructions. This is not al-
ways guaranteed for unconstrained input containing sha@md appearance changes in the mouth
interior. Additional constraints, such as inter-teetHisimn and shape-from-specularity constraints,
could improve robustness and tting quality. Furthermarggnual initialization is required to en-
sure convergence. Such a problem could be alleviated byoainghthe teeth to the tracked face
model. In fact, combining constraints of both models shosagpotential for accurate face tracking,
and we hope this will inspire future work.

10.3 Future Work and Outlook

In this section, we discuss other remaining aspects notredve this thesis, including challenges in
the capture of the outer face and head geometry, as well asabrstruction of other facial features,
e.g., tongue, eyes, and hair. We also share some thoughtespeptive research directions.

10.3.1 Challenges in Face Capture

In this thesis, we have assumed a pure Lambertian re ectaramiel to make face reconstruction

a mathematically tractable problem. However, the humaa, faspecially the skin, is a complex
object that scatters and re ects incident light. As a consege, the Lambertian assumption in-
troduces erroneous shape details in the presence of spbimlitights and can also produce over-
smoothed face surfaces during rendering, as illustrat&dgare 10.4. Furthermore, extreme light-

ing, e. g., directional spotlights, can also lead to artffac

Given the problems mentioned above, a natural follow-upaesh topic is to decompose the face
in its intrinsic image components, i. e., diffuse shadimggailar highlights, subsurface scattering
of skin, and possibly also albedo changes, as proposedi &t §l. 2014 Lietal. 20153 Such

a decomposition could contribute not only to improve thekiag and the reconstruction of de-
tailed face models but also to edit video-realistic digftales with advanced effects, e.g., make-
up [Lietal. 20154 Intrinsic face decomposition in video, however, is quitmbitious because
temporal consistency must be preserved, even in the pres#niast motion. Besides, robust,
yet ef cient, parametrization of the intrinsic layers muadso be guaranteed to reconstruct photo-
realistic face appearance models on videos of differergtiein a reasonable time. In this re-
spect, alternative parametrizations to conventional esipe physically-based models could be ex-
plored for ef ciency. Some options may include the use of glat bases to represent specular
re ections [Li etal. 20134 and texture space diffusion to simulate scattering oftlighthe skin
[Borshukov and Lewis 20Q3particularly during rendering.

Another important assumption made in this thesis is thatabe surface is not occluded by external
objects. The presence of occluding objects are known toecartiffacts in the generation of the
personalized albedo map as well as the reconstruction eéaade skin details, e. g., wrinkles. The
tracking algorithms proposed in Chapi#however, are still robust to mild occlusions, such as hair
on the forehead and light beards, thanks to the use of demderpétric correspondences. Strong
occlusions, e. g., hands in front of the face, pose a majdii@nofor the tracking of the coarse- and
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Figure 10.4: Limitations of the Lambertian re ectance assumption in the reconstruction and synthesis of
faces. Left to right: Reconstruction artifacts due to specular highlights on the face. Renderings with over-
smoothed facial details.

the medium-scale layer, since these steps rely on landnedektibn algorithms and priors that can
only understand image cues having distinctive facial fieestu

Very recently, Saito et al2pD1§ employed deep learning to explicitly segment the face ienfagm
occluding objects (e. g., hands, hair, glasses, and shadmssshowed that a clear foreground and
background separation could drastically help increasedtnastness of tracking in 2D videos. Even
though they mainly show the potential of the segmentatiorrdgressing coarse 3D shape, such
a segmentation could additionally be employed to discamtgrhetric constraints in non-facial
regions to allow a reconstruction of ne-scale surface iliethat is free of artifacts. There are still
some important aspects to be considered. As the face segfinanivorks on a per-frame basis,
ickering boundaries appear when generating the segmientatasks, especially when occluding
objects suddenly (dis)appear, resulting in high-freqyegitter during 3D shape estimation. As such,
temporal priors should additionally be incorporated taecd temporal robustness during tracking.
Still, we can anticipate that further advances in face segatien will open up new directions in
the capture of 3D digital faces froin the wild setups.

10.3.2 Beyond Face Capture: Tongue, Eyes, and Hair Reconstruction

The capture framework proposed in this thesis shares thiation of related work that no detailed
eye(lid) and tongue models can be reconstructed from a nutarogideo alone (see Figudd.2).
Possible approaches to tackle this problem are explordtkifotlowing.

The synthesis of photo-realistic tongues is a desired featufacial animation that can help im-
prove not only realism but also speech comprehension. iniglthanges and recurrent occlusions
in the oral cavity, however, make the reconstruction of t@sgfrom visual cues alone dif cult to
achieve. As such, tongue models are typically synthesized $peech using a large corpus of high-
resolution 3D faces that are correlated to audio dAtadgrson etal. 2013aYpsilos etal. 2004
Kawai et al. p019 alternatively leveraged a large image set of 2D tongue andtimdeforma-
tions connected to audio to render quasi 3D animations ofithkgth interior during speech. These
techniques, however, mainly focus on plausible speechatiuns, not on the synthesis of photo-
realistic 3D tongue models. A recent work proposed by Hewat.¢2014 201§ can now deform

a template mesh to MRI scans of the tongue muscle and learntdimear model that encodes
the shape and motion of the tongue extracted from multiptsgmes during speech. This opens
up a world of opportunities in mouth capture from video. listthesis, we have already learned
that model-based approaches with strong priors offer a traol@-off between reconstruction qual-
ity and robustness when solving ill-posed problems likegt@nreconstruction. As the tongue is
mostly non-visible, however, additional visual consttsiim the lip and jaw region could be needed
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to estimate the motion of the tongue. The correlation of tmgtie motion to audio units, e. g., tri-
phones Bregler etal. 199]/or variable-length phoneme®p et al. 2006 Taylor etal. 201, could
also increase accuracy and help capture coarticulatiectsff Still, several challenges remain. The
appearance of the tongue is hard to capture due to occlusimhshadows, but it could be acquired
in advance from HD images of the oral cavity. Handling ca@lis with the lips and the teeth is also
a non-trivial task.

In this thesis, the eye region is represented as a simple &apkurface with a static eye albedo
map, which is then rendered under the estimated illuminafty any user-de ned lighting con-
ditions), as shown in Figur&0.2 (a). Specially scanned eye modeBgfard etal. 201}4or syn-
thetic eyeball templatesdhim etal. 201%could be textured with an estimate or the actual color of
the actor's eyes to produce photo-realistic animation$efituman eye. To improve realism, the
movement of the eyes can be controlled by tracking the gatteecdictor in video, as proposed in
[Wang etal. 201p The reconstruction of a detailed, actor-speci c eye mddem a single video

is still very ambitious due to fast head motion, partial as@ns, and person-speci ¢ appearance
patterns in the sclera and the iris. Bérard et 201 have recently shown that photo-realistic,
personalized eye models can be accurately captured fragie sinages by leveraging a database of
high-quality pre-captured eye scans. This database aflavike creation of a statistical prior that
models detailed shape and appearance and that can be ttatht®s using manual annotations.
So far, this is just the rst step towards automatic digitiaa of eyes in unconstrained setups. It
can be expected that when combined with recent advancegigage tracking\Wang etal. 201p
photo-realistic eye capture will be possible in arbitraB/\@deo footage.

Another relevant aspect beyond the scope of this thesigissttonstruction of hair models, which
is non-trivial due to the convoluted structures of the hdXecent advances in the area now al-
low the reconstruction of static 3D hair models from singleages. Here, we can nd genera-
tive approaches that combine shape-from-shading basewmeent with helical 3D priors to re-
construct ne-grained hair model€hai etal. 201p We can also nd hybrid methods that rst
search and combine candidate exemplars from a large 3Dadstamd then optimally deform the
combined model based on dense correspondences and edtiongietations of the hair strands
[Chai etal. 2016Hu etal. 2015 In principle, such approaches could be seamlessly iatedrinto
the proposed face capture framework to add a static hair taythe 3D face models. Such a hair
layer could be obtained either from a single image or by @mgaover multiple frames. While
this strategy is feasible and suf cient for short hair sgyléhe reconstruction of long hair styles in
unconstrained video may pose a problem as it is view depéradehlacks physics-based priors.
As a result, current approaches may fail to capture temigecaherent hair dynamics and learn
hair strand motion that correlates with the head pose. @dtdrely, dynamics could be simulated
with ad-hoc physics models during animatidbhi et al. 201tor approximated by interpolating
between static reconstructionsdo et al. 201f Learning possible deformations from video is also
an interesting future avenue that could replace complexatimagdand physically-based simulations.

The interest in modeling and capturing hair, eyes, and teadom optical data is quickly growing
and drawing attention to the scienti c community. We cani@péate that hybrid approaches that
fully exploit discriminative and generative (prior) mogdtom high-quality examples will be the
key to the reconstruction of robust, accurate, and det&iéztl models from unconstrained video
setups.
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10.4 Closing Remarks

The work presented in this thesis has been motivated by rdulireitations in the digitization
pipeline, i. e., restrictive capture and manually extemsiork, and also by the inability of lightweight
approaches to create photo-realistic virtual faces in nsitained setups. Several scienti ¢ contri-
butions, which signi cantly advance the state of the art innocular facial performance capture
and face capture-based video editing, have been proposgdaipters4—9 to deal with the limita-
tions mentioned above. In fact, we have improved the tooth@ilable for creating photo-realistic
human face avatars from unconstrained 2D video footage.

Results attained on challenging application scenario® ltawn rmed the scienti ¢ advances in
the eld and have shown great potential to automatize théigiigion process. Animation artists
can now utilize the results obtained by our algorithms a$-ajgality prototypes to sketch facial
animations and editing effects without going through thiirermonventional digitization process in
post-production, thus saving money and weeks of strenuibos. éAdvances in the eld also help
democratize the digitization technology.

Automatic digitization of photo-realistic human facesnranonocular video has also recently
drawn the attention of other researchers in the eld. Irggng follow-up work has been car-
ried out towards full head avatar digitizatioBdrard etal. 201,6Cao etal. 2016Ichim etal. 2015
Wu etal. 201§ There are still many challenges that need to be solvedditiz# characters any-
where and everywhere at high delity, as discussed in Seci@3 We still believe that the pro-
posed scienti ¢ contributions have paved the way for a newegation of lightweight, automatic
techniques for capture, animation, and editing in movia$ games. Contacts from VFX studios
of Technicolor (MPC and The Mill) have con rmed the importaznof our contributions and have
already expressed great interest in this work.

We hope that this thesis motivates the development of mgueisticated methods, e. g., the fusion
of generative and discriminative models, to digitize ph@alistic virtual models of entire heads
of a quality comparable to the standard pipeline in postipetion, even foin the wild monocular
setups.
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Appendix A

Multilayer Model-based Face
Capture in Unconstrained
Setups

A.1 Test Sequences: Description and Speci cations

The approach presented in Chaptavas evaluated on 9 different sequences, shown in Figure
They consist of ve videosgUBJECTL!, SUBJECT2?, SUBJECT3®, SUBJECH?, SUBJECTS®) cap-
tured indoors and outdoors under unknown and generaltighéind four legacy videos @NOLD
YOUNG®, ARNOLD OLD’, OBAMA®, BRYAN?) freely available on the Internet and downloaded
from YouTube. Further descriptions of the videos and moeeispations are provided below.

SuBJECT1 Studio sequence captured indoors and employetfafyperts etal. 2013bA stereo
reconstruction of this sequence is available on the Interfibe sequence consists of 714 frames
with a resolution of 1088 1920 pixels. The images were downsampled to half their uéisol to
track the coarse and medium layer, but all other steps usefdlution images.

SuBJECT2 Studio sequence captured indoors and used in Chaptérd\n audio channel is also
available. The complete sequence consists of 2000 franthsawesolution of 1088 1920 pixels.
The images were downsampled to half their resolution tdttiae coarse and medium layer, but all
other steps use full resolution images.

http://gvv.mpi-inf.mpg.de/projects/FaceCap/
http://gvv.mpi-inf.mpg.de/projects/MonFaceCap/
http://graphics.ethz.ch/publications/papers/paperBee11.php
http://gvv.mpi-inf.mpg.de/projects/MonFaceCap/
http://www.disneyresearch.com/project/facial- performance-enhancement/
https://youtu.be/BkX2CMCXhM8

https://youtu.be/EgvdhvKreJl

https://youtu.be/d-VaUaTF3_k

© 00 N _ o 0 A~ w N -

http://students.cse.tamu.edu/fuhaoshi/FacefromVideo/index.htm
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Figure A.1: Test Sequences. Top row (from left to right): ARNOLD YOUNG, ARNOLD OLD, OBAMA, and
BRYAN. Bottom row (from left to right): SUBJECT1, SUBJECT2, SUBJECT3, SUBJECT4, and SUBJECTb.

SuBJECT3 Another studio sequence captured indoors and employdgkial¢r etal. 201J1 Note
that the actual capture setup consists of 6 high-qualityecas) one recording the actor from a
frontal view. The sequence consists of 347 frames with aluen of 864 1174 pixels. The
images were downsampled to half their resolution to traekdbarse and medium layer, but all
other steps use full resolution images.

SuBJECT4 Outdoor sequence employed in Chapiefand also in §hi etal. 201}). Here the
actor was recorded with a GoPro Hero 3 camera from a fronéaV;vihowever, the sequence also
shows challenging out-of-plane head rotations. This segpieonsists of 651 frames at full HD
resolution (i.e., 1920 1080 pixels). The images were downsampled to half theirludea to
track the coarse and medium layer, but all other steps ukefdlution images.

SuJECT5 This sequence shows a cluttered scene captured outdodramiPhone camera and
it was employed inBermano etal. 2014 It consists of 806 frames at full HD resolution (i. e.,
1920 1080 pixels). The images were downsampled to half theiduésa to track the coarse and
medium layer, but all other steps use full resolution images

ARNOLD YOuNG This video shows an interview with Arnold Schwarzeneggesualthe launch
of the movie “Predator”. The sequence consists of a subs&4®® frames with a resolution of
480 360 pixels. The video was processed at its original full lkggmn in all steps of the pipeline.

ARNOLD OLD This video shows Arnold Schwarzenegger's message for DE®&oergy Ef-
ciency Mission Launch. The sequence consists of a subsedGff frames with a resolution of
1280 720 pixels. The video was processed at its original full lkggmn in all steps of the pipeline.

OBaMA This video shows a greeting address by president Obama whmemorates Indepen-
dence Day on July 4. The sequence consists of a subset of 86ted$rwith a resolution of
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1280 720 pixels. The video was processed at its original full lketgan in all steps of the pipeline.

BRryaN This video shows the actor Bryan Lee Cranston talking abdmuend of his journey with
the TV series “Breaking Bad”. The pipeline was run on a sub$&02 frames at a resolution of

640 360 pixels.

A.2 Energy Function: Derivatives

A.2.1 Data Objective

Feature Term Letus rst rewrite Equatiory.13 as follows:

Y Ven AT ?
EfeatwrX)= @ f=+c yx +a f—y—""cy Yy ) (A.1)

=1 znm 1 Van

where f denotes the focal lengtls,2 R? is the principal point and = RV + t. Note thatR andt
denote the rotation matrix and translation vector, resyagt

Letfyn = f% +Cy, fyn = fg: + ¢y, 87, anda= fxy; zg be one axis of the Cartesian coordinate

system. The derivatives with respectaod andt then read as follows:

1.
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Note thatl%ﬁ‘;k 2 R3 s the vector corresponding to theth column ofES at vertex index .
2.
ﬁEfeature(X) c|>' Ven - Vzn — 1
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+2f A (fyn Yy) oo Vzn oo Vyn k2 (LK
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(A.3)
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where e = RE;. and E° = E¢Se .

Note thatEe 2 R3is the vector corresponding to tketh column ofE® at vertex index .
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3.
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HereHnk 2 R is then-th element oHy and1, 2 R, 8a= fx;y,zg are mutually orthogonal
unit vectors corresponding to the, y- or z-axis of the Cartesian coordinate system (e.qg.,
1,=[1;0;0]), andt o« is thek-th deformation coef cient that parametrizes deformasiam
thea-axis.

Photo-consistency Term Letus rst rewrite Equatiorv.12 as follows:

N
EphotoX) = & K filfn] B(fn;cnj g) k3 (A.5)

n=1
N3 2

=a a ({"Ifn] B"(An;cnj9) (A.6)
n=1w=1 |
N2 g? 2

=a a f'lfd o ag Yo(h) (A7)
n=1w=1 b=1

wherecy is the skin albedo at vertéx, corresponding to the/-th color channel. ¥(f,) andg,, 8b
denote the spherical harmonics (SH) functions (paraneetiizterms ofi,) and their corresponding
weights, respectively. The SH functions are shown in T#ble Note thatfy, = f% + ¢ and

fyn= f% + ¢y are thex andy coordinates of vertex, projected onto the image plane.
Let us de nefi, = éL’fl(\Tn Vi)  (Vn V2) andd, =k fi, ka, 8n as the non-normalized normal

at vertexv, and its respective normalization factor, whé&ealenotes the set of the triangle faces
adjacent tor,, andvi, V2 are the two vertices of thieth triangle face adjacent to vertey.

The derivatives with respect tm, g, a, d andt then read as follows:

1.
N
EonodX) 5 8 (4ifa] Bncai @) Emk L, 8K (A8)
b, a '
N 3 R R
= 28 A (] B™(Pmicai @) EY LY, 8K2 (LK) | (A.9)
n=1w=1

whereL,, = éEilgb Yu(An), E = E;S; and denotes a point-wise multiplication. Note that
Enk 2 R®is a RGB vector corresponding to tketh column ofE at vertex index.
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Table A.1: Spherical harmonics functions Yp(f) and their derivatives ”YﬂLéﬁ), both parametrized in terms
of the vertex normal fi. Note that e, 8e= f a;d;tg are the partial derivatives w.r.t. the shape, expression

and corrective weights.
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HereES= E

sSs, ”f‘;;g”] and ”f‘;;y”] are the image gradients computed using Sobel operators,

andh i represents the dot product. The derivatives”—ﬁfﬁ are shown in Tablé.1. Note
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thatEpy.; Exs 2 R® are vectors correspondingketh column ofEs whose row index coincides
with that of vertexvi; V2, respectively.

4.

Eonord X N3 L B Y (A
EonadX) = 58 & (1171 BY(micaj @) o & g 1ol
fdi n=1w=1 b=1 7 dk

N e TE[F ol
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n=1w=1 ﬂ k
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HereE® = EcSe. The derivatives of 2 are shown in Tablé.1. Note that=f; Efz 2 R®
are vectors corresponding keth column ofE€ whose row index coincides with that of vertex
Vi V2, respectively.

5.
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The derivatives of”YﬂLt(ﬁ) are shown in Tablé\.1. Note thatH},;HZ, 2 R are three copies
of an entry ofHx whose row index corresponds to that of verﬁm/_zh, respectively.

A.2.2 Prior Objective and Boundary Constraint

Probabilistic Shape Prior: Coarse-scale Model The derivative€ o With respect ta, b and
gare:
1.
Epron(a; b; g) ag
— T = 2Ws—5 k2 (1;Ks) . A.l
ﬂak Ssgk ] 8 ( ’ S) ( 5)
2.
ﬁEprobl(a 'b; g) bk
—_— = = 2W,—- , 8k2 (LK) . A.16
ﬂbk rslzj ( I’) ( )
k
3.
E a.b;
TEponn(a:030) _ 5 G gy (1:2) | (A.17)
o sZ

To compute the derivatives of the sparsity prior term in tldnberg-Marquardt algorithm, we
rede ne Equation/.17as follows:

Ke .
Esparsd d) = Wqg é U|£|)d2 ) (A.18)
k=1

Whereulgi) is an iterative weight assigned diﬁ at eachi-th iteration. The derivatives ®&sparsewith
respect tad then read as follows:

Tspred) = awaucc , 8k2 (1K) (A-19)
k

At the rst iteration ulﬁo) = 1. In the next iterationsulﬁi) = 1:(jd(ki)j + 0:0000).

Probabilistic Shape Prior: Medium-scale Model The derivatives 0E o With respect tot
are:

E t
TEprote(1) p’f]otbkz( ) - sz;—§+ 2wt tP®) , 8k2 (LK) . (A.20)
tk
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Boundary Constraint ~ The derivatives 0Epoung With respect tad read as follows:

1.

8
> 2dy; if de< O

E
”%Cflm(d):w%o; ifo de 1 ,8k2(LKe) .
k T 2de 1) ifde>1
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Appendix B

Beyond Face Capture: Accurate
Lip Tracking

B.1 High-quality Lip Database: Training Examples

All lip motions that were captured to train the radial basisdtions network presented in Chap@er
are given in Tabld3.3, TableB.1, TableB.2, and TableB.4. The motions were performed sequen-
tially by the different subjects (S1, S2, S3, and S4), asdish the corresponding tables (please
refer to the additional supplemental video at the projedbsite for more detaild). To train the
generalization regressdBR), we stacked the captured data of three or four of the subfdutee if
the test subject is one out of the four subjects) in the fahoworder: S2, S3, S1, S4. The multiple
subject regressoMS) uses the same order.

1http://gw.mpi-inf.mpg.de/projects/MonLipReconstruction/
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Table B.1: High-quality lip database: Performed lip motions - Subject S2.

Action Features # Frames
Roll lips Qutwards to inwards; mouth closed 51
Roll lips Outwards to inwards; mouth half-open 47
Roll lips Inwards to outwards; mouth open 39
Smile Mouth closed 17
Smile Mouth half-open 49
Smile Mouth open 51
Move left Mouth closed 30
Move right | Mouth closed 32
Move left Mouth half-open 30
Move right | Mouth half-open 26
Move left Mouth open 28
Move right | Mouth open 21
Bite Lower lip; mouth closed 26
Open Mouth closed to half-open 76
Kiss Mouth closed 33
Round lips | Mouth closed 27
Round lips | Mouth half-open to open 74
Move lip Lower lip down; mouth closed 30
Move lip Upper lip up; mouth closed 31
Pull corners| Mouth closed 33
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Table B.2: High-quality lip database: Performed lip motions - Subject S3.

Action Features # Frames
Kiss Mouth closed 25
Smile Mouth closed 32
Smile Mouth half-open 25
Smile Mouth open 27
Move left Mouth closed 18
Move left Mouth half-open 17
Move left Mouth open 27
Move right | Mouth closed 17
Move right | Mouth half-open 24
Move right | Mouth open 18
Pout Mouth closed 25
Roll lips Inwards; mouth closed 15
Roll lips Inwards; mouth half-open 20
Roll lips Inwards; mouth open 25
Roll lips Outwards; mouth closed 20
Roll lips Outwards; mouth half-open to open 76
Move lips Both up; mouth closed 13
Move lip Lower lip down; mouth closed 22
Move lip Upper lip up; mouth closed 21
Pull corners| Mouth closed 21
Pull corner | Right; mouth closed 7
Pull corner | Left; mouth closed 18
Open Mouth half-open to open 34
Open Mouth open to wide open 30
Open Mouth closed to half-open 42
Viseme f Exaggerated; mouth half-open to closed 22
VisemeS Exaggerated; mouth half-open to closed 18
Viseme m Exaggerated; mouth half-open to closed 18
VisemeT Exaggerated; mouth half-open to open 12
VisemeO: Exaggerated; mouth half-open 13
Viseme t Exaggerated; mouth half-open 14
Viseme & Exaggerated; mouth half-open to oper 19
Viseme@U | Exaggerated; mouth half-open to ope|11 16
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Table B.3: High-quality lip database: Performed lip motions - Subject S1.

Action Features # Frames
Roll lips Outwards; mouth half-open 48
Roll lips Outwards; mouth open 28
Move lips Both up; mouth closed 14
Move lip Lower lip down; mouth closed 24
Move lip Upper lip up; mouth closed 20
Pull corners| Mouth closed 43
Pull corner | Left; mouth closed 29
Pull corner | Right; mouth closed 19
Open Mouth closed to half-open 34
Open Mouth half-open to wide-open 54
Kiss Mouth closed 37
Smile Mouth closed 23
Smile Mouth half-open 38
Smile Mouth open 23
Move left Mouth closed 31
Move left Mouth half-open 21
Move left Mouth open 32
Move right | Mouth closed 34
Move right | Mouth half-open 26
Move right | Mouth open 34
Pout Mouth closed 29
Roll lips Inwards; mouth closed 25
Roll lips Inwards; mouth half-open 36
Roll lips Inwards; mouth open 34
Roll lips Outwards; mouth closed 31
VisemeT Exaggerated; mouth half-open 17
Viseme t Exaggerated; mouth closed to half-open 18
Viseme@U | Exaggerated; mouth closed to open 32
Viseme f Exaggerated; mouth closed 15
VisemeS Exaggerated; mouth closed 16
Viseme m Exaggerated; mouth half-open to closed 32
VisemeO: Exaggerated; mouth closed to half-open 21
Viseme & Exaggerated; mouth half-open to ope 24
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Table B.4: High-quality lip database: Performed lip motions - Subject S4.

Action Features # Frames
Kiss Mouth closed 18
Smile Mouth closed 22
Smile Mouth half-open 31
Smile Mouth open 31
Move left Mouth closed 18
Move left Mouth half-open 22
Move left Mouth open 26
Move right | Mouth closed 18
Move right | Mouth half-open 31
Move right | Mouth open 24
Pout Mouth closed 22
Roll lips Inwards; mouth closed 28
Roll lips Inwards; mouth half-open 25
Roll lips Inwards; mouth open 25
Roll lips Outwards; mouth closed 29
Roll lips Outwards; mouth half-open 20
Roll lips Outwards; mouth open 37
Move lips Both up; mouth closed 24
Move lip Lower lip down; mouth closed 20
Move lip Upper lip up; mouth closed 17
Pull corners| Mouth closed 19
Pull corner | Left; mouth closed 19
Pull corner | Right; mouth closed 25
Open Mouth closed to half-open 50
Open Mouth half-open to wide-open 48
Open Sticky lips; mouth closed to half-open 24
Viseme f Exaggerated; mouth half-open to closed 21
VisemeS Exaggerated; mouth closed 23
Viseme m Exaggerated; mouth half-open to closed 22
VisemeT Exaggerated; mouth half-open 21
VisemeO: Exaggerated; mouth closed to half-open 23
Viseme t Exaggerated; mouth closed 17
Viseme & Exaggerated; mouth half-open to oper 27
Viseme@U | Exaggerated; mouth closed to open | 18
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