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Abstract

This Thesis introduces several methods and a dataset, aiming to improve the capturing and
inference of human faces, in a form that can be photorealistically rendered by computer
applications. The proposed methods present advances in facial reflectance acquisition,

from capturing to modeling and inference.

In the first part of the Thesis, we present various improvements on a state-of-the-art facial
capturing system, such as a Light Stage. More specifically, we work on an existing diffuse-
specular separation method that does not require light polarization and further optimize
it while making it applicable to multi-view capture. We also use this improved setup to
capture the largest dataset of high-resolution facial reflectance to date, which we have

opened to the research community.

In the second part, we present two novel facial capturing setups, and an appropriate facial
reflectance separation method. They are the first such systems consisting solely of off-the-
shelf devices, while being modular and portable, and thus enabling capturing vast datasets
of facial reflectance, at a reduced cost. Supporting static and dynamic facial capture,
these systems allow the capture of even larger datasets of facial reflectance that can fuel

deep-learning research and create race, gender, and age-balanced datasets.

In the third part of this Thesis, we introduce the first method for high-resolution facial
reflectance inference from a single arbitrary facial image. Our method AvatarMe and its
extension, AvatarMe™ ™, use a combination of 3D Morphable Models for facial shape recon-
struction, adversarial image-translation models and super-resolution models, to transform
reconstructed facial textures to high-resolution facial reflectance. We show that such a
method is capable of retrieving UV maps of spatially varying facial reflectance that is

render-ready in typical rendering applications without requiring capturing setups.

Finally, we introduce the first deep learning-based 3D Morphable Model of facial re-
flectance, called FitMe. FitMe proposes a style-based Generative Adversarial Network,
which is multi-modal and branched in both the discriminator and the generator, and is
capable of concurrently generating high-quality facial diffuse albedo, specular albedo and
normals. Moreover, by using an accurate diffuse-specular differentiable renderer, FitMe

can retrieve state-of-the-art facial shape and reflectance with an iterative optimization.
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GAN Generative Adversarial Network

CNN Convolutional Neural Network

PCA Principal Component Analysis

SVD Singular Value Decomposition

3DMM 3D Morphable Model

BRDF Bidirectional Reflectance Distribution Function
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vil



viii



Xo0Y

Notation

Summation

Product

Field of Real Numbers

Absolute value of z

Square root of x

Normal Distribution with mean p and variance o2
Column-vector with components x;

Matrix with components X;;

Inverse of X

Transpose of X
Hadamard product of X and Y

Shape geometry
Texture (shaded)
Diffuse albedo
Specular albedo
Surface normals
Diffuse normals
Specular normals

Specular roughness term

ix






Contents

Acronyms Table
Notation Table

1 Introduction
1.1 Problem Scope and Challenges . . . . . . ... ... ... ... .......
1.2 Contributions and Thesis Overview . . . . . . . .. .. ... .. ... ....
1.3 Impact and Applications . . . . . . . ... L
1.4 Publications . . . . . . . ..
1.4.1 Relevant Publications . . . . .. ... ... ... ... .. ... .

1.4.2 Other Publications . . . . . . . . . . . ...

2 Background
2.1 Photorealistic Facial Avatars Overview . . . . . .. . ... ... ... ....
2.2 Photorealistic Facial Rendering . . . . . . .. .. ... ... ... ... ...
2.2.1 Differentiable Rendering . . . . . . . . .. ... L.
2.2.2 Shading Models . . . . . . . . ...
2.2.3 Facial Rendering Overview . . . . .. .. .. ... ... ... ....

2.3 Facial Geometry and Reflectance Capturing . . . . . . ... ... ... ...

X1

vi

ix



xii CONTENTS
2.3.1 Geometry Acquisition . . . . . . . ... 20
2.3.2  Active Illumination Facial Scanners . . . . . . .. .. ... ... ... 21
2.3.3 Passive [llumination Facial Scanners . . . . . . ... ... ... ... 22
2.3.4 Smaller Scale Systems . . . . . . . ... ... 23
2.3.5 Non-skin capturing . . . . . . . .. ... o 24

2.4 Deep Learning Methods for Image Synthesis and Manipulation . . . .. .. 25
2.4.1 Generative Adversarial Networks for Image Synthesis . . . . . . . .. 25
2.4.2  Generative Adversarial Networks for Image Manipulation . . . . . . 27

2.5 3D Facial Synthesis and Reconstruction . . . . . . ... .. ... ...... 31
2.5.1 3D Facial Geometry and Texture Modeling and Synthesis . . . . . . 31
2.5.2 3D Facial Geometry and Texture Reconstruction from a Single Image 33

2.6 Photorealistic 3DMMs . . . . . . . ... 36
2.6.1 Image Translation-based Methods . . . . . . . .. ... ... ... .. 37
2.6.2 Combinatory Methods . . . . . . . ... ... .. L. 37
2.6.3 Planar Material Acquisition . . . . . . . . ... ... ... ... .. 38

3 Capturing Human Facial Assets at Scale 39

3.1 Diffuse-Specular Separation Optimization . . . . ... ... ... ... ... 40
3.1.1 Imtroduction. . . . . . . . . ... 40
3.1.2 Diffuse-Specular Separation Overview . . . . .. .. ... ... ... 41
3.1.3 Processing Binary Gradients . . . . . . ... ... ... ... ... .. 43
3.14 Results . . . ... 45

3.2 Capturing and Reconstruction Automation . . . ... ... ... ... ... 47



CONTENTS xiii

3.2.1 The Capturing System . . . . . . . .. .. ... 48
3.2.2 Capturing . . . . . . . ... 48
3.2.3 Transfer and Pre-processing . . . . . . . ... ... ... .. 49
3.2.4 Geometry Acquisition . . . . . ... 49
3.2.5 Template Registration and UV Texturing . . .. .. ... ... ... 50

3.3 RealFaceDB Dataset . . . . . . . . .. .. .. 52
34 Conclusion . . . . . . . .. 54
4 Practical and Scalable Desktop-based High-Quality Facial Capture 55
4.1 Introduction . . . . . . . ... 57
4.2 Related Work . . . . . .. o 58
4.2.1 Active lllumination . . . . . . . . . .. ... 58
4.2.2 Passive Capture. . . . . . . . . . 60

4.3 Desktop-based Capture System . . . . . . .. .. .. ... ... ... 61
4.3.1 Tablet-based Setup . . . . . . . . ... 61
4.3.2 Monitor-based Setup . . . . . ... Lo 63

4.4 TMlumination . . . . . . . . . .. . 63
4.4.1 Modulated Binary Illumination . . . . . . .. ... ... ... .... 63
4.4.2 Spectral Multiplexing and Cross-Talk . . . . . ... ... ... ... 64
4.4.3 Form-Factor Modulation . . . . . . .. ... ... ... ... ..., . 66
4.4.4 Multi-view Capture. . . . . . . . . . ... 66

4.5 Method . . . . . . 67

4.5.1 Acquisition using White [llumination . . . . . . . .. ... ... ... 67



xiv CONTENTS
4.5.2 Color-Multiplexed lumination . . . . . . .. ... ... ... .... 69
4.5.3 Specular Roughness Estimation . . . . . . .. ... ... ... .... 70
4.5.4 Dynamic Capture . . . . . . . . . ... 70
4.5.5 Base Geometry Acquisition . . . . . . ... ... L. 71

4.6 Experiments . . . . . . .. ... 71
4.6.1 Evaluation. . . . . .. ... 71

4.6.2 Static Capture . . . . . . . ... 72
4.6.3 Dynamic Capture . . . . . . . . . . .. 72

4.7 Limitations . . . . . . .. . 73
4.8 Conclusions . . . . . . .. L 74
5 Facial Appearance Reconstruction from a Single-Image 77
5.1 Introduction . . . . . . . . ... 79
5.2 Related Work . . . . . . .. 82
5.2.1 Facial Geometry and Reflectance Capture . . . . . . .. .. ... .. 82
5.2.2 Facial Geometry and Texture Estimation . . .. .. ... ... ... 83
5.2.3 Image-to-Image Translation . . . . .. .. .. ... .. ... ... 84
5.2.4 Differentiable Rendering . . . . . . . . .. ... oo, 84
5.2.5 Facial BRDF Estimation . . . . . . ... ... ... ... ....... 85

5.3 Data Acquisition . . . . . . ... 86
5.3.1 Training Data Capturing Setup . . . . . . . .. . .. ... ... ... 86
5.3.2 Data Augmentation . . . . . . ... ... 87

5.4 Method . . . . . . s 88



CONTENTS XV

541 OVerview . . . . . .. 88

5.4.2 Initial Geometry and Texture Estimation . . .. .. ... ... ... 89
5.4.3 3DMM Capturing Environment Estimation . . . .. .. ... .. .. 90
5.4.4 Super Resolution . . . . . . .. . . ... ... .. ... .. ... 91
5.4.5 Reflectance Inference with AvatarMe . . . . . . . .. ... ... ... 91
5.4.6 Photorealistic Differentiable Facial Rendering . . . . . . . .. .. .. 95
5.4.7 Reflectance Inference with AvatarMe™ . . . . . . . ... ... ... 99

5.0 Experiments . . . . . . ... 102
5.5.1 Implementation Details . . . . . . ... .. ... ... ... ..... 102
5.5.2 Evaluation. . . . . .. ... 104
5.5.3 Ablation . . . . . ... 106
5.5.4 Limitations . . . . . . .. . Lo 108

5.6 Conclusion . . . . . . . . . .. 109
6 Facial Reflectance Generation and Fitting to Arbitrary Images 114
6.1 Introduction . . . . . . . . . ... 115
6.2 Related Work . . . . . . . . 120
6.2.1 3D Morphable Models . . . . . .. ... ... ... .. ... 120
6.2.2 Deep Generative Networks . . . . . . . . . ... .. ... .. ..... 121
6.2.3 Facial Reflectance Acquisition . . . . . . . . ... .. .. ... .... 121

6.3 Method . . . . . . . . . 122
6.3.1 The FitMe Deep 3D Morphable Model . . . . . ... ... ... ... 123

6.3.2 Dataset Acquisition and Augmentation . . . . . . .. ... ... ... 124



6.3.3 Fast Differentiable Photorealistic Rendering . . . . . . .. ... ... 126

6.3.4 Fitting by Inversion through Rendering . . . .. ... ... ... .. 127

6.4 Experiments . . . . . . . . .. 130
6.4.1 Implementation Details . . . . . . ... .. ... ... ... ..... 130

6.4.2 Single-Image Reconstruction . . . . . . . ... ... ... ... .. 131

6.4.3 Multi-Image Reconstruction . . . . . . . . ... ... ... 132

6.4.4 Dataset Augmentation . . . . . . . ... ... 133

6.5 Model Manipulation . . . . . . ... ... 134
6.6 Ablation Study . . . . . ... 135
6.7 Additional Results . . . . . . . .. 137
6.8 Implementation Details . . . . . . .. .. ... . o 139
6.9 Limitations . . . . . . .. . 140
6.10 Conclusion . . . . . . . . . .. 140

7 Conclusion 142
7.1 Future Work . . . . . . .. 143
Bibliography 145

xXvi



List of Tables

3.1

5.1

5.2

5.3

6.1

6.2

6.3

RealFaceDB Demograhics . . . . . .. .. ... ... ... ... ... . 54
AvatarMe quantitative comparisons with state-of-the-art . . . . . . .. . .. 104
AvatarMe ™ method components quantitative ablation study . . . ... .. 107
AvatarMe ™" hyper-parameters quantitative ablation study . . . . . . . . .. 108
FitMe shape quantitative comparison with state-of-the-art . . . . . . . . .. 139
FitMe inversion hyperparamters . . . . . . . . . . . .. .. ... ... .... 140
FitMe tuning hyperparameters . . . . . . .. .. .. .. .. ... .. .... 140

Xvil



xviil



List of Figures

2.1 Example set of facial rendering assets . . . . . . . ... ... L. 19
3.1 Geometry and rendered results . . . . . ... ... L. 40
3.2 Polarized Spherical Gradient Illumination capture . . . . . . . . . ... ... 41
3.3 Binary Spherical Gradient Illumination capture . . . . . . . ... ... ... 42
3.4 Synthetic rotation of gradients . . . . . . .. ... 0oL, 45
3.5 Comparison between our reflectance acquisition and the SOTA . . . .. .. 45
3.6 Linear system solution for diffuse-specular separation . . . . . . ... .. .. 46

3.7 Comparison of mixed normals, SUV diffuse normals and spectral diffuse

normals . . . ... e 47
3.8 Geometry and rendered comparison with state-of-the-art . . . . . . . .. .. 47
3.9 The Imperial College Multispectral LightStage . . . .. .. ... ... ... 48
3.10 Example stereo reconstruction . . . . . .. ... 49
3.11 Reconstruction post-processing . . . . . . . . ... Lo 50
3.12 Overview of the RealFaceDB dataset . . . . . .. ... ... ... ... ... 53
4.1 Overview of practical capturing setup . . . . . . .. ... ... ... ... 56
4.2 Schematics of the two proposed desktop-based facial capture systems . . . . 61

XIX



XX LIST OF FIGURES
4.3 Ilumination patterns . . . . . . . . . ... L 64
4.4 SPD, sensitivity and spectral cross-talk . . . . . ... .. ... ... 65
4.5 Comparison of our method with Kampouris et al. 2018 . . . . . . . . .. .. 71
4.6 Comparison of tablet and monitor based setup . . . . . .. ... ... ... 73
4.7 Results of specular roughness estimation . . . . . .. ... ... ... . ... 73
4.8 Completed UV maps . . . . . . . . . .. 74
4.9 Diffuse albedo comparison with state-of-the-art . . . . . . .. ... ... .. 74
4.10 Additional results of our method . . . . . .. ... ... ... .. .. ... . 75
4.11 Additional side-view results of our method . . . . . . . .. .. .. ... ... 75
4.12 Comparison of albedo measurement and separation . . . . . .. ... .. .. 76
4.13 Comparison of our method and AvatarMe™ . . . . . . . ... ... ... .. 76
4.14 Example results of dynamic capture . . . . . .. .. ... ... ... 76
5.1 AvatarMe' " results summary . . . . .. ... ... 78
5.2 Example subject captured with our method . . . . . .. ... .. ... ... 87
5.3 AvatarMe ™" method summary . . . . ... ... ... ... ... ... ... 88
5.4 AvatarMe' " rendering ablation . . . . . .. ... ... ... ... ... ... 98
5.5 AvatarMe" " self-occlusion autoencoder preview . . . . . . . ... ... ... 99
5.6 AvatarMe' " training . . . . . ... .. 99
5.7 AvatarMe ™ reflectance qualitative comparison with state-of-the-art . . . . 104
5.8 AvatarMe qualitative comparisons with state-of-the-art . . . . . . .. .. .. 105
5.9 AvatarMe' " quantitative comparison with ground truth . . . . . .. .. .. 106
5.10 Consistency of AvatarMe ™" on varying input conditions . . . . ... .. .. 106



LIST OF FIGURES xxi
5.11 Generalization examples of AvatarMe™ . . . . . . . ... ... ... . ... 110
5.12 AvatarMe" " results rendered in different environments. . . . . ... .. .. 111
5.13 AvatarMe ™" quantitative ablation study on method variations . . . . . . . . 112
5.14 AvatarMe ™" qualitative ablation study on method variation . . . . . . . .. 112
5.15 Comparison between AvatarMe and AvatarMe™™ . . . . .. ... ... ... 112
5.16 AvatarMe' " qualitative comparison with state-of-the-art . . . . . . . . . .. 113
5.17 AvatarMe ™" quantitative ablation on rendering hyper-parameter . . . . . . 113
6.1 FitMesummary . . . . . . . . ..o 116
6.2 FitMe method overview . . . . . . . . ... .. L 117
6.3 BRDF-GAN architecture overview . . . . . . .. .. ... ... ... .... 123
6.4 FitMe dataset and augmentation overview . . . . . . . . .. ... ... ... 125
6.5 Comparison of albedo reconstruction on Digital Emily . . . . . ... .. .. 128
6.6 Results of our method on challenging examples. . . . ... ... ... ... 131
6.7 FitMe quantitative comparison based on cosine similarity . . . . ... ... 131
6.8 FitMe reconstruction qualitative comparison with state-of-the-art . . . . . . 132
6.9 FitMe reflectance qualitative comparison single-image reconstruction . . . . 133
6.10 FitMe fittings interpolation . . . . . . . . .. .. ... oL, 133
6.11 Skin tone augmentation qualitative comparison . . . . . . . ... ... ... 134
6.12 BRDF-GAN latent space manipulation . . . . . . .. ... ... ... .... 134
6.13 FitMe GAN-inversion qualitative ablation study . . . . . . . ... ... ... 135
6.14 FitMe GAN-tuning qualitative ablation study . . . . . . . . ... ... ... 135
6.15 FitMe method-choices qualitative ablation study . . . . .. ... ... ... 136



6.16 FitMe additional multi-view results . . . . . . . . . . .. ... ... .. ...

6.17 FitMe additional multi-view results . . . . . . . . . . . . ... ... ...

6.18 FitMe additional multi-view results . . . . . . . . . . . ... ... ... ...

xxil



Chapter 1

Introduction

Contents
1.1 Problem Scope and Challenges . . . ... ... .......... 1
1.2 Contributions and Thesis Overview . ... ............ 4
1.3 Impact and Applications . . . ... ... ... ... ... 5
1.4 Publications. . . . . . . . . e e e e e e 8
1.4.1 Relevant Publications . . . . .. .. ... ... .. ........ 8
1.4.2 Other Publications . . . . . . ... ... ... ... ........ 9

1.1 Problem Scope and Challenges

Human digitization has been a significant aspect of human culture since ancient times,
as our ancestors sought to capture and depict other humans, by paintings on cave walls,
vases, canvas, and various other surfaces. The invention of the camera revolutionized
this endeavor, allowing for the preservation of accurate human likenesses in black and
white, and then color, ultimately giving rise to a new form of artistic expression. As
technology progressed, the introduction of motion pictures expanded the possibilities of
representing humans, capturing not only their appearance but also their movements and
actions. Recently, the increase in computing power and advances in computer graphics
have enabled the creation of fully digital humans in three-dimensional space, providing
unprecedented control and flexibility in their representation. Furthermore, the emergence

of virtual and augmented reality technologies within the last decade, has opened up new
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avenues for interaction with digital humans, seamlessly integrating them with our physical
world. The need to capture and reproduce our own nature is ever-present, and the available

tools continuously open up new possibilities.

The uncanny valley [1] is a phenomenon describing digital human representations that
closely resemble real humans, which are inaccurate and can elicit discomfort and unease in
certain viewers. This presents a significant challenge in the development of realistic digital
humans, as achieving high levels of visual fidelity is crucial for various applications, such
as virtual reality, film-making, and computer games. On the other hand, while cartoonish
or stylized digital human representations may bypass the uncanny valley, they are perhaps
not sufficient for scenarios that demand the authentic portrayal of human appearance.
Therefore, researchers and developers must strive to overcome both the uncanny valley and
the limitations of unrealistic digital humans, to create genuinely believable and engaging

virtual human experiences.

The pursuit of realistic human digitization has been a long-standing problem in the fields
of computer vision and graphics, with applications around entertainment, advertising,
augmented and virtual reality, and even digital avatars for social media, telepresence,
and the emerging metaverse. Over the past two decades, significant progress has been
made in developing photorealistic rendering methods and accurate modeling of facial shape
and appearance. This has been further improved by the advent of advanced acquisition
techniques for high-quality 3D facial capture. However, the creation of lifelike digital
characters often relies on sophisticated and costly capture systems, such as the Lightstage
[2, 3, 4, 5]. As a result, the use of these acquisition techniques is typically limited to
big-budget visual effects, games or organizations with the financial resources to access or
construct such systems in-house. This restriction hinders the widespread adoption of 3D
acquisition technologies and constrains the potential for broader applications in the realm

of human digitization.

One of the most critical advancements has been the development of 3D Morphable Models
(3DMM) [6]. These models employ a fitting algorithm that reconstructs facial texture
and shape within a linear space, defined by a basis learned through Principal Component
Analysis (PCA) |7]. While this approach has proven to be effective in representing coarse

facial attributes, it cannot capture high-frequency details in both texture and geometry.
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Additionally, PCA-based models face difficulties in accurately representing complex facial
structures found in real-world scenarios, leading to sub-optimal performance when applied
to "in-the-wild" images. Recent advancements in 3DMM fitting have attempted to address
these issues (e.g. [8, 9, 10, 11]) but with limited success. While these efforts have yielded
improvements in reconstructing 3D facial geometry and appearance from real-world images,
challenges remain in accurately capturing and replicating the intricate details of facial
appearance, especially when considering photorealistic rendering and relighting. As the
field of human digitization continues to progress, overcoming these limitations is essential

for generating highly realistic and believable digital human representations.

In recent decades, the fields of computer vision and machine learning have experienced
significant advances, including the development of Convolutional Neural Networks (CNNs)
[12]. These breakthroughs have paved the way for substantial improvements in image
classification and generation tasks. In particular, the last decade has witnessed considerable
progress in deep generative models, such as Generative Adversarial Networks (GANs) [13],
which have achieved outstanding results in learning distributions of high-resolution 2D
images of human faces. The introduction of style-based progressive generative networks
[14, 15, 16, 17| has enabled the learning of meaningful latent spaces that can be traversed to
reconstruct and manipulate various attributes of generated samples. Moreover, conditional
GANSs have enabled significant progress in image manipulation [18]. Some methods have
even proven effective in learning a 2D representation of 3D facial attributes, such as UV
maps [19]. By combining machine learning techniques, such as CNNs and GANs, with
3DMMs, the potential for digitizing humans can be further explored and enhanced. This
fusion of technologies offers exciting new possibilities for the future of human digitization,

paving the way for more realistic and accessible virtual human representations.

While the advancements in machine learning have brought significant progress in various
domains, the need for large datasets remains a crucial aspect of the development process.
In the context of human digitization, capturing photorealistic humans presents unique
challenges due to the size and cost of high-quality 3D scanners, coupled with the inher-
ent diversity of human appearances. Moreover, human skin is a complex, multi-layered
structure that interacts with light in intricate ways, adding an additional difficulty to the

data acquisition process. The scarcity of comprehensive datasets hinders the development
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of machine learning methods that could generate truly lifelike digital humans. This lack
of data, along with the difficulties involved in capturing the nuances of human appear-
ance and skin properties, makes the digital human acquisition a challenging and ongoing

problem to be addressed by researchers of the community.

Thus, the problem of acquiring photorealistic digital human avatars is two-fold. On the
one hand, progress is needed in the relevant algorithms at the intersection of computer
vision, machine learning, and computer graphics. On the other hand, datasets of large
amounts of appropriate data are required. In this PhD Thesis, we introduce solutions
attempting to solve both problems. The first and second chapters focus on the data,
specifically on simplifying the existing capturing mechanisms and using them to capture
a sizeable facial dataset. The third chapter introduces a method that transforms existing
3DMM approaches to higher quality and relightable digital human assets, while, finally,
the fourth chapter fuses the latest GAN models with 3DMMs, for photorealistic human

avatar generation and reconstruction.

1.2 Contributions and Thesis Overview

In the following section, we describe the contributions of this Thesis, in greater detail and

per chapter:

e Chapter 3. Capturing Human Facial Assets at Scale: In this chapter, we
describe the improvements implemented in an existing facial scanning apparatus, in
order to make it more robust and automate the capture and processing while adding
multi-view capabilities to its diffuse-specular separation algorithm. Moreover, we
describe an automated pipeline for transforming the captured facial data to aligned
meshes and texture maps. Finally, we introduce a captured dataset using the above
methods, which is crucial for the work shown in the following chapters. The dataset
has also been made public to the community in the form of facial reflectance patches,

to preserve the anonymity of the captured subjects.

e Chapter 4. Practical and Scalable Desktop-based High-Quality Facial

Capture: In this chapter, we introduce two novel facial scanners, that are portable,
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faster, and cheaper than the existing scanners, and thus enable the acquisition of
larger and more diverse datasets. Moreover, we propose a novel photometric acqui-
sition pipeline for diffuse-specular separation and a novel design of spectral multi-
plexing for binary illumination. Finally, we show that these devices are capable of

multi-view static and also dynamic facial appearance capture.

e Chapter 5. Facial Appearance Reconstruction from a Single-Image: In this
chapter we introduce AvatarMe and its extension AvatarMe™™, two methods capable
of transforming a facial reconstruction acquired with existing 3DMM methods or
simple facial scanners, to a set of high-resolution and relightable facial textures that
can be used as-is in common rendering algorithms. In this manner, we introduce
several image-to-image translation networks that transform facial textures with baked
illumination to diffuse and specular albedo and normals. Finally, we introduce a
differentiable rendering pipeline that is capable of photorealistic and differentiable

UV-space relighting, which is used to guide the model training.

e Chapter 6. Capturing Human Facial Assets at Scale: In the final chapter, we
introduce FitMe, the first 3DMM capable of high-resolution facial reflectance gen-
eration, that can be photorealistically rendered by common algorithms. FitMe is
based on our novel branched multi-modal style-based generator, of diffuse and spec-
ular albedo and normals, and an appropriate multi-branched discriminator. Apart
from generating novel subjects from its distribution, FitMe can be optimized on un-
constrained facial images, using our proposed pipeline of generator projection and

tuning, and an accurate diffuse and specular rendering pipeline.

1.3 Impact and Applications

Scanning virtual humans or reconstructing them from unconstrained images, enables the
unhindered use of human avatars in computer graphics applications, with a significant im-
pact on Human-Computer interaction. The ability to easily reconstruct humans without
the need for specialized hardware, enables people to portray themselves in virtual and aug-
mented reality applications, and engage more directly while managing to cross the uncanny

valley. Telepresence applications are poised to benefit significantly from advancements in
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digital human representation. By providing realistic and immersive experiences, users can
interact with others in a virtual environment as if they were physically present, unlocking
new possibilities for remote communication, collaboration, and shared experiences. Com-
pared to the current literature, the work proposed in this Thesis simplifies the capturing
process and improves the avatar likeness, while the reconstruction of facial reflectance pa-
rameters enables the placement of these assets in scenes with arbitrary illumination, with

accurate relighting.

Moreover, this work can be applied as-is or with minor modifications to a range of other

fields, including;:

e Gaming and Social Media: Character customization from real people or even the
user themselves is a crucial aspect that benefits from these advancements. By captur-
ing accurate and detailed 3D representations of individuals, players can create per-
sonalized avatars that closely resemble their real-world appearance, greatly enhancing
the immersive experience. Moreover, the ability to generate genuine characters more
easily using advanced human digitization techniques streamlines the development
process for game designers. This not only saves time and resources but also allows
for the creation of more diverse and visually engaging virtual worlds. As the concept
of the metaverse gains traction, the role of human digitization becomes increasingly
important. Integrating lifelike avatars within these virtual worlds promises to re-
define online social interaction and collaboration, ultimately transforming the way

people connect, work, and play.

e Forensics: Human digitization can significantly impact the field of forensics by
providing valuable tools for criminal investigations. Generating photorealistic faces
from police sketches allows for more accurate visualizations of suspects, aiding law
enforcement in their identification efforts. Additionally, the ability to manipulate dig-
ital human models in terms of age, pose, and expression can provide critical insights
and explore various scenarios during investigations. Advancements in human digi-
tization can also improve face-matching algorithms by incorporating highly detailed

3D facial models.

e Health and Skin Analysis: By accurately capturing albedo information, re-
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searchers and healthcare professionals can gain insights into an individual’s skin char-
acteristics, such as melanin levels. This information can be valuable for understand-
ing skin health and guiding personalized skincare recommendations or treatments.
Furthermore, comparing facial characteristics through detailed 3D representations
can aid in the assessment of various health-related factors. By analyzing these dig-
ital models, healthcare professionals can identify patterns or anomalies, potentially
leading to the early detection of medical conditions or a deeper understanding of an

individual’s unique characteristics

Fashion: In the fashion industry, human digitization opens up new avenues for en-
hancing the shopping experience and promoting customer engagement. By allowing
users to create accurate 3D representations of themselves, they can visualize how
various fashion items, such as makeup, glasses, or hats, would look on them. This
personalized approach helps customers make informed decisions but also fosters a
more immersive and enjoyable shopping experience, ultimately driving customer sat-

isfaction and loyalty.

Datasets: The creation and availability of datasets play a vital role in advancing
machine learning algorithms and their applications. Human digitization can con-
tribute to the development of privacy-free datasets of human representations, which
can be used to train algorithms without infringing on personal privacy rights. These
anonymized yet realistic models can help researchers and developers refine their tech-
niques while adhering to ethical guidelines and data protection regulations. Addi-
tionally, human digitization allows for placing digital humans in controlled virtual
environments with adjustable parameters. This capability enables the generation
of diverse and comprehensive datasets that simulate various scenarios, lighting con-
ditions, or interactions. Such datasets can be instrumental in enhancing the per-
formance and adaptability of machine learning algorithms across a broad range of

applications and industries.
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1.4 Publications

1.4.1 Relevant Publications

The majority of the work included in this thesis is based on published work in peer-reviewed
conference proceedings and journals. The text of each chapter is based on these works as
described below, and is kept as close to the original publication as possible to aid the
reader, while maintaining a coherent structure for the Thesis. In summary, the following

chapters contain:

e Chapter 3:

— A. Lattas, M. Wang, S. Zafeiriou, and A. Ghosh, “Multi-view facial capture us-
ing binary spherical gradient illumination,” in ACM SIGGRAPH 2019 Posters,
pp. 1-2, 2019,

— The extensive work carried out to automate the Imperial College Light Stage
and improve its robustness, to produce the vast dataset RealFaceDB, used in

the following chapter.

e Chapter 4:

— A. Lattas, Y. Lin, J. Kannan, E. Ozturk, L. Filipi, G. Guarnera, G. Chawla,
and A. Ghosh, “Desktop-based high-quality facial capture for everyone,” in SIG-
GRAPH Talks, 2022,

— A. Lattas, Y. Lin, J. Kannan, E. Ozturk, L. Filipi, G. Guarnera, G. Chawla,

and A. Ghosh, “Practical and scalable desktop-based high-quality facial capture,’

in Proceedings of the European Conference on Computer Vision, 2022

e Chapter 5:

— A. Lattas, S. Moschoglou, B. Gecer, S. Ploumpis, V. Triantafyllou, A. Ghosh,
and S. Zafeiriou, “AvatarMe: Realistically renderable 3d facial reconstruction”
in-the-wild",” in Proceedings of the IEEE/CVF conference on computer vision

and pattern recognition, pp. 760-769, 2020,
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— A. Lattas, S. Moschoglou, S. Ploumpis, B. Gecer, A. Ghosh, and S. Zafeiriou,
“AvatarMe++: Facial shape and BRDF inference with photorealistic rendering-
aware GANs,” IEEE Transactions on Pattern Analysis & Machine Intelligence,
2021.

Chapter 6:

— A. Lattas, S. Moschoglou, S. Ploumpis, B. Gecer, J. Deng, and S. Zafeiriou,
“Fitme: Deep photorealistic 3D morphable model avatars,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
pp. 8629-8640, June 2023

1.4.2 Other Publications

In addition, during these studies, the author participated and co-authored the following

works, many of which expand on the subjects of Chapters 4,5, and 6. They are listed in

chronological order:

P. Tzirakis, A. Papaioannou, A. Lattas, M. Tarasiou, B. Schuller, and S. Zafeiriou,
“Synthesising 3D facial motion from “in-the-wild” speech,” in 2020 15th IEEE Interna-
tional Conference on Automatic Face and Gesture Recognition (FG 2020), pp. 265-
272, IEEE, 2020

B. Gecer, A. Lattas, S. Ploumpis, J. Deng, A. Papaioannou, S. Moschoglou, and
S. Zafeiriou, “Synthesizing coupled 3D face modalities by trunk-branch generative

7

adversarial networks,” in European conference on computer vision, pp. 415-433,

Springer, 2020

Y. Gitlina, G. C. Guarnera, D. S. Dhillon, J. Hansen, A. Lattas, D. Pai, and

A. Ghosh, “Practical measurement and reconstruction of spectral skin reflectance,’

in Computer Graphics Forum, pp. 75-89, Wiley Online Library, 2020

J. Deng, J. Guo, J. Yang, A. Lattas, and S. Zafeiriou, “Variational prototype learning
for deep face recognition,” in Proceedings of the IEEE /CVF Conference on Computer
Vision and Pattern Recognition, pp. 11906-11915, 2021
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e J. Guo, J. Deng, A. Lattas, and S. Zafeiriou, “Sample and computation redistribution
for efficient face detection,” in International Conference on Learning Representations,

2021

e S. Li, U. Waheed, M. Bahshwan, L. Z. Wang, L. M. Kalossaka, J. Choi, F. Kundrak,
A. Lattas, S. Ploumpis, S. Zafeiriou, et al., “A scalable mass customisation design
process for 3D-printed respirator mask to combat covid-19,” Rapid Prototyping Jour-
nal, 2021

e Y. Miao, A. Lattas, J. Deng, J. Han, and S. Zafeiriou, “Physically-based face ren-
dering for NIR-VIS face recognition,” in Advances in Neural Information Processing

Systems (A. H. Oh, A. Agarwal, D. Belgrave, and K. Cho, eds.), 2022

e X. Ren, A. Lattas, B. Gecer, J. Deng, C. Ma, X. Yang, and S. Zafeiriou, “Facial ge-
ometric detail recovery via implicit representation,” in 2023 17th IEEE International

Conference on Automatic Face and Gesture Recognition (FG 2023), IEEE, 2023

o J. Guo, J. Yu, A. Lattas, and J. Deng, “Perspective reconstruction of human faces
by joint mesh and landmark regression,” European Conference on Computer Vision

(ECCV) Workshops, 2022

e S. Galanakis, B. Gecer, A. Lattas, and S. Zafeiriou, “3SDMM-RF': Convolutional ra-
diance fields for 3D face modeling,” in Proceedings of the IEEE/CVF Winter Con-

ference on Applications of Computer Vision, pp. 8586-3547, 2023

e F. P. Papantoniou, A. Lattas, S. Moschoglou, and S. Zafeiriou, “Relightify: Re-
lightable 3D faces from a single image via diffusion models,” in Proc. IEEE Interna-

tional Conference on Computer Vision, 2023

Finally, two patent applications were published, with the first being accepted, while the

second is pending at the current date:
o A. Ghosh, C. Kampouris, A. Lattas, and S. Zafeiriou, “Image processing for diffuse-
specular separation,” 2021. US Patent 10,964,099

o S. Zafeiriou, A. Lattas, S. Moschoglou, S. Ploumpis, and B. Gecer, “Three-dimensional
facial reconstruction.” UK Patent App GB2593441A (Pending)
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2.1 Photorealistic Facial Avatars Overview

The chapters of this work explore the acquisition of photorealistic human facial assets,
which are also increasingly referred to as Awvatars in the scientific community. The scope
of this analysis is facial assets, whose acquisition and rendering are challenging, with a
multitude of works published in the span of 3 decades. For a single subject, such facial
assets typically consist of a shape representation that captures the geometry of the given
subject and a set of textures that describe spatially varying facial attributes, such as skin
color. Such assets can be used by rendering algorithms (Sec. 2.2) to generate images of
the assets in arbitrary environments, or used in applications such as games, virtual and
augmented reality, etc. Assets can be captured with large and expensive facial scanners
(Sec. 2.3), manually created by graphic artists, or inferred using machine learning models
(Sec. 2.5). This Thesis contains work relating to the simplification of the capturing process,
and the improvement of algorithms for machine learning inference of facial assets, from

unconstrained facial images.

Both sides of this 3D reconstruction problem belong to the well-studied field of Inverse
Rendering, in the intersection of Graphics and Computer Vision. Inverse Rendering de-
scribes the problem of analyzing images, to acquire the geometry of a scene, the properties
of its illumination sources and the reflectance properties of its objects’ materials. Fol-
lowing the standard definitions [39], Inverse Rendering problems can be classified into (a)
Inverse Lighting problems, where the properties of the illumination sources are unknown,
(b) Inverse Geometry, where the geometry of an object is unknown (c) Inverse Reflectance
problems, where the texture or the reflectance distribution function of an object is un-
known. Photorealistic 3D reconstruction of faces incorporates a combination of Inverse

Geometry and Inverse Reflectance and often Inverse Lighting.

In the following sections, we describe the required background around inverse rendering
and machine learning, while keeping the scope around facial assets. Sec. 2.2 introduces

the reader to the basics of facial rendering, and differentiable rendering, which is required
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for optimization, Sec. 2.3 describes the prior work in facial assets capturing using scanning
systems, Sec. 2.4 provides an overview of the basics of machine and deep learning used in
facial reconstruction, Sec. 2.5.1 describes the prior work in 3D facial asset synthesis and

finally Sec. 2.5.2 analyses the prior work relating to photorealistic 3D facial reconstruction.

2.2 Photorealistic Facial Rendering

Rendering comprises a set of functions that synthesize an image from 3D assets. These 3D
assets are commonly described by a group of vertices with polygonal faces and associated
textures. The main steps are a) geometry processing, b) rasterization, and c) shading.
Through Geometry processing, a 3D model’s coordinates are transformed from its own
model space to a shared world space, and from it to a desired camera space, based on a
camera’s parameters. Both transformations can be described with matrix multiplication
[40]. The transformation to the camera space can either be orthographic, a parallel pro-
jection, or perspective. Then, through rasterization, the visible polygons to the camera
are selected, and fragments of those are associated with each camera’s pixels [40]. Finally,
through shading, a function transforms each pixel’s fragment to the final color of the ren-
dered image, while overlapping fragments are blended based on their distance from the

camera [40].

2.2.1 Differentiable Rendering

The geometry processing and most common pixel shaders are by definition differentiable.
However, the rasterization and fragment blending (typically using z-buffering) steps are
discontinuous functions and cannot be differentiated. Works on differentiable rendering
are either simplifying or changing the above rendering pipeline, so it can be incorporated

into an iterative optimization pipeline.

Multiple works in the past have incorporated differentiable rendering models to solve spe-
cific problems, such as geometry inference or reflectance acquisition, with limited success
[39]. Nevertheless, the advent of deep neural networks has sparked the interest in fully dif-

ferentiable rendering, that overcomes the existing obstacles, mainly that of rasterization.
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OpenDR [41] was the first such complete framework in Python for differentiable rendering,
built upon an auto-differentiation framework. It supports per-pixel intensity with spheri-
cal harmonics or point light sources, triangular mesh representation and a pinhole camera
model. For rasterization, they use a filtering kernel for all boundary pixels and a first-order
Taylor expansion for all interior pixels. Neural 3D Mesh Renderer [42] introduces a ras-
terization approximation which enables differentiation for non-occluded gradients, using
linear interpolation to replace the discontinuous triangle borders with gradual and smooth
changes from background to foreground. This method can be directly incorporated into
neural networks for rendering, but does not model pixel shading and cannot render meshes

of different topologies.

For the first time, TF Mesh Renderer [43| used differentiable rendering to acquire a re-
construction loss of a 3DMM reconstruction from “in-the-wild” images. They introduced a
differentiable rasterizer which interpolates per-vertex attributes in view space, using pos-
itive (inside triangle) and negative (outside triangle) barycentric coordinates to overcome
discontinuity. Tf Mesh Renderer includes a deferred pixel shader which successfully in-
corporates Phong shading. SoftRasterizer [44] introduced a fully differentiable rendering
framework using a probabilistic rasterizing function with an aggregation function for z-
buffering, which significantly improves the gradient flow over OpenDR [41] and [42]. A
different approach by Chen et al. [45] separate the rasterization for the foreground (in trian-
gle) and background pixels (outside triangle) and uses re-defined differentiable barycentric
coordinates to propagate the gradient only for the foreground pixels. The above methods
can successfully use differentiable rendering and shading models in deep neural networks
and can be used to solve inverse rendering problems. However, their rasterization approxi-
mation still lags behind traditional methods and the local illumination models cannot deal

with occlusion and shadows.

Ray Tracing is a rendering technique which traces the path of light reflected from the light
source to an object and then to the camera. Ray Tracing is more realistic to local illumina-
tion modeling and can accurately capture reflections and shadows. However, it comes with
significant performance costs and the result is commonly sampled with Monte Carlo-based
Ray Tracing, which is also discontinuous on object edges. Li et al. [46] introduced the

first differentiable ray tracer, which uses a novel edge-sampling-based method to design a
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continuous rendering function while using importance sampling to improve performance.
Finally, Loubet et al. [47] introduced spherical rotations that remove the discontinuities
w.r.t. the parameters of visibility, cameras, lights, and geometry. This method improves
its robustness compared to [46] but is still suffering from biased gradients and high com-
putational costs. However, the current methods have yet to produce realistic rendering of

human faces.

Recently, several complete frameworks combined deep learning with differentiable render-
ing. TF Mesh Renderer [43] can be easily integrated with Tensorflow which also includes
an integrated library for graphics and differentiable rendering . Kaolin [48] is library of
Pytorch implementations including [49] and SoftRasterizer [44]. Finally, Pytorch3D [50]
is a complete modular differentiable rendering framework, loosely based on SoftRaster-
izer, with many additional modules for shading, performance and compatibility with data

structures.

2.2.2 Shading Models

Shading refers to the computation of the visible color on a surface, and is based on the
environment illumination and the surface’s properties. Following the definitions by Pharr
et al. 2016 [51]|, Radiance L(p,w) is defined as the power radiated at a point p, in a
direction w per unit of the projected area, perpendicular to that direction, per unit solid
angle for a given frequency. When incident light hits a surface, part is reflected, and part is
transmitted. The Bidirectional Reflectance Distribution Function (BRDF), f.(p,v,1), is a
function describing the radiance coming from a surface at point p and viewing direction v,
when light is emitted at p from a direction 1. A Bidirectional Transmittance Distribution
Function (BTDF), fi(p,v,l), is a function describing the transmitted light at a surface
point p and viewing direction v, with light emitted at p from a direction v. To measure
the total radiance at the point p,, we can integrate these functions over the sphere of

incident directions S2:

Lo(po,v) = / f(po, v,1)Li(po, 1) |cos b;] dl, (2.1)
82

lyww.tensorflow. org/graphics/overview
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where L;(po,1) is the incident radiance at point p, from direction 1, and n is the surface
normal p,. As frequently used in literature, f denotes both the BRDF and BTDF, and is

called the Bidirectional Scattering Distribution Function (BSDF).

Materials such as human skin exhibit significant subsurface scattering (SSS) [52]. The Bidi-
rectional Scattering Surface Reflectance Distribution Function (BSSRDF) [51], S(po, v, Pi, 1),
describes the ratio of exitant differential radiance at a point p, in direction v, to the in-
cident differential radiance at another point p; from another direction 1. In that case, to
measure the total radiance at point p,, we can integrate this function over the sphere of

incident directions 8% and over the surface area A:

Lo(p07 V) = /A 52 S(po, Vv, Pi, l)Lz(p17 1)(n : 1) dl dA. (22)

Physically-based rendering, as defined above, considers the Global Illumination of a scene
and measures the radiant incidence and exitance on each point from light sources and be-
tween objects in a scene, based on Light Transport Theory. The integrals can be estimated
using Monte Carlo Estimators [53]. Although Global Illumination BSDFs achieve the most
photorealistic rendering results, it is difficult to differentiate and slow to calculate. It is

thus inefficient with iterative optimization and outside the scope of this work.

On the contrary, Local Illumination models measure the local shading at each surface point
by simplifying certain light interactions. Multiple shading models have been suggested,
that achieve realistic results and have low computational needs, even though they are
not physically based. Moreover, they are typically fast and differentiable. Under local
illumination, L; is given, and a light source is defined as a distant area light with direction

l; and color ¢; [40]. In that case, the BRDF is simplified to

L(po,v) =7 Y f(li,v)ci(n - )™, (2.3)

i=1

where () indicates clipping to positive numbers and n is the number of light sources.

A basic local shading model is the Lambertian [40|, which calculates a view-independent

reflectance value based on the light direction 1 and the surface normal n, for a given albedo
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color a at a surface point p,:

L(po,v) =ay (L -n)c (2.4)
=1

Essentially, the above models the diffuse reflectance, but not the specular term, which
models the refracted incident illumination that gets reflected back to the environment.
According to the Fresnel equations [40], in most mediums and also in human skin, part of
the incident illumination results in part diffuse reflectance, and part specular reflectance,

where the light is reflected towards the reflection vector r:
r=2(n-l)n-1 (2.5)

Usually, such an effect is affected by the mediums’ refractive indexes. The Schlick ap-
proximation [54] for the Fresnel effect can be used to account for reflections with various

refractive indexes.

Effective models of specular reflectivity account for micro-geometry, that is, surface details
smaller than the pixel and the normal used in the calculations. Such micro-facet BRDF
models [55, 56] assume a distribution of micro-facet surface normals and typically account

for the shadowing and scattering effects such details cause at the specular reflection.

An early empirical model by Phong [57| captures both the specular and diffuse reflection
and is plausible on facial skin and other dielectric materials. Under the Phong model, the
reflection is composed of a diffuse (Lambertian), a specular, and an ambient component,
for a set of m directional light sources, with I; direction and ¢4, the diffuse, cy, the specular
and c, the ambient light intensities. The material properties are defined by the albedo,
which defines the intensity of the reflected light for the diffuse component ag, specular
component a; and ambient component a,. For a specular roughness term o € R and a
viewing direction v, since specular reflection is view-dependent, the Phong model is defined

as:

u = caa, + Z (ag (L -m) ey, + a5 (ri-v)*cq), (2.6)

(2

where r is the reflection vector defined by Eq. 2.5.

An extension to the Phong model, termed the Blinn-Phong model [58], modifies the re-
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flection vector, as the half vector h between the view direction and light direction. The
Blinn-Phong model assumes that the micro-facet BRDF is non-zero where the micro-facet

normals are aligned with the vector pointing halfway between 1 and v. The half vector is

defined as:
1+v
= — (2.7)
1+ v]|
and the Blinn-Phong model is defined as:
u = cya, + Z (ag (L n)cy, +as (h;i-v)%cq) . (2.8)

i=1

A multitude of other shading models has been designed, aiming at more realistic shading
or modeling different material properties. Notable are the Cook-Torrance [56] and GGX

[59], which enjoy widespread use up to today.

2.2.3 Facial Rendering Overview

There are multiple different setups that can accomplish photorealistic facial rendering.
However, in the scope of this research, a certain paradigm is common, based on the re-
quirements of photorealistic rendering, explicit mesh and texture parameterization, and
differentiable rendering equations, which we expand below. Typically, the shape of the
face is represented by a triangular mesh S, with N vertices S; € R* i = 1,...,N and a
number of faces defining their connectivity. Each vertex can be assigned a color S;, € R3

(colored mesh), or a set of UV coordinates S;,, € R? (textured mesh), which map each

uv

RW>HX3 where W, H are the dimensions of the

vertex to a position in a texture map T &€
texture map. When rendering a textured mesh, multiple pixels per face can be interpolated
on the rasterized image and provide a higher-resolution rendering, than when interpolating

between the colored vertices.

Many facial reconstruction works rely on either a colored (e.g. [6, 10]) or textured mesh
(e.g. [19, 60]), which are not adequate for photorealistic facial rendering, and often con-
tain baked environment illumination from the training data. Most importantly, for facial
relighting, the facial texture must be an albedo, representing only the diffuse response of

the skin and devoid of any external illumination. Moreover, for a dielectric material such
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e
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Figure 2.1: Example set of facial rendering assets (diffuse albedo A p, specular albedo Ag
diffuse normals Np, specular normals Ng) as defined in this chapter, including a mesh
with rasterized surface and a rendering.

as skin, both diffuse and specular terms are required to produce photorealistic results [61].
The specular term can also be defined by a specular albedo, which defines the skin’s spa-
tially varying specular response. Depending on the shading model used, a constant or
spatially varying specular roughness term may be required, which defines the microfacet

distribution.

Meshes of high polygonal count can model facial details accurately, but become increasingly
expensive to render and manipulate. Therefore, it is common practice to reduce the number
of vertices in the mesh, and create a texture map with normal information N. Moreover,
[4, 5, 62] have shown that skin exhibits different intensity for the specular and diffuse
component and that due to the skin’s subsurface scattering, detailed surface normals can
be used to model the specular term, while much smoother diffuse normals should be used

to model the diffusion.

In the following chapters, we consider two types of facial assets: A) the simpler combination
of a triangular mesh S and a single texture T, and B) the photorealistically renderable
assets consisting of a triangular mesh S and a set of textures R = {Ap, Ag,Np,Ng},
where A p is the diffuse albedo, A g is the specular albedo, N are the diffuse normals and
Ng the specular normals. Of note, in some works, the diffuse and specular normals Np

may not be explicitly defined, as surface normals N can be computed from S.

Finally, on a different paradigm, neural rendering approaches are also becoming increas-
ingly popular for facial and human rendering. Neural rendering for facial assets [63] typ-
ically uses a mesh and neural material representations. Such materials can be rendered
using an optimizable neural network, conditioned on the assets and in a specific scene.
Such approaches achieve excellent rendering quality from even incomplete facial assets,

as the neural network learns to correct rendering imperfections, but require huge training
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data and lengthy training, while being challenging to incorporate into typical rendering

applications.

Recently, Neural Radiance Fields (NERFs) [64], proposed a set of MLPs that learn a
radiance field of a static scene, that can be rendered using volumetric Rendering [64].
NERFs require tens to hundreds of 2D images of a static scene for training and suffer
from the drawbacks mentioned above of neural rendering, additionally to slow rendering
times. However, multiple follow-up works add faster rendering [65], dynamic scenes [66],
and controllable illumination [67]. Finally, recent works [68] combine powerful generative

models with NERFs with applications on facial modeling and rendering.

2.3 Facial Geometry and Reflectance Capturing

Facial geometry and reflectance acquisition is a widely explored field in the literature,
and can be accomplished in different ways, depending on the hardware available and the
required precision. Facial geometry (Sec. 2.3) is usually represented as a point cloud or
meshes, and can be acquired from multi-view images or using structured light (e.g. laser
scanners) (Sec. 2.3.1). Facial reflectance acquisition, can be acquired with active illumina-
tion devices (Sec. 2.3.2) or passive illumination devices (Sec. 2.3.3). Finally, this chapter
also explores relevant smaller-scale scanners and handheld devices (Sec. 2.3.4) and non-

facial capturing (Sec. 2.3.5).

2.3.1 Geometry Acquisition

Structured Light methods employ structured signals, which are projected on the subject
under a controlled environment. Such methods include devices that utilize time-of-flight or
structured-light systems, which provide high-accuracy (i.e. laser scanners) or easy-of-use
(i.e. mobile phone sensors). An example of a laser scanner usable for facial reconstruction
is Arctec3D?. Moreover, time-of-flight sensors with structured light projections, provide
rough shape estimation combined with ease of use, examples of which are Kinect® and

ARKkit*. A thorough analysis of these methods is beyond the scope of this work.

2yww.artec3d. com/
3developer.microsoft.com/en-us/windows/kinect
‘developer.apple.com/augmented-reality/
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Passive capturing systems also provide an easy way of acquiring geometry, as they only
require several photographs of the subject under unconstrained illumination. Multiple
commercial stereo-reconstruction frameworks (i.e. Agisoft Metashape®, Reality Capture®)
and the open-source (i.e. COLMAP7 and Meshroom®) can be used. It’s important to note
that passive capturing methods usually result in rough and noisy estimations. Geometry-
enhancing techniques can mediate this, such as Nehab’s [69], by calculating the displace-
ment map (also known as a height map) from captured normals and using it to emboss

the details on the geometry.

Finally, 3D Morphable Models are powerful statistical models widely used for facial shape
modeling and inference and are covered in detail in Sec. 5.2.2. Li et al. [31] compare

Arctec3D, structure-from-motion, and 3DMM fitting on facial reconstruction.

2.3.2 Active Illumination Facial Scanners

Photometric stereo systems have traditionally been popular in computer vision for esti-
mating surface normals, in conjunction with color-multiplexed illumination for dynamic
capture [70][71]. Debevec et al. [72] first proposed a specialized light stage setup to acquire
a dense reflectance field of a human face for photo-realistic image-based relighting applica-
tions. They also fit microfacet-BRDF based reflectance using the acquired data. Weyrich
et al. |73] instead employed an LED sphere and multiple cameras to densely record facial re-
flectance and computed view-independent estimates of spatially varying facial reflectance
from the acquired data for driving a microfacet BRDF model-based rendering. Subse-
quently, Ma et al. [74] introduced polarized spherical gradient illumination (using an LED
sphere) for efficient acquisition of the separated diffuse and specular albedos and photo-
metric normals of a face, and demonstrated high-quality facial geometry, including skin

mesostructure as well as realistic rendering with the acquired data.

Ghosh et al. [75] further extended the acquisition method to acquire layered facial re-
flectance using a combination of polarization and structured lighting and further extended

the view-dependent solution of Ma et al. for multi-view facial acquisition with polarized

www.agisoft.com/ previously called Agisoft Photoscan
www.capturingreality.com
colmap.github.io
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spherical gradient illumination [76]. These techniques have had a significant impact on
film VFX. Fyffe et al. [77] employed the method of [78| for temporal alignment of spherical
gradient illumination for dynamic performance capture. However, their method involves
a heuristic-based separation of reflectance, which is inaccurate, and the capture process
requires high-speed cameras. Fyffe & Debevec [79] further proposed a single-shot method
using a complex setup of a polarized RGB LED sphere for color-multiplexed spherical gra-
dients that are further polarized using the method of [76] for diffuse-specular separation.
Finally, Kampouris et al. [80] employed binary spherical gradient illumination using an
LED sphere for facial appearance capture including diffuse-specular separation of albedo

and photometric normals.

An alternate approach that does not require an LED sphere is the work of Fyffe et al. [81] on
static facial appearance capture employing off-the-shelf photography hardware. However,
the approach does not extend to dynamic facial appearance capture. Still, it requires quite
a complex hardware setup consisting of 24 cameras and six flashes triggered in sequence

within a few milliseconds. These previous works inspire our approach.

2.3.3 Passive Illumination Facial Scanners

Researchers have also investigated approaches for passive acquisition of faces and entire
body. Such acquisition is particularly well suited for performance capture since active
approaches usually require time-multiplexed illumination, imposing requirements of high
frame rate acquisition, lighting control and synchronization. A popular approach has
been to employ uniform constant illumination for multi-view facial capture [82][83]. Such
an approach enables the estimation of an albedo texture under flat-lit illumination for
rendering purposes besides facial geometry reconstruction based on the multi-view stereo.
High-frequency mesostructure is further embossed on the base-geometry using a high-pass
filter on the diffuse texture [82]. The approach has been extended for reconstructing
facial performances with drift-free tracking over long sequences using anchor frames [84].
While producing excellent qualitative results for facial geometry, the estimated albedo is
not completely diffuse and contains a small amount of specular reflectance baked into the

texture, and the embossed mesostructure is plausible rather than accurate.
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More recent works have extended passive capture systems for achieving facial reflectance
estimation using inverse rendering in conjunction with view-multiplexing [85||86]. The
latter demonstrates a more practical and inexpensive apparatus. However, while achieving
impressive results for passive capture, the quality of acquired reflectance maps is not quite
at par with active illumination systems. Gotardo et al. [85] are also able to acquire dynamic
facial appearance, however, their method requires the initialization of a neutral facial
appearance through dense multi-view capture in conjunction with measurement of person-
specific change in skin color due to blood flow constraining the optimization under passive

illumination.

2.3.4 Smaller Scale Systems

Several systems have been suggested for 3D reconstruction from hand-held scanners. Such
methods provide excellent portability and enable the acquisition of vast datasets, however,
the existing methods only reconstruct medium-quality geometry and do not capture re-
flectance. Bellus3D (now discontinued) used a propertiary camera system to capture the
subject’s face from different viewpoints with RGB and depth and estimate a colored facial
mesh. However, they were limited to facial and head reconstructions and did not capture
skin reflectance but a texture with baked illumination. Scandy Pro uses a similar approach,
but capture with a TrueDepth-equipped iPhone ? and still suffers from the aforementioned
drawbacks. Therefore, other types of scanners that do not capture photorealistic appear-
ance, like laser scanners, are not in the scope of this study. Nevertheless, the subject of
handheld facial scanning is of great interest, because the ability to capture photorealistic
facial meshes using a cheap and portable device would significantly increase the amount of
data available for learning-based methods. On this matter, Ichim et al. [87] demonstrate
a combination of photometric-stereo from an arbitrary mobile phone camera video input,

which they combine with a statistical model to easily acquire medium-quality facial scans.

9TrueDepth is a camera system by Apple that captures RGB, depth, and infrared data. Additional
technical details are available at https://support.apple.com/en-gb/HT208108
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2.3.5 Non-skin capturing

All previously described work focus on facial skin acquisition, since other facial features
require different approaches. Human eyes exhibit high specularity and are usually partially
occluded in scans. The state-of-the-art method on eye acquisition [88] can capture the
individuality of each eye and realistically render it. The sclera is captured using a passive
multi-view system, the cornea is reconstructed using a photometric LED system and the

iris is captured by a path tracing multi-view system.

The teeth and tongue also exhibit different material properties than the skin and are
also primarily occluded in facial photographs. Dentistry teeth scanners with structured
lighting (i.e. iTero '° or 3Shape ') are specialized scanners that have to be inserted orally
to capture. Wu et al. [89] reconstruct teeth from normal photographs, using a parametric
teeth model created from 3D teeth models acquired with plaster molds. Recently, Velinov
et al. [90] implicitly model the reflectance of teeth and capture the surface reflectance,

transmission, and sub-surface scattering, using intra-oral scanning and path tracing.

Finally, hair is another particular category in reconstruction, as it exhibits different re-
flectance properties and is sub-millimeter in width, which complicates representation. Early
volumetric approaches with stereo reconstruction fail to capture both the shape and reflec-
tivity of the hair. Beeler et al. [91] jointly reconstruct skin and facial hair, by reconstructing
bulky facial hair using stereo reconstruction and adding synthesized facial fibers where de-
tected on the skin. Luo et al. [92] use unconstrained images of hair to capture plausible
hair 3D orientation fields whose occluded areas are completed to form full-length colored
wisps that can be fitted on a head model. Hu et al. [93] reconstruct hair from single im-
age by simulating possible hairstyles and then picking example hair strands from the best
simulation. Hu et al. [94] also suggest curating a dataset of artist-made hairstyles, which

are then matched to an input image and a few example hair strokes.

10
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2.4 Deep Learning Methods for Image Synthesis and Manip-

ulation

Deep learning algorithms model high-level abstractions in data, drawing ideas from the
biological nervous system of interconnected neurons. The norm in training such systems
from data is Backpropagation [95], which describes the adjustment of the neuron’s weights,
by passing along the network, the gradient of a loss function. The seminal of Convolutional
Neural Networks (CNNs) [96, 97| introduced weight sharing between nodes and learnable
feature maps on 2D data, which enabled object recognition in images. Kingma et al. [98]
introduced the Variational AutoEncoder, a network that learns the approximate latent
distribution of input data, by compressing and reconstructing them using CNNs, which
highlighted the potential of Deep Learning in image generation. Even though their results
were impressive, they were still low in quality and resolution for any meaningful application.
During the last few years, Generative Adversarial Networks (GANs) [13] truly unlocked
the power of image generation, by implicitly modeling the distribution of given data and
reconstructing realistic unseen images, using a pair of CNNs in a game-theoretic setting,

as described in the following section.

2.4.1 Generative Adversarial Networks for Image Synthesis

GANSs [13] are neural network models, that learn to implicitly estimate the probability
distribution of training data by using two differentiable components, the generator and
the discriminator. The generator G(z|fg) with parameters g produces a sample from the
approximated distribution of the model py,o4er, given a prior z. The discriminator D(X|6p)
with parameters fp predicts if a sample x comes from the actual data distribution pggta
or from the generator’s learned distribution p,,.4¢;. Both agents are jointly trained with
the target of finding the parameters fg and 6p, such as the generator’s pimodel = Pdata-
Therefore, in the value function V (6p, ), we aim to maximize the discriminator’s ability
to recognize samples from pguq, and to minimize its ability to recognize them, when they

are coming from the generating agent:

min max V(0D, 0G) = By 00108 DEO] + By, o log(1 = DG (29)
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The Kullback-Leibler (KL) divergence measures the divergence of a distribution P from
another distribution @Q:

KL(P||Q) :—/XloggdP (2.10)

Using the KL divergence, the Jenshen-Shannon divergence measures the similarity between

two distributions as:

JD(PHQ):%KL <PHP;Q> —%KL <QHP;Q> (2.11)

Then, the cost for the discriminator Jp(fp,0c) is derived from the value function as

follows. Minimizing it allows to find the py0qe; that is similar to pyata:

To(05,06) = 5 Bxp0l08 DOO) + 5By lloa(l ~ D(G())]  (212)

Training both agents resembles a zero-sum game-theoretic setting [13|, meaning that the
sum of both player’s cost is zero:

Jp+Ja=0 (2.13)

Then the value function V' (Eq. 2.9) can be used to devise the optimal parameters for the
generator as:

0¢ = argminmax V(6p, 0c) (2.14)
bc Op

However, in practice the heuristic approach by [99] is used for the generator’s cost Jg,
which flips the target on the discriminator’s cost, thus maximizing its probability of being
mistaken:

Jo = —%EZ log D(G(z)) (2.15)

The Deep Convolutional GAN (DCGAN) [100] introduced several variations from the orig-
inal model, that made training more stable and reached higher quality results. By using
fully convolutional networks with strided convolutions, DCGAN achieves higher-quality
results. Moreover, eliminating the fully connected layers and connecting the convolutional
layers directly to the vectors, enhanced the stability of the network while training. Finally,
by normalizing each batch to zero mean and dividing it by the batch’s standard devia-

tion (Batch Normalization [101]), was shown to speed-up learning and help avoid mode



2.4. Deep Learning Methods for Image Synthesis and Manipulation 27

collapse.

The Wasserstein GAN (WGAN) [102] improved on GAN training stability by altering the
distance measure between pgutq and pmoder. Instead of the Jensen-Shannon divergence
(Eq 2.9), the distance between the distributions is defined in a limited weight space w €

[—0.01,0.01] to ensure continuity:

W(pdatavpmodel) = inf IE:(x,y)w'y H ’X - y||] (216)
YEN(PdatasPmodel)

Limiting WGAN weight space results in exploring more straightforward functions and thus
limiting the network’s capacity. Gulrajani et al. [103| introduced the WGAN with Gradient
Penalty (WGAN-GP), which penalizes the gradient of the discriminator. The objective
then is defined as:

max min By, 0 [D(G(2))] = Eanp, [D(%)] = ABxps | ([[VxD ()2 ~ 1)* (2.17)

All previous methods showcased sharp and realistic results, but were constrained by low-
resolution outputs (up to 256 x 256). Karras et a. [14] introduced a progressive GAN
architecture (PROG-GAN) that enabled generating realistic images of up to 1024 x 1024
pixels, while achieving stable training in a short training time. The network starts with
a 4 x 4 input to fully convolutional layers, and after training to an equilibrium, adds an
extra convolutional layer with double the size of the previous one. The process continues
until the maximum supported network size, and all weights remain trainable until the end.
They also introduce a layer for increased standard deviation between features, to increase

the output’s variability and replace batch normalization with dynamic weight scaling.

2.4.2 Generative Adversarial Networks for Image Manipulation

Image translation refers to the adaptation of an input image to a different domain (i.e. artis-
tic style or illumination conditions). The traditional GAN value function V' (Eq. 2.9) can

be conditioned to a label so that the generated data correspond to a specific domain.

Mirza and Osinero [104] first proposed the conditional GANs, where both the generator
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and the discriminator are conditioned on class labels y. The objective of the GAN is

defined as:

minmax V(0p, 0c) = Expa(x) 108 DX[Y)] + Egnp, () [log(1 = D(Gl2]y)))]  (2.18)

Following the conditional GAN paradigm, Isola et al. [105] introduced piz2piz, which learns
to translate images between two domains (i.e. sketch and photograph or day and night).
Instead of conditioning both agents on a label y, the generator G is conditioned on the
source domain input x. Then discriminator is now assessing the validity of the pair of x

and either the generators output or the actual representation of x in the target domain, y:
Laa(G, D) = Exy [log D(X,y)] + Exz [log (1 — D(x, G(x, 2)))] (2.19)

The generator’s architecture is an encoder-decoder network ( U-Net), which comprises con-
volutional layers that downsample the input into a lower-dimensional space before gen-
erating the output from it, while enabling information to pass between the encoder and
decoder layers of the same size (skip-connections). Moreover, the translation is improved
when the generator is forced to produce a result near the ground truth of the target domain

image, which can be achieved with an additional L loss between them:
Li1(G) = Exye [lly — G(x,2)l[] (2.20)
The complete objective comprises both losses:

G* = arg rnGin max L 4ay(G,D) 4+ A\L11(G) (2.21)

The main drawback of the pix2pix framework is the need for a vast dataset of paired images
from both domains. CycleGAN [106] addresses this need, by enabling image translation
between 2 domains (Y, X), using unpaired training data. The network comprises two
mappings for the generator G : X — Y, F': Y — X and their respective discriminators

Dy, Dx. Then, the adversarial loss for the network is defined as:

Laan (G, Dy, X, Y) = Ey pa(v) 108 Dy (¥)] 4 Exppa ) log (1 = Dy (G(x)))] (2.22)
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Loan (G, Dx, X, Y) = Expora(x) 108 Dx (X)) + Eyop o (v log (1 — Dx (G(y)))] (2.23)

CycleGAN learns to translate from one to the other domain and vice versa, which not
only increases utility, but constrains each generator to produce results, that that can be
translated back to the source domain, using the second generator. To do so, Zhu et al. [106]
suggest the addition of another loss, L.y, which measures the distance between the input

image x,y and the twice-translated result, F(G(x)), G(F(y)) for both mappings:

Leye = Exparax) IF(G(%)) = X|[1] + Eypyora ) HGEF(Y)) — ¥lI1] (2.24)
Then, the total loss L is defined as:
L(Ga F7 DXa DY) = LGAN(G7 DY7 Xa Y) + LGAN(G7 DXa Ya X) + )\Lcyc(Ga F) (225)

Both pix2pixHD and CycleGAN can only be trained to translate from one domain to
another for each generator. Choi et al. [107] introduced the Unified Generative Adversarial
Networks for Multi-Domain Image-to-Image Translation (STARGAN). It features a single
conditional GAN generator G(x, c), that can translate an input image x between multiple
domains, given a domain label ¢. Here, the discriminator features an adversarial loss Dq,
(similarly to (Eq. 2.19) and an additional auxiliary classifier, which judges whether the
given image x belongs in the given domain ¢). The domain classification loss is defined on

both the real (Eq. 2.26) and fake (Eq. 2.27) images.
Ligsh = Exc [~ 108 Digper(c]x)] (2.26)

LI = By [~ log Digser (¢|G(x, ¢))] (2.27)

Moreover, Choi et al.[107] use the cycle consistency loss from CycleGAN [106], so that the

translated to a domain ¢ image, can be translated back to its original domain ¢’

Lcycle = IEx,c,c’ [

x — G (G(x,¢),d)| !1] (2.28)
Finally, the losses for training STARGAN are defined as:

k
LD = _Ladv + )\labelL;;gella LG = Ladv + )\labelLlfaazei + AcycleLcycle (229)
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All aforementioned works have been groundbreaking but were still constrained in mid-low
resolution data, i.e. 256 x 256 for pix2pix [108]. The seminal work by Wang et al. [18],
pushed the boundaries in image translation by generating realistic images of 2048 x 1024
pixels from semantic labels. Based on the architecture of pix2pix [108], a 2D input of se-
mantic labels per pixel (i.e. car, road or sky) is concatenated with a 2D per pixel boundary
(1 on the boundary between objects, 0 elsewhere) s : [Siapel, Shoundary] a0d passed on the
conditional generator G. The generator is comprised of 2 components: the global generator
G1, which performs the actual translation between the two domains at a down-sampled
version of the input and labels, and the local generator-enhancer Go, which down-samples
the input before passing it to G; and then up-samples and enhances the details of the
output from G2. Both consist of a convolutional front-end (denoted with F'), a set of resid-
ual blocks (R), and a transposed convolutional back-end (B). This architecture enables
both high-resolution results and stable training. Wang et al. use a set of 3 discriminators
D1, Do, D3, which have the same architecture but work on the image in different scales
1x, %x, %x. This enables the network to optimize both, with a global view of the result,
while also picking up the fine details of the image. Finally, they add an additional loss
to the learning problem, termed feature matching loss, which stabilizes the network and
guides the generator to meaningful statistics, by penalizing the difference of multiple layers

of the discriminator, between the real and fake image:

T
1 i %
Lieat (G, D) = sy > 7 ||| P4 (8,%) = DY (5. G9))| ] (2.30)
=1 l
Then, the objective for pix2pixHD is:
min max Z EGAN(G,Dk) + A Z ﬁFM(G,Dk) (2.31)

G D1,Ds,D:
D 12,3 k=1,2,3
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2.5 3D Facial Synthesis and Reconstruction

2.5.1 3D Facial Geometry and Texture Modeling and Synthesis
Statistical Methods

Over the years, numerous methods have been introduced in the literature that tackle the
problem of 3D facial reconstruction from a single input image. Early methods required a
statistical 3D Morphable Model (3DMM) [6, 9] both for shape and appearance, usually en-
coded in a low-dimensional space constructed by PCA. A thorough review of such methods

is compiled by Egger et al. [109].

The 3DMM is defined as a generator function ¢ : R* — R3", for a d-dimensional parameter
space to a mesh of n vertices, where d << n. Blanz and Vetter [6] in their seminal work, first
used PCA to disentangle a number of captured 3D facial meshes to their lower-dimensional

representation w.r.t. identity, expression, and appearance.

Identity: Before training, all 3D shapes should be in correspondence, so that the shape
s = [XI, e ,X;]T = [T1,Y1, %1, -, TN, YN, zN]T. Blanz and Vetter [6] calculate the mean
of the training shapes ¢ and the matrix with the d dominant eigenvectors of the covariance
E?® of the difference of each shape from the mean. The training data have been captured
with neutral expression and pose and have been densely aligned so that PCA will only
capture identity variation. Then, for an instance of the low-parameter vector w® € R? a

new shape can be generated as:

c(w)=c+E’w’ (2.32)

Additionally, given an existing shape cg in the same topology and in dense correspondence

with the model, the optimal shape vector that produces such a shape can be recovered as:

w=E*T(¢cy — ¢ (2.33)

Expression: Blanz et al. [6] also model expressions using PCA on reconstructions with
different expressions. Here, the dominant eigenvectors for expression E€ are found on

the covariance of the difference between a reconstruction with expression and the neutral
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shape of the same subject. The eigenvectors for identity E® are calculated as in Eq. 2.32,
using only the reconstructions with a neutral expression. Thus, to generate a shape with

expression, both models are combined:

c(w®,w®) =c+ E°w® + E°w® (2.34)

Multiple variations of this framework have been suggested. Given pre-defined expression
blendshapes, few examples of expression face scans can be used to adapt the blendshapes
to that subject [110]. Vlasic et al. [111] introduced a 3DMM based on a multi-linear model
using a higher-order tensor decomposition, which models the correlation between identity
and expression. Recent work has also shown that a similar approach can be used to drive

speech instead of expression [26].

Appearance: 3DMM can also capture variations in appearance as well, either as per-
vertex color values or 2D texture maps. Blanz and Vetter [6] unwrap cylindrically the
appearance of the reconstruction in a two-dimensional texture representation (UV space)
which is mapped to the vertices using texture-coordinates tc : R3" — R%*?. Again, using
PCA on the covariance of the difference of each texture and the mean T, the generative

model ¢ : RY — R¥X? is defined as:

t(w') =t + E'w’ (2.35)

Appearance can also be modeled in the same dimensions as the vertices (RGB instead of
XY Z) with tc : R3™ — R3". Booth et al. [9, 10] build such a model from SIFT features,
which are invariant to illumination changes. However, working on UV space grants several
benefits, such as compatibility with CNNs and the ability to work with a geometry of
a different resolution (usually lower). Booth and Zafeiriou [112] offer an analysis on the
subject. On another note, Moschoglou et al. [113| propose a robust matrix factorization
for facial uv-maps that can handle missing information and outliers. Finally, the linear

biophysical 3DMM [114] models appearance based on melanin and hemoglobin pigments.

The above framework is defined as a global model, as the full mesh is generated altogether,

which is straightforward to model, but may not reproduce high-frequency details. Different



2.5. 3D Facial Synthesis and Reconstruction 33

local model versions have been suggested [115, 116] which segment the face into different

parts and model them separately, which improves reconstruction fidelity.

The framework introduced by Blanz and Vetter [6] has evolved and most current state-of-
the-art 3DMMs are based on it, i.e. the Basel Facial Model (BFM) [117]| and the Large-Scale
Facial Model (LSFM) [9]). Recently, variations on the 3DMM have been introduced, that
improve the identity, expression, or appearance modeling, their accuracy and generaliza-
tion. The DL-3DMM [118] is using a learned dictionary of bases for the linear model, which
improves the reconstruction error for different poses and ethnicities. Wu et al. [116] use
a bone-structure local PCA model that accurately captures extreme motion deformations.
FLAME [119] combines bone articulation with the above linear model, effectively making
it a non-linear model with more realistic expressions. More non-linear approaches based

on deep learning are described in Section 2.5.2.

All previously described methods are focused on the facial area, since it contains most
identity-specific characteristics and details. A prominent work focusing on details whole-
head 3DMM is the Liverpool-York head model [120]|, which uses over 1200 subjects and
transfers the texture directly from the input captures for higher-resolution texturing. More-
over, Ploumpis et al. [121] introduced the Unified Head Model, a 3SDMM of head, eyes, teeth,
oral cavity, and ears. Instead of combining all components in a single PCA model, they

introduce a Gaussian Process method for fusing them together.

2.5.2 3D Facial Geometry and Texture Reconstruction from a Single

Image

Fitting Methodology

The most prominent application of a 3DMM is its fitting to an arbitrary 2D image Iy of
a human face. The standard process, originally introduced by Blanz and Vetter 6] uses
an analysis by synthesis approach, where the 3DMM recreates a natural image that is
compared against the input. Specifically, the statistical shape is projected to 2D-space,
in order to match the pose of the input face and the texture is rendered in the input’s
illumination environment to produce the synthesized face I(w). For the fitting, the un-

known parameters p are the weights for the 3DMM model w®, w®, wt and the rendering
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parameters for the camera w® and the illumination w! such as: w = [WS, we, wt, we, wl].
Then, an energy-minimization method is used for the optimal parameters. A regularizer

Reg(w) may also be used for the parameters:
min &(w) = ||Ty — I(w)|[3 + Reg(w) (2.36)

More recent approaches are still based on this framework [9, 122]. Fitting can also be
based on landmarks, curves and contours [118|. Another approach is optimizing in feature

space and not RGB space [9, 123|.

Landmark Localization

Facial landmarks can be automatically localized in a 2D image, after a face has been
detected. The standard methodology revolves around fitting an Active Appearance Model
(AAM) [124]. AAMs are generative deformable statistical models that can be used to bring
an object into an image into registration with a deformed reference template of shape and
appearance. In the case of landmark localization, the AAM is built with a set of landmarks,
i.e. iBug Facial Point Annotations [125]. Instead of the input RGB image, a more recent
robust and accurate AAM is applied on a dense Histogram of Oriented Gradients (HOG) of
the input image (8], using a gradient descent-based optimization. RetinaFace [126], a recent
work, uses a fully convolutional network to extract features for a multi-task regression, that
in one pass jointly localizes a bounding box, 2D facial landmarks and a 3D mesh for the

input image.

Registration

Another form of fitting, termed registration, describes the transformation of a given 3D
mesh to the topology of the 3DMM, bringing them in dense correspondence. This means
that they will have the same number of vertices, same triangulation and same semantic
and anatomic meaning for all vertices. It is common also to transform the input, so that

it has the same center, scale, and pose as the 3SDMM mean.

The seminal work on registration is the Non-Rigid Iterative Closest Point algorithm [127]



2.5. 3D Facial Synthesis and Reconstruction 35

which describes an incremental deformation of a template source to a target mesh. For a
set of per-vertex stiffness weights a;, Amberg et al. [127], find the nearest correspondence for
each vertex and calculate a deformation, in a loop, until a multi-target error is minimized.
For a template S = (V, &) with vertices V and edges £, and a target mesh X, the error
E is comprised of a) a distance term: between the source Xju; and the target nearest
vertices T, weighted by the match reliability w;, b) the stiffness term: that regularizes the
deformation by penalizing the difference of neighboring transformations, using a weighting
matrix G and c) the landmark term: which regularizes the registration based on predefined
landmark points 1. In each loop, both stiffness and landmarks terms are assigned decreasing

weights, «; and §;:

E(X) =Y widist®(T, X)) +a; Y [[(Xi—X)Gl5+8 Y [ X — 1] (2.37)
u;eV {i,j}€€ (uj),leL

A more recent state-of-the-art approach [128] achieves landmark-free registration, which

regularizes the deformation, based on the entropy levels on different facial areas. Finally,

a state-of-the-art flexible commercial approach is offered by Wrap 2.

GAN-based Methods:

Lately, many approaches have tried to leverage the power of Deep Learning to either
regress the latent parameters of a PCA model or utilize a 3DMM to synthesize images
and formulate an image-to-image translation problem using CNNs. Tran and Liu [129]
introduced a non-linear 3DMM which uses a set of CNN networks to infer the model’s
shape and albedo parameters, as well as the illumination, pose, and camera parameters,
which is optimized using a differentiable rendering layer that reconstructs the input image
from the fitting. Cole et al. [130] use a differentiable image warping technique to regenerate

an input image in a registered 2D space, from which an instance of a 3DMM can be derived.

Deep learning based 3DMM reconstructions have also been able to alleviate the need for
large labeled training datasets, by combining a differentiable renderer with self-supervised
training using arbitrary images [129, 131, 132, 133] and video [134] for training. Moreover,

Genova et al. [43] introduced a similar approach, which also utilizes a facial recognition

2https://www.russian3dscanner. com/
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loss to enforce the retention of identity features, a batch distribution loss that encourages
generalization, a loopback loss which ensures self-interpretable results and multi-view iden-
tity loss which improves the reconstruction from multiple view-points. Such approaches
seem very promising in generalizing to unseen data, however, their results are currently of
limited resolution and quality. More details on the differentiable renderers used here are

provided in section 2.2.1.

Arguably, the first generic method that demonstrated that it is possible to reconstruct
high-quality texture and shape from single “in-the-wild” images is the recently proposed
GANFIT method [19]. GANFIT can be described as an extension of the original 3DMM
fitting strategy and differentiable rendering [43], but with the following differences: (a)
instead of a PCA texture model, it uses a progressively growing GAN [14] trained on
thousands of high-resolution UV-maps, and (b) in order to preserve the identity in the
reconstructed texture and shape, it uses features from a state-of-the-art face recognition
network [135]. However, the reconstructed texture and shape is not rendering-ready due
to (a) the texture containing baked illumination, and (b) not being able to reconstruct

high-frequency normals or specular reflectance.

2.6 Photorealistic 3DMMs

The statistical paradigm on which 3DMMs are based makes them a robust facial shape
and appearance inference model, but hinders their ability to reconstruct high-resolution
textures, which would make the reconstruction appear realistic. Some of deep-learning
methods (i.e. GANFIT [19]) described in Section 2.5.2 can generate textures of up to
576 x 384 pixels. However, they do not model facial reflectance, which is required for
photorealistic rendering and for most models, the learned textures incorporate shadows

and environmental illumination.

An extension to 3DMM for photorealistic relighting is the SHBMM [136], which constructs
a 3DMM on 3D spherical harmonics bases. Recently, Smith et al. [11] extended the Basel
Face Model [117] to model appearance with two PCA models for the diffuse albedo and
specular albedo. Their approach can be used for state-of-the-art analysis by synthesis and

the reconstruction can be physically rendered, however, the resolution and sharpness of
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the generated appearance are still constrained by the use of a PCA model.

2.6.1 Image Translation-based Methods

Early applications on reflectance acquisition of human faces from “in-the-wild” images
[49, 137] use an encoder-decoder architecture to infer reflectance in a low-resolution tex-
ture, illumination and shape, by changing the domain of the input image. Neural Face
Editing [49] trains a GAN on unlabeled arbitrary images and adds a reconstruction loss
based on the rendering of the results. In a similar manner, SfSNet [137] train a network
with residual blocks, firstly supervised on labeled synthetic data from 3d reconstructions,
and secondly semi-supervised on the labeled data and on “in-the-wild” images, with an
added reconstruction loss. Both methods achieve exciting results, but are achieving very
low-resolution results and they use a simplified Lambertian shading model that cannot

accurately model and render the nature of human skin.

2.6.2 Combinatory Methods

During the last few years, some attempts have been made on the acquisition of high
resolution geometry and reflectance acquisition of human faces. They combine a linear or
non-linear SDMM geometry reconstruction with a deep learning approach for reflectance,

similar to the image-translation (Sec. 2.6.1) and material methods (Sec. 2.6.3).

A recent approach [138| uses a SDMM fitting which retains the input image details and in-
corporates facial normal and displacement mappings derived from an image-translation
deep network, resulting in representations with high-frequency details. Although this
method demonstrates impressive results in geometry inference, it tends to fail in conditions
with harsh illumination and extreme head poses, and does not produce re-lightable results,
as the environment illumination is baked in the resulting albedo. Saito et al. [139] proposed
a deep learning approach for data-driven inference of high-resolution albedo texture map
of an entire face for realistic rendering, using an input of a single low-resolution face image
with partial facial coverage. This has been extended to inference of facial mesostructure,
given a diffuse albedo [140], which, however, needs to be captured in a constrained environ-

ment. Yamaguchi et al. [141] use a facial image as input to infer complete facial reflectance
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and displacement maps besides albedo texture, which can be photo-realistically rendered

and achieves impressive results.

2.6.3 Planar Material Acquisition

Reflectance acquisition for materials is a similar problem that shares methods with re-
flectance acquisition from faces. In its common form, a single photo of a planar surface is
analyzed to recover characteristics of materials, such as wood, metal, stone, or plastic. The
planar geometry of such materials simplifies the problem, however, the materials in ques-
tion can have different reflectance properties (i.e. light interacts differently with dielectric

or metallic surfaces).

Aittala et al. [142] capture flat materials with head-lit flash illumination, normalize the
image mean and contrast and jointly predict the SVBRDF (diffuse and specular albedo,
normals, and roughness), using an iterative optimization process with a differentiable ren-
derer. Capturing the material with a flash removes shadows for the image and ensures the
appearance of specular highlights. Materials for the Masses [143] achieved similar results
with a simpler setup, using a single multi-channel encoder-decoder CNN architecture, which
also classifies the material group. Deschaintre et al. [144] worked on a similar paradigm
which also combines local and global features, while using a vast training material dataset
by procedurally generating synthetic labeled data that can be photo-realistically rendered.
Another approach [145] is using a similar encoder-decoder architecture without the need

for an input constrained under flash illumination.
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In this chapter, we describe the work done to improve the Imperial College Light Stage
[146], specifically the diffuse-specular separation algorithm, in order to optimize it for facial
shape and texture capture at scale (Sec 3.1) and increase its automation and robustness

(Sec. 3.2). Finally, we introduce RealFaceDB, a public dataset captured with the optimized

Light Stage (Sec. 3.3).
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3.1 Diffuse-Specular Separation Optimization

Here we introduce the optimizations done on the diffuse-specular separation of [147], in
order to make the approach multi-view and faster to compute. Published in A. Lattas,
M. Wang, S. Zafeiriou, and A. Ghosh, “Multi-view facial capture using binary spherical
gradient illumination,” in ACM SIGGRAPH 2019 Posters, pp. 1-2, 2019.

3.1.1 Introduction

(a) Render (b) Geometry (c) Render (d) Geometry

Figure 3.1: Renders of two subjects captured with our method. Left: full rendering, right:
geometry-only rendering.

High-resolution facial capture has received a lot of attention in computer graphics due
to its application in the creation of photorealistic digital humans for various applications
ranging from film VFX, games, VR, etc. Here, the state-of-the-art method for high-
quality acquisition of facial geometry and reflectance employs polarized spherical gradient
illumination [74, 76]. The technique has had a significant impact on facial capture for
film VFX, recently receiving a Technical Achievement award from the Academy of Motion
Picture Arts and Sciences [148]. The method, however, imposes a few constraints due
to the employment of polarized illumination, and requires the camera viewpoints to be
located close to the equator of the LED sphere for appropriate diffuse-specular separation
for multiview capture [76]. The employment of polarization for reflectance separation also
reduces the amount of light available for exposures and requires double the number of
photographs (in cross and parallel polarization states), increasing the capture time and

the number of pictures required for each face scan.

In this work, we instead adapt our recently proposed diffuse-specular separation technique

using binary spherical gradient illumination [147] for multiview face capture. Instead of
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relying on polarized illumination, diffuse-specular separation using binary spherical gradi-
ents relies on color-space separation of reflectance (assuming dichromatic reflectance of a
dielectric material such as skin). Besides requiring the acquisition of fewer images for facial
capture (with higher light efficiency) than polarized spherical gradients, another advantage
of the method is that it can be employed with LEDs that can only switch between a bi-
nary on-off state and does not require modulation of intensities to create gray levels. The
high-resolution facial normal map acquired using binary gradients exhibits sharper skin
mesostructure details (obtained from specular reflectance) compared to polarized spherical
gradients, while achieving high-quality reflectance separation for a realistic rendering of
skin appearance. In the following, we discuss some specific modifications to the processing
of data acquired with binary spherical gradient illumination proposed by Kampouris et

al. [147] that we found to be useful for multiview face capture.

3.1.2 Diffuse-Specular Separation Overview

(f) Y&°

(h) Y&° (W) zg U zeg” (k) Z2& W) z&’ (m) F*? (n) 27%

Figure 3.2: Example captured image set CP° of images with polarized spherical gradients,
used in [76] and our extension. Central camera images are shown.

The state-of-the-art reconstruction method of Ghosh et al. [76] requires capturing a set of

14 polarized images CP per camera:
I _ cp pp cp pp cp pp cp pp ¢p  r7Pp C¢p r7PP
CPt =X X2 X X Y YR Y YE, 272, 2%, 28, 7P} (3.1)

where X,Y, Z are the principal direction for the gradients, G is the gradient and C its

complement along the principal direction, c¢p denotes a cross-polarized capture and pp
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and parallel-polarized capture. When using current commercial cameras for the capture,
in burst mode, Ghosh et al. [76] requires an estimated 3.5 seconds, which may result in
subtle subject motion that shifts the pixel alignment and results in smoothed details in

the reconstruction.

(b) Xc (C) YG (d) Yc

Figure 3.3: Example captured image set C”™ of images with unpolarized binary spherical
gradients, used in [147] and our extension. Central camera images are shown.

On the contrary, the alternative base method of [147] approximates the diffuse-specular
separation based on a color space analysis. This requires a set of only six images C*" per

camera and does not require polarisers on the cameras or the light sources:

' ={Xg, Xe, Yo, Yo, Za,Zc} (3.2)

where X,Y, Z are the principal direction for the gradients, G is the gradient and C its
complement along the principal direction. Capturing with this method, not only requires
a simpler acquisition setup (no polarizers), but the capture requires 2 seconds in burst
mode, minimizing subject motion. Moreover, since we aim at mass capturing, we expect
our subjects to be sensitive to the flashing lights and more prone to move during capture.
Therefore, we choose this method for our capturing experiments. However, Kampouris et
al. [147] method is restricted to frontal view specular-diffuse separation, requires significant
computational time and produces noise on the sides of the face. In this section, we address
these shortcomings by proposing multiple modifications, which simplify the setup without

sacrificing the quality of the results.
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3.1.3 Processing Binary Gradients

Diffuse Normals

The data acquired using binary spherical gradient illumination directly compute a mixed
photometric normal (due to a diffuse and specular response mix under unpolarized illumi-
nation). Hence, Kampouris et al. first proposed employing rotation of the RGB colors into
suv space [149] and computing a pure diffuse normal using the magnitude of the chroma
components (u,v). Instead, we observe that under white illumination, the different color
channels of measured skin reflectance have the same amount of specular reflectance mixed
with a spectrally varying amount of diffuse reflectance. Hence, we can simply compute a
pure diffuse normal using the difference between the brightest and darkest color channels
of reflectance, which for human skin are the red and blue channels, respectively. This
spectral differencing step completely removes the specular signal, isolating a pure diffuse

component.

Specular Albedo and Diffuse Albedo

Our baseline here is the diffuse-specular separation obtained by Kampouris et al. [147]
using their proposed analytic solution obtained from HSV color transformation analysis.
The quality of separation is quite good at the sides of the face but suffers from a poor
signal-to-noise ratio, of the separated specular component near the frontal areas of the
face. This results in sub-optimal separation and some specular pollution near the frontal

regions of the face in the separated diffuse albedo.

Instead, we employ a linear system to solve for the specular component based on the ob-
servation that under the binary gradient and complement pairs, the brightly lit condition
consists of diffuse plus specular while the darker condition consists of pure diffuse compo-
nent [147]. Without loss of generality, assuming a surface appears brighter under gradient

G and darker under complement C, we can formulate the linear system solution as follows:

- (3.3)



44 Chapter 3. Capturing Human Facial Assets at Scale

Here, D is the diffuse component and .5, the specular component of the signal in a color
channel, and Ny is the corresponding component of the diffuse normal (shifted to [0, 1])
for that principal direction. We solve this linear system for the green channel since it has

the best signal-to-noise ratio.

We separately solve Eq. 3.3 twice, once each for the X and Y gradient - complement pairs,
to obtain two different estimates of D and S. Assuming monochromatic specular reflection,
we just compute the final estimate of specular reflectance as the mean of the two solutions

for S:
_ Sx + Xy

5 2

(3.4)

Finally, we simply subtract the monochromatic specular component S from the mixed
albedo (gradient G plus complement C' for a principal direction) to obtain the separated
diffuse albedo:

D=G+C-S (3.5)

As can be seen in (Figure 3.6) we obtain a much higher quality of reflectance separation

when using the linear system solution.

Specular Normals

Kampouris et al. [147] estimate a linear combination weight « for the diffuse and specular
component of the normals, using the blue channel of the captured gradients. We follow the
same practice for the estimation of the specular normal. However, we empirically found
that employing the green channel of the data to compute the linear mixing weight « gave
slightly higher quality results with less noise for the specular normal estimation step. Here,
the mixing weight « is employed to compute the specular normal as a linear combination

of the mixed normal and the pure diffuse normal.

Synthetic Rotation of Gradients

As mentioned above, in the multi-view setting, we find that the best estimates are calcu-
lated from the local X and Y gradient-complement pairs. Here, local refers to gradients

and complements aligned with respect to the camera viewing direction. However, given the
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(a) Xa

Figure 3.4: Synthetic rotation of the X gradient captured from a side camera, using our
method (Eq. 3.2), resulting in a Z-axis gradient in the space of that camera (termed Q¢).

multi-view capture setup (we employ nine cameras in our setup), the acquired binary gra-
dients and complements are initially axis-aligned with respect to the global coordinates of
the LED sphere. Hence, before we can compute diffuse-specular separation of the albedo,
we need to rotate the binary gradients X computationally, and their complements into the
local coordinate frame of each camera (termed ) and then employ the local @ and Y
pairs accordingly to estimate the specular albedo. Note that this rotation of the acquired

gradients and complements can be done afterwards, as together they form a steerable basis.

3.1.4 Results

Figure 3.5: Comparison of reflectance and normal maps acquired using polarized spherical
gradients (top-row) [76], and our binary spherical gradients (bottom-row). Note that the
diffuse albedo A p differs slightly in hue, due to different color space, while the polarized
capture specular albedo Ag, exhibits fresnel reflection on the sides.
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(a) Mix. Albedo b) Ap, [147] ¢) Ap, ours d) Ag, [147] (e) Ag, ours

Figure 3.6: Results of the linear system solution for diffuse, specular separation (Eq. 3.3)
compared to the color-space separation employed by [147].

Fig. 3.8 shows a comparison of the estimated diffuse and specular albedo and normals using
polarized spherical gradient illumination [76], compared to those estimated using binary
spherical gradient illumination with our modifications. There are qualitative similarities,
as well as some noticeable differences in the estimated reflectance and normal maps when
using these two techniques. Interestingly, the specular normals estimated using binary
spherical gradient illumination is sharper than that estimated using polarized gradients
[76]. Part of the reason is that the polarized capture requires double the number of pho-
tographs and is hence more susceptible to minor subject motion during capture. While the
diffuse-specular separation of albedo is of slightly higher quality when employing polarized
illumination, the quality of reflectance separation with binary spherical gradient illumina-
tion is of sufficiently high quality to enable realistic rendering of the face scan (Fig. 3.8).
Note that the diffuse albedo acquired by the two methods exhibits slightly different color
tones due to the different types of LEDs used and the polarization filters. We can correct
this by color transformation to sRGB. Also, the polarized capture [5] specular albedo Ag
exhibits Fresnel gain on the sides. Although it can be compensated in post-processing

[150], our methods suffer from such a problem.

Compared to [147|, the linear system solution (Eq. 3.3) achieves a more accurate diffuse
albedo, since the predicted specular albedo is less biased when using the two brighter

estimates from X, Y and Z axes. This is visualized in comparison with [147] in Figure 3.6.

We compare our novel spectral differencing diffuse normals separation in Fig. 3.7, with the
mixed normals and the suv-based approach [147]. Our simple red — blue difference-based
diffuse normal exhibits very similar qualitative softness and blur exhibited by the diffuse
normal computed using suv-space projection. The proposed spectral differencing method

is much simpler and faster to compute, which is why we adopt it in our pipeline.
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(a) N (b) NB" (c) Np

Figure 3.7: Comparison of mixed normals N, (a) obtained directly using binary spherical
gradient illumination vs. pure diffuse normals obtained using suv projection N3 (b), and
our proposed spectral differencing (¢) Np.

(a) Render, ours (b) Shape, ours (¢) Render, [76] (d) Shape, [76]

Figure 3.8: Comparison of rendering and geometry between our method and the state-of-
the-art method of Ghosh et al. [76]

The final separated diffuse and specular albedo and normals are shown and compared
with the state-of-the-art [76] in Figure 3.8. Our separation is comparable to the state-of-
the-art, achieves a view-independent specular albedo and sharper specular normals, while
introducing a few artifacts in the grazing angles of the diffuse albedo. Moreover, it uses the
significantly simplified capturing setup of [147]. Finally, Figure 3.8 shows the comparison

of rendered reconstructions between our pipeline and the state-of-the-art.

3.2 Capturing and Reconstruction Automation

Here we introduce the Light Stage capturing and reconstruction automation and robustness
optimization, which was carried at the Imperial College Light Stage [147], in order to enable
the capture of a vast dataset of facial reflectance and geometry using the aforementioned

diffuse-specular separation method.
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3.2.1 The Capturing System

Figure 3.9: The Imperial College Multispectral LightStage [146]

Our capture setup consists of the pre-existing Imperial Multi-spectral LED [146] sphere
with 168 LED lighting nodes and a multiview facial capture setup consisting of 9 DSLR
cameras (Canon 800D) (Figure 3.9). For acquisition, we employ only the white LEDs on
the LED sphere (Philips Color Kinetics iW MR gen3) to illuminate a subject with six
binary spherical gradient illumination conditions (along principal X, Y and Z directions
and their complements) as proposed by [147] (Figure 3.3), and amended by our method
(Sec. 3.1).

3.2.2 Capturing

We rapidly acquire a face under these six binary illumination conditions from our nine
cameras operating in burst mode to minimize any subject motion during capture. The
data acquired are then employed for both multi-view facial geometry reconstruction and
for high-quality reflectance separation which leads to the estimation of separated diffuse
and specular photometric normals and albedo for rendering. We have empirically found
that the off-the-shelf DSLR cameras used may tremble when they start capturing in burst
mode. To avoid images with motion blur due to camera shaking, we capture extra two

photos in the beginning, which are then discarded.
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3.2.3 Transfer and Pre-processing

Transferring and pre-processing the captures is an important step; it introduces a significant
bottleneck when capturing multiple subjects. Transferring the captures with the internal
SD cameras requires manual work and the WiFi transferring requires over 10 minutes per

capture set.

Therefore, our pipeline is devised as follows. The DSLR cameras are connected via a
USB hub to the data computer using the MTP file protocol. Each camera’s storage is
automatically queried for the captured data, and the corresponding images are stored in
folders per camera and capture, in an anonymized directory. Each transferred photograph is
converted from its RAW format linearly to 16bit TIFF. Finally, the last color chart capture

is used to automatically white balance the photographs, concluding the pre-processing.

3.2.4 Geometry Acquisition

Feature Alignment & Pose Estimation Poisson Recon.

Figure 3.10: Stereo reconstruction on mixed albedo images, with Poisson filter applied for
smoothing on the reconstructed geometry, using COLMAP [151].

The next step in the pipeline is the acquisition of the base reconstruction, directly from
the captured images, using a photogrammetry method based on structure-from-motion
[152, 153]. Several solutions exist and our personal choice is COLMAP [151], which is open-
source, fast, and robust with Light Stage data. Alternatively, Reality capture! is the state-
of-the-art but expensive commercial software at the moment, while Agisoft MetaShape

(previously called Photoscan)? also works effectively with Light Stage captures.

In the case of the polarized spherical gradient capture [76], the cross-polarized full-on X

(see Eq. 3.1) captures from each camera can be used for photometric stereo, as they exhibit

Laww. capturingreality.com
2w agisoft.com
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the same and only diffuse reflectance for all viewpoints, while having no shadows except
ambient occlusion. For our capture using the unpolarised binary spherical gradient capture
[147], the pure-diffuse albedo images that can be calculated after the separation, exhibit
high-frequency view-dependent noise, because of the nature of the algorithm. We find that
the unpolarised full-on captures X (see Eq. 3.2) can be used, even if they contain some
view-dependent specular highlights. These produce noisy areas, which can be alleviated

with a Laplacian filter.

3.2.5 Template Registration and UV Texturing
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and UV Unwrapping

Diffuse Albedo Specular Albedo

Rendering Enhanced Geometry

Figure 3.11: Post-processing of the stereo-reconstruction, as described in section 3.2.5.
Clockwise, from the top left and following the arrows: (a) we start with the mesh acquired
using stereo-reconstruction, (b) the mesh is automatically fitted with 43 landmarks using a
rendered image of the reconstructed mesh, (c) the template mesh is rigidly aligned with the
reconstruction, using an affine transformation computed using their landmarks, (d) using
Non-rigid ICP, the template is registered on the reconstructed mesh, (e) the per-camera
diffuse and specular components are projected on the registered mesh and unwrapped in
UV space using the template’s parameterization, (f) the enhanced geometry is acquired
by displacing a subdivided registered template, (g) the mesh can be rendered using the
reflectance UV maps.

Following the base reconstruction, we create a post-processing fully automated pipeline,
which provides us with high-resolution and rendering-ready data, that are in dense corre-
spondence (pixel-to-pixel and vertex-to-vertex) and ready for deep-learning applications.

The high-level visualization is shown in Figure 3.11 and each step is described below:

e Base Reconstruction Post-Processing: Following the base reconstruction using

one of the methods described in section 3.2.4, the resulting triangular mesh is colored



3.2.

Capturing and Reconstruction Automation 51

per-vertex using the corresponding values in the source images. Then, any holes are
closed by connecting their vertices with new faces and finally, the mesh topology is

simplified by reducing the triangle numbers to 300.000 with quadratic edge collapse.

Template Mesh Preparation: We acquire a version of the LSFM [154] trained
on 10.000 identities. This model has a standardized topology of 53.215 vertices and
blendshapes for identity and expression. We extract the mean shape of the LSFM
as a static triangular mesh. Using the landmarks or the base reconstruction, the

identity or expression of the starting mesh can be pre-optimized.

Automatic Landmark Localization: We automatically landmark both the base
reconstruction and the template, using the iBug Facial Point Annotations [125]. The
template mesh has a standardized topology and therefore known landmark vertices.
We landmark the base reconstruction using the Python library for deformable models,
Menpo [155] and render it facing the camera using orthographic projection, after it
has been rotated to face the renderer’s camera, using the coordinates of the cameras.
The landmarks are then localized in 2D using an AAM (8] and projected back to
the base reconstruction mesh, given the known parameters of the renderer’s virtual

camera.

Rigid Alignment: Following the Generalized Procrustes Analysis [156], we compute
an affine transformation between the landmarks of the template mesh and the base
reconstruction mesh, and rigidly align the template mesh to the scale, pose, and

position of the base reconstruction mesh.

Non-Rigid Deformation (Registration): Having closely aligned both meshes,
we iteratively deform the template mesh so that its geometry matches the base re-
construction’s geometry and bring them into correspondence. Similarly to [10], we
are using a Non-Rigid Iterative Closest Point (NICP) algorithm [157]. We find that
eight iterations of deformation with gradually reduced weights successfully deform
the template. To reduce errors on the noisy sides of the face, we increase the stiff-
ness weights of each vertex, based on its distance from the nose tip. Finally, to
correctly deform the more complex lips region, we run another four iterations where
the stiffness weights are only relaxed in an ellipsoid around the center of the lips’

landmarks.
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e Texture Projection: We project the corresponding texture from each captured
photograph to the registered mesh, creating texture maps for each captured modality.
This process is repeated for the diffuse and specular albedo and normals which have

been separated in camera space (Sec. 3.1).

e UV Parameterization: The stitched UV parameterization may be discontinuous
and repetitive and, therefore, a sub-optimal candidate for learning algorithms. We
have manually constructed an “unwrapped” UV space, as shown in Figure 3.11 which
keeps the central part of the face undistorted while stretching the outer parts to form
a rectangle, a standard practice in graphics. For each texture type, using the texture
coordinates of the unwrapped UV parameterization, we sample from the existing

textures to synthesize the ones shown in Figure 3.11.

e Optional Post-Processing for Rendering: The registered reconstruction, along
with the reflectance maps, can be used for photorealistic rendering in shaders that
support physically based rendering. Moreover, the specular, normal map can be used
to calculate a displacement map, as in [158], which can then be used to enhance a

subdivided registered mesh of the registered mesh, by displacing its vertices.

In the end, the reconstructed geometry is represented in a known topology, that is rigged
with expression and identity blendshapes, has a standardized and deep-learning-friendly
UV parameterization, all reflectance maps needed in that UV parameterization and in

dense correspondence with all other reconstructions.

3.3 RealFaceDB Dataset

The facial reflectance capturing methods and improvements introduced in Sec. 3.1 and the
automation of the capturing setup introduced in Sec. 3.2, enabled the capture of a large
facial reflectance dataset, whose parts were made publicly available upon the publication

of [23] (Sec. 5.1).

The dataset, termed RealFaceDB, consists of facial reflectance data parameterized on a UV
texture map, which can be shaded photorealistically and used to research facial reflectance

or train machine learning algorithms for facial reflectance acquisition. More specifically,
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a) Diffuse Albedo b) Diffuse Normals

e) Shape

RealFaceDB: 512x512 pixel patches,
containing 7500 items (1500 of each data type),
randomly sampled from 6144x4096 UV maps,

randomized and without identifiable features

c) Specular Albedo d) Specular Norm:

Figure 3.12: An example subject from the RealFaceDB dataset [23]. The reconstructed
facial reflectance maps for each subject’s reconstruction (Diffuse Albedo, Specular Albedo,
Diffuse Normals, Specular Normals, and Shape) are split into patches that, after random-
ization, form the dataset.

200 subjects visited the Imperial College Light Stage [146] over the course of 4 months, and
were captured using the methods of Sec. 3.1 and Sec. 3.2, by the author of this Thesis. The
captures consist of a neutral closed-eyes scan and a number of facial expressions, including
anger, smile, disgust, sadness, surprise, and fear. The FACS [159] expressions set was not
used, as the subjects were randomly pooled from students and staff of Imperial College,
and FACS requires time-consuming training to be followed correctly. The selected facial
reflectance scans were finally processed and transferred to a standard UV parameterization,
carefully constructed to be suitable for convolutional neural network training. Given the
high resolution (6144 x 4096 pixels) of the reflectance maps, which is unwieldy for any
current machine learning algorithm, the reflectance maps were cut into overlapping square
patches of 512 x 512 pixels. As a result, the final reflectance dataset is still the largest

public of its kind at the time of writing this report.

Given the sensitive nature of the facial data, only a randomized sample of the acquired
reflectance patches was used to form the dataset. More specifically, 20% of the patches
comprising each subject was added to the dataset, and the dataset was anonymized and
randomized, with only the correspondence between different measurements of the same
patch kept. In this manner, a subject cannot be reconstructed as a recognizable whole.
Moreover, in order to enable the shading of these patches, we encode the geometry corre-
sponding to each patch into the same UV topology (z,y,z — R, G, B) and provide it along
with the patches. Various shading models can be then used, as shown in AvatarMe™ " [24]

(Sec. 5.4.6, 6.3.3).
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Despite its size, the dataset is limited in certain characteristics of the subjects. As the
capturing device is not mobile, most subjects were UK residents and students or staff of

Imperial College London. Tab. 3.1 shows their demographic information:

Male Female Other 0-25 y.o. 25-40 y.o. over 40 y.o.
63.2%  36.7% 0% 55.8% 37.3% 6.9%

White Asian Black Other
61.1% 26.3% 5.5% 7.1%

Table 3.1: RealFaceDB captured subject demographics, on gender, race, and age.

The dataset is available at the project page of AvatarMe . At the time of writing, over
30 senior research staff from various universities and countries have requested and received

access to the dataset.

3.4 Conclusion

In this chapter, we have shown the improvements made on an existing facial capturing
setup and method, in order to capture multi-view facial reflectance and geometry, which
were published as a short paper at SIGGRAPH [20]. Moreover, we have described the
engineering work required to make the capturing setup able to capture and process tens of
subjects per day and finally, we have introduced the dataset RealFaceDB [23|. Both the
capturing improvements and the dataset have been crucial for the work described in the

following three chapters.

3RealFaceDB available at https://github.com/lattas/avatarme .
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(a) Tablet-based Setup (b) Render (¢) Monitor-based Setup (d) Render

Figure 4.1: Two proposed novel desktop-based setups (a, ¢) for high-quality facial capture
(b, d). Left: setup consisting of a set of portable mobile devices — tablets and smartphones,
for static facial capture. Right: setup consisting of a set desktop LCD displays for static
and dynamic facial capture.

In this chapter, we present a novel desktop-based system for high-quality facial capture
including geometry and facial appearance. The proposed acquisition system is highly
practical and scalable, consisting purely of commodity components. The setup consists
of a set of displays for controlled illumination for reflectance capture, in conjunction with
multiview acquisition of facial geometry. We additionally present a novel set of binary
illumination patterns for efficient acquisition of reflectance and photometric normals using
our setup, with diffuse-specular separation. We demonstrate high-quality results with two
different variants of the capture setup — one entirely consisting of portable mobile devices
targeting static facial capture, and the other consisting of desktop LCD displays targeting

both static and dynamic facial capture.

This chapter is supported by a published SIGGRAPH 2022 talk paper (A. Lattas, Y. Lin,
J. Kannan, E. Ozturk, L. Filipi, G. Guarnera, G. Chawla, and A. Ghosh, “Desktop-based
high-quality facial capture for everyone,” in SIGGRAPH Talks, 2022), and a published
ECCV 2022 paper (A. Lattas, Y. Lin, J. Kannan, E. Ozturk, L. Filipi, G. Guarnera,
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G. Chawla, and A. Ghosh, “Practical and scalable desktop-based high-quality facial cap-
ture,” in Proceedings of the European Conference on Computer Vision, 2022), which was

presented as an oral presentation.

4.1 Introduction

Realistic reconstruction and rendering of human faces has been a long standing goal in
computer vision and graphics. It has wide ranging applications in well known sectors such
as entertainment, advertising, AR/VR, training systems, etc., as well novel applications
of digital avatars in social media, and virtual presence in the envisioned metaverse. Great
strides have been made towards achieving this goal over the last two decades, both in
terms of development of photo-realistic rendering algorithms, as well as realistic model-
ing of facial shape and appearance. The latter has been revolutionized with the devel-
opment of acquisition techniques for high-quality 3D facial capture. However, creation
of realistic digital characters from acquired data requires very high-quality data capture
typically acquired using custom designed and expensive capture systems such as the Light-
stage [72][73][74][76]. This usually restricts the application of such acquisition techniques
in practice to big-budget film and games VFX, and/or to organizations that can either
afford to access such setups at specific locations or to construct such capture systems in-
house. This severely limits the accessibility of such 3D acquisition technology for wider

applications.

Instead, this work aims to make acquisition of high quality facial geometry and appear-
ance of a subject much more practical and accessible, thereby democratizing the creation
of realistic virtual humans for various applications. Specifically, we propose a practical
and scalable desktop-based setup for high-quality facial capture. The setup consists of a
set of displays for active control of illumination for facial appearance capture, in conjunc-
tion with multiview acquisition of facial geometry. We present two different variants of
the capture setup constructed entirely using commodity components — a highly portable
setup consisting of a set of mobile devices (tablets and smartphones) targeting static facial
capture, and a setup consisting of a set of desktop LCD displays targeting both static

and dynamic facial capture (see Fig. 4.1). We additionally present a novel set of binary
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illumination patterns emitted by the display panels in our setup for efficient acquisition of
diffuse-specular separated reflectance and photometric normals. We present high-quality
results of facial capture using both the proposed setups, and demonstrate the results to be

qualitatively competitive with those obtained using dedicated, expensive capture setups.

To summarize, this work introduces:

1. Two novel, scalable desktop setups for reflectance and shape capture, comprising only

of commodity components.

2. A novel photometric acquisition pipeline with diffuse-specular separation employ-
ing binary illumination that achieves high-quality results with the proposed desktop

setups.

3. Novel design of spectral multiplexing for binary illumination that enables high-quality

two-shot capture and estimation of spatially-varying specular roughness.

4. Demonstration of applicability of proposed setup and spectral multiplexing for dy-

namic facial appearance capture.

4.2 Related Work

Here we limit the discussion to the most related works on facial capture. For a broader

discussion, we refer the reader to an excellent surveys on the topic [160][161].

4.2.1 Active Illumination

Photometric stereo systems have traditionally been popular in computer vision for esti-
mating surface normals, in conjunction with color-multiplexed illumination for dynamic
capture [70] [71]. Debevec et al. |72] first proposed a specialized light stage setup to
acquire a dense reflectance field of a human face for photo-realistic image-based relight-
ing applications. They also fit microfacet-BRDF based reflectance using the acquired data.
Weyrich et al. |73] instead employed an LED sphere and multiple cameras to densely record
facial reflectance and computed view-independent estimates of spatially varying facial re-

flectance from the acquired data for driving a microfacet BRDF model-based rendering.
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Subsequently, Ma et al. [74] introduced polarized spherical gradient illumination (using
an LED sphere) for efficient acquisition of the separated diffuse and specular albedos and
photometric normals of a face, and demonstrated high quality facial geometry including

skin mesostructure as well as realistic rendering with the acquired data.

Ghosh et al. [75] further extended the acquisition method to acquire layered facial re-
flectance using a combination of polarization and structured lighting, and further extended
the view-dependent solution of Ma et al. for multi-view facial acquisition with polarized
spherical gradient illumination [76]. These techniques have had significant impact in film
VFX. Fyffe et al. [77] employed the method of [78] for temporal alignment of spherical
gradient illumination for dynamic performance capture. Their method involves a heuris-
tic based separation of reflectance which is not accurate and the capture process requires
high speed cameras. Fyffe & Debevec [79] further proposed a single-shot method using a
complex setup of a polarized RGB LED sphere for color-multiplexed spherical gradients

that are further polarized using the method of [76] for diffuse-specular separation.

Closer to our work, Kampouris et al. [80] have employed binary spherical gradient il-
lumination using an LED sphere for facial appearance capture including diffuse-specular
separation of albedo and photometric normals. We employ a similar analysis of binary illu-
mination in our work for diffuse-specular separation. However, we demonstrate our lighting
patterns in conjunction with our illumination setup to result in fewer measurements for
facial capture, even enabling high-quality results with spectral multiplexing which is not
achieved by [80]. More recently, Guo et al. [162] have employed complementary pair of
color-multiplexed spherical gradient illumination patterns using a spectral LED sphere for
estimating diffuse and specular reflectance and surface normals for full-body volumetric

capture.

Unlike their approach, we employ a much simpler acquisition setup and estimate a broader
set of spatially-varying reflectance parameters from each camera viewpoint using our spec-
tral multiplexing approach. An alternate approach that does not require an LED sphere
is the work of Fyffe et al. [81] on static facial appearance capture employing off-the-shelf
photography hardware. However, the approach does not extend to dynamic facial appear-
ance capture and still requires quite a complex hardware setup consisting of 24 cameras

and 6 flashes that are triggered in sequence within a few milliseconds. Our approach is
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inspired by these previous works. However, we aim to significantly simplify the capture
process using commodity components and propose highly scalable desktop-based active
illumination systems for high-quality facial capture. Very related to our approach is the
recent work of Sengupta et al. [163] who employ a single desktop monitor to illuminate a
face using a regular video sequence in order to learn a facial reflectance field with limited
angular coverage. However, the goal of this work is to support facial relighting for video
conferencing applications. Our desktop setup with brighter and wider illumination cov-
erage is much more suitable for high-quality multiview capture, and we propose lighting
patterns for direct acquisition of reflectance and photometric normals instead of learning

based inference.

4.2.2 Passive Capture

Researchers have also investigated approaches for passive acquisition of faces and full-
body. Such acquisition is particularly well suited for performance capture since active
approaches usually require time-multiplexed illumination, imposing requirements of high
frame rate acquisition, lighting control and synchronization. A popular approach has been
to employ uniform constant illumination for multi-view facial capture [82][83]. Such an ap-
proach enables estimation of an albedo texture under flat lit illumination for rendering pur-
poses besides facial geometry reconstruction based on multi-view stereo. High-frequency
mesostructure is further embossed on the base-geometry using a high-pass filter on the dif-
fuse texture [82]. The approach has been extended for reconstructing facial performances
with drift-free tracking over long sequences using anchor frames [84]. While producing
very good qualitative results for facial geometry, the estimated albedo is not completely
diffuse and contains a small amount of specular reflectance baked into the texture and
the embossed mesostructure is plausible rather than accurate. More recent works have
extended passive capture systems for achieving facial reflectance estimation using inverse
rendering in conjunction with view-multiplexing [85][86]. While achieving impressive re-
sults for passive capture, the quality of acquired reflectance maps is not quite at par with
active illumination systems. Importantly, the capture process still requires a dedicated
studio like setup with lighting control and mounting structure for cameras, and hence is

not as portable or scalable as our proposed desktop-based capture system.
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4.3 Desktop-based Capture System

l . 9? X +7 X
| I
pl E N
-a
B 6 B
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Figure 4.2: Schematics of the two proposed desktop-based facial capture systems. (a):
Tablet-based setup consisting purely of mobile devices. (b): Monitor-based setup consisting
of four 27" LCD monitors mounted in portrait mode. (c): Frontal hemispherical zone
(latitude-longitude parameterization) of directions covered by the display illumination.
The zone spans § < £90° along the longitudinal direction, while spanning o < £45° along
the latitudinal direction.

We propose two desktop-based setups for facial capture in this work. Both setups em-
ploy specific types of display panels for controlled illumination, while employing a set of
cameras for multiview acquisition. Both setups have been designed to provide controlled
illumination over a frontal hemispherical zone of directions spanning 8 < +90° along the
longitudinal directions ¢, while spanning av < +45° along the latitudinal directions 6 (see
supplemental material). Such a zone has previously been shown to include majority of

facial surface normals [81].

In Fig. 4.2, we present schematics of the two proposed desktop capture systems — the
first one employing portable mobile devices (tablets and smartphones), and the second
one employing larger LCD monitors for piece-wise continuous illumination on a subject’s
face. The displays are arranged to illuminate a subject’s face from a frontal hemispherical
zone of directions (Fig. 4.2), spanning § < +90° along the longitudinal direction, while

spanning o < £45° along the latitudinal direction.

4.3.1 Tablet-based Setup

Our first desktop setup consists purely of a set of mobile devices — eight tablets and
five smartphones, that are mounted on a desk as shown in Fig. 4.1 (a). The tablets
are arranged in two rows (latitudes) of four devices and oriented longitudinally so as to

cover a significant zone of the frontal hemisphere around a subject’s face. The screens of
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the tablets are oriented towards the subject and provide controlled piece-wise continuous
illumination for acquiring facial reflectance. The selfie cameras on the tablets are employed
to capture facial photometric response due to illumination during a capture sequence.
These cameras are typically lower in resolution so they mostly serve to provide data for
multiview 3D reconstruction (e.g., using structure-from-motion (SFM) [153]). We also
place five smartphones in the setup along the equatorial plane, one between each column
of the tablets, and employ their high-resolution back cameras (zoom lens) for acquiring
facial reflectance and photometric normals. The tablets and the smartphones are mounted
on a desk using appropriate table mounts. In this work, we employed iPad Air devices (4th
generation) for the tablets and iPhone 12 Pro devices as the smartphones in our setup.
Other types of tablets and smartphones (e.g., Android based) could also be used instead

for the setup.

The devices are all controlled in synchronization during a capture process where one device
acts as the master and the other devices act as slaves and they wirelessly communicate
with each other over WiFi. Once a capture command is initiated by an operator on the
master device, the master broadcasts the start time for the capture process to all slave
devices. All devices in the setup pool the global GPS clock-time from the GPS signal,
and having received the capture instruction and start-time from the master device, then
execute their own individual capture processes. Each device has a pre-built capture process
that for the tablets includes illuminating a sequence of patterns from the device screen
and simultaneously recording images using the selfie-camera, while for the smartphones
involves capturing high-resolution images using the back zoom camera. All devices start
and end their capture processes together in synchronized fashion in a few seconds due
to pre-set capture/illumination timings. Afterwards, the acquired data from all devices
is transferred to a single machine for off-line processing. The data transfer is also done
wirelessly once initiated by an operator. The entire setup is highly portable since it consists
of only the mobile devices and their table mounts. Hence, it can be easily moved from
one location to another and quickly re-assembled for use without having to deal with any

custom electronics/wiring.
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4.3.2 Monitor-based Setup

Our second setup consists of four desktop LCD monitors that we mount together on a
desk in portrait mode as shown in Fig. 4.1 (¢). We employ four 27" 4K monitors with 16:9
aspect ratio (Asus ProArt PA279CV) in our setup. The monitors are arranged longitu-
dinally facing the subject to cover a similar frontal hemispherical zone of directions with
screen illumination. The four monitors are all controlled by single workstation (running
Windows 10) via HDMI and display ports. The workstation includes a high-end graphics
card (Nvidia RTX 3070 Ti) which is employed to drive the four monitors. We additionally
mount stereo pairs of digital cameras within the vertical gaps between the monitors for
multiview capture. Eight cameras are mounted using small desk-tripods and we chose
mirrorless cameras with small form factor (Canon EOS M200) for ease of mounting in the
setup. During acquisition, the workstation controls the monitors and the set of cameras
in synchronization to rapidly capture a sequence of images under a set of controlled il-
lumination patterns for 3D shape and reflectance capture. The monitor-based setup has
the advantage over the tablet-based setup of much more fine-grained synchronization be-
tween multiple displays supporting much faster capture, even supporting video rate capture

required for acquiring dynamic facial performance.

4.4 TIllumination

4.4.1 Modulated Binary Illumination

We employ horizontally and vertically aligned binary illumination patterns in this work,
over the hemispherical zone of illumination of the proposed capture setups, for acquiring
albedo and photometric normals with diffuse-specular separation. While this is similar
to the approach of Kampouris et al. [80], our patterns require additional form-factor
modulation due to being near-field with limited angular extent. Furthermore, we make the
crucial observation that over the zone of hemispherical illumination covered by the displays
in our setup, we do not need all three axis aligned (X, Y, Z) binary illumination conditions
and their complements employed by [80]. Specifically, when we illuminate a subject with

the horizontally aligned binary pattern and its complement (H and H’ respectively), the lit
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portion of the zone does not have its centroid aligned with X-axis but is actually centered
around +45° and —45° directions respectively in the XZ plane (with 0° corresponding
to the +Z axis). This results in the complementary pair of horizontal binary patterns
H and H’ to have their centroids orthogonal to each other in the XZ plane (albeit with
a 45° in-plane rotation), and hence sufficient for determining the x and z components of
a photometric normal. We additionally only need measurement of the vertically aligned
binary pattern V and its complement V’ to determine the y component of the photometric
normal. This reduces the number of measurements to only four photographs under the

horizontal and vertical binary illumination patterns (see Fig. 4.3, a)

Color 1

o

V Color 2

Figure 4.3: Four binary illumination patterns (H, H’, V, V’), and two color-multiplexed
patterns used for 2-shot acquisition.

4.4.2 Spectral Multiplexing and Cross-Talk

For faster acquisition, we further reduce the number of measurements to only two pho-
tographs by employing spectral multiplexing of the binary patterns using the R, G and
B color channels of the display panels. While this is similar to the spectral multiplexing
approach of [80], we demonstrate much higher quality results for faces with our spectral
multiplexing scheme which are almost at par with results obtained using four measure-
ments under binary white illumination. Unlike previous work employing spectral multi-
plexing for photometric measurements, we observe that typical RGB illumination observed
by standard RGB cameras can suffer from a bit of spectral cross-talk between neighboring
wavelengths. Specifically, depending on the spectral power distribution (SPD) of the RGB
source and the spectral sensitivity of the camera, this can result in some cross-talk between

the blue and green channels, or the green and red channels sensed by the camera. Both
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our setups employ LCD displays with DCI P3 color gamut. We measured the SPD of our
displays using a spectrometer (Sekonic SpectoMaster C700) and camera spectral sensitivity
(using the procedure of [164]), and found the green and red illumination emitted by the
displays to be spectrally closer to each other due to an amber peak in the red illumination
spectrum. This causes the green channel of the cameras we employ to be sensitive to red
illumination emitted by the displays, and hence causes some spectral cross-talk between

these two color channels (Fig. 4.3(b)).

(a) Display SPD and camera sensitiv- (b) Display SPD and spectral cross- (¢) Display SPD of DCI P3
ity talk

Figure 4.4: (a) SPD of display illumination overlayed with the spectral sensitivity of one of
the color cameras (iPhone 12 Pro) employed for acquisition. (b) SPD of display illumination
overlayed with spectral cross-talk in camera due to neighboring wavelength of spectral
illuminations showing significant cross-talk between the green and red color channels. (c)
Spectral power distribution (SPD) of DCI P3 gamut color LCD displays employed for both
desktop capture setups.

The spectral power distribution (SPD) of the DCI P3 gamut color LCD panel displays
that we employ in both the proposed setups is shown in Fig. 4.4. The color display
SPD has three clear peaks corresponding to blue, green and red, although the red has
a smaller amber peak as well. Fig. 4.4 plots the spectral sensitivity of one of the color
cameras (iPhone 12 Pro) we employ for measurements overlaid on the SPD of the display
illumination. We recover the camera sensitivity using measurements of a color chart under
known display illumination spectrum using the procedure described in [164]. Fig. 4.4 also
plots the magnitude of cross-talk in terms of a camera color channel being sensitive to
illumination from a neighboring color channel. As can be seen, for our given pairs of
display illumination SPD and camera sensitivity, there is significant spectral cross-talk

between the green and red color channels.

In order to deal with this spectral cross-talk, we exploit our horizontal and vertical binary
patterns to design two novel complementary spectral multiplexing patterns for high-quality

photometric measurements. Specifically, we ensure that the patterns do not have any
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overlap of green and red illumination and we spectrally encode the horizontal and vertical
binary patterns and their complements in the two patterns shown in Fig. 4.3(a). Each
pattern consists of both the horizontal pattern H and its complement H’ encoded in the
red and green channels respectively (or vice versa), while the blue channel encodes either
the vertical pattern V or its complement V’. The two patterns are complementary and sum

to uniform white illumination.

4.4.3 Form-Factor Modulation

As previously mentioned, we additionally need to modulate the intensity of the binary
illumination patterns to compensate for the form-factor of the measurement setup. This
is required since the illumination is restricted to a hemispherical zone and hence is not
uniformly incident from all directions (unlike an LED sphere). Specifically, due to the
limited extent of the zone in the vertical (latitudinal) direction compared to the horizontal
(longitudinal) direction, we need to modulate the intensity along the vertical direction to
create an even distribution of illumination. We do this by reducing the intensity nearer to
the equator compared to latitudes near the top and bottom of the zone. This form-factor
modulation also needs to account for any local effects of illumination due to the setup
geometry. We pre-compute this vertical modulation function using inverse rendering a
diffuse sphere lit by display panel arrangements of our two setups. We then apply this

vertical modulation function to the binary illumination patterns during acquisition.

4.4.4 Multi-view Capture

The acquired patterns are axis-aligned with the global coordinates of the capture setup.
We observe that the patterns form a steerable basis and rotate the corresponding pairs into
the local coordinate frame of each camera before employing the photometric estimation

process described in Sec. 4.5.
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4.5 Method

4.5.1 Acquisition using White Illumination

Given the acquired set of photographs of a subject under the four binary patterns H, H', V, V'
(Fig. 4.3), we first rotate the H and H' patterns around the Y axis by +45° to additionally
obtain the axis aligned patterns X, X', and Z. Each binary-complement pair can be added
to acquire a full-on observation F, e.g., F' = X + X’. These observations can then be used

to estimate photometric normals and separated diffuse and specular albedo.

Photometric Normals

The set of acquired binary patterns can be used to compute mixed photometric normals
following [80]. However, due to incomplete hemispherical illumination (limited to < +45°
latitudinal span) employed in our setups, this would result in skewed normals. Instead, we
employ Singular Value Decomposition (SVD) to extract photometric normals with more
correct global orientation. We directly stack the flattened H, H', V, V' measurements into
a matrix A € RWH>4 where W, H are the width and height of each measurement. As
shown by [165], the eigenvectors of the three largest eigenvalues of AAT correspond to the

normals components NX NY NZ,

The orientation and order of the components of normals is arbitrary with SVD. Therefore
we order them in the following way: We create a facial mask M by using a face detector [166]
on F'| and design a function A(N, M), that aligns the components with the +X,+Y,+Z
axes. Specifically, we fit for each component a linear regression on the X and Y axes, and
assign each component to the axis with the highest absolute trend, while using the sign of
the trend to orient the component. For N2, the regression is fit on half of the X axis. For

an USVT SVD decomposition of A and U’ including the first three vectors of U:

N =AU, M), A=USV' (4.1)
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Diffuse Normals

Shorter-wavelength channels exhibit sharper normal details, because of the wavelength-
dependent diffuse scattering of light [74]. Under white illumination, we observe that the
different color channels share the same amount of specular reflectance, which is white, but
different amounts of diffuse reflectance. We can therefore acquire pure diffuse signal using
the spectral-differencing between the brightest (red) and darkest channels (blue) of each
pattern, i.e., Xp = X% — XB. The pure diffuse patterns can be used with Eq. 4.1 to

compute the diffuse normals Np.

Specular Normals

We follow the observation of [80] that the mixed normals are a mixture of diffuse and spec-
ular normals. However, we employ a simpler empirical signal processing step for estimating
specular normals from the mixture. Formulating mixed photometric normals N as a com-
bination of the diffuse normals Np and a portion of the specular signal aS, we separate
the specular signal using a Gaussian high-pass filter g(). We empirically set o = 0.5 for
our results. To obtain the final specular normals Ng, we add the separated specular signal

to the diffuse normals and re-normalize the normals:

Np + (N —g(N))
|| Np + (N - g(N)) ||

Ng = (4.2)

Diffuse-Specular Albedo Separation

For separating the reflectance albedo into diffuse Ap and specular Ag components re-
spectively, we employ the linear system in Eq. 4.3 originally proposed by [80] for color-
multiplexed data. We find the linear system based separation to also be well suited for
binary patterns with white illumination. Assuming the binary observation along X is

brighter than its complement X’, the linear system is expressed as:

X ND.X 1 AD
X' (1-Np.x) 0f [As
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, where Np.x is the z component of the diffuse normal scaled to [0,1]. Eq. 4.3 can be
solved separately for each binary-complement pair to acquire an estimate of Ag. Instead
of the median of three axis-aligned solutions proposed by Kampouris et al., we find the
best estimate as the average Ag,,, of solutions for only the X and Y binary pairs. Finally,
for computing the diffuse albedo Ap, we solve the linear system independently for each

color channel and then subtract the channel wise Agg,, from full-on F to obtain Ap.

4.5.2 Color-Multiplexed Illumination

We further reduce measurements to a two-shot capture process using color multiplexed
binary patterns shown in Fig. 4.3. These patterns yield two spectral pairs of horizontally
aligned patterns Hy, H|, Ha, H} and one pair of vertically aligned patterns V, V'. Similarly
to the white pattern captures, the orthogonal horizontal patterns can be rotated to create
two sets of X and Y axis-aligned patterns. We then follow a similar approach as with

white illumination, but with the following key differences:

Diffuse and Specular Normals

We acquire two horizontal pattern sets, using the green channel Hj, H] and the red chan-
nel Hy, H). Photometric normals from shorter-wavelength channels exhibit sharper normal
details [74]. Hence, we use the SVD method from Eq. 4.1 to estimate the mixed photomet-
ric normals N using the green-channel set Hj, H] which has substantial specular signal.
Additionally, we use SVD to estimate the normals using the red-channel set Ha, H), which
exhibits weaker specular signal, and treat these as the diffuse normals Np. Finally, we use

Eq. 4.2 to calculate the specular normals given N and refined Np.

Diffuse-Specular Separation

Similar to white illumination, we employ the linear system of Eq. 4.3 to estimate the
specular albedo Ag,,, by averaging the solutions for the X and Y axes. However, unlike
the case of white illumination, to estimate the diffuse albedo Ap we first scale the average

As,y4 by the ratio r. of the respective channel wise solutions of Ag relative to red channel
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solution, before subtracting it from full-on image F: Ap = F — r. x Ag,,. Here, F is

obtained by adding the two color-multiplexed patterns.

4.5.3 Specular Roughness Estimation

We further exploit the observations under the color-multiplexed patterns to additionally
estimate spatially varying specular roughness. We make the observation that the two color
patterns illuminate a subject with four saturated colors and increasing specular roughness
blurs these colors to make them less saturated. Hence, we employ normalized color as a
novel metric to estimate spatially varying specular roughness using an inverse rendering
process. We employ the estimated diffuse albedo Ap and diffuse normal Np to relight the
subject under the two color multiplexed lighting conditions and subtract these rendered
diffuse components from the photographs to isolate their specular components. We then
employ the estimated specular albedo Ag and specular normal Ng to render the specular
response to these lighting patterns and compare the normalized color of the renderings with
various roughness parameters (Cook-Torrance BRDF) to the isolated specular component
in the photographs. The estimated specular roughness corresponds to the best matching
normalized color (L1 norm). This way, we exploit color as an additional cue to disambiguate

specular albedo and roughness.

4.5.4 Dynamic Capture

The reflectance estimation approach using color-multiplexed patterns (Sec.4.5.2) is well-
suited for dynamic capture. As proof-of-concept, we employ our monitor-based setup for
dynamic capture and synchronize a machine vision camera (FLIR Grasshopper 3) with the
refresh rate of the monitors. Using this setup, we capture alternating color-multiplexed
patterns at 60 fps. The monitors take 16ms to update the pattern on the screens. In order
to handle this, we double up the alternating patterns for two frames at a time and use
every other frame in the sequence while ignoring the in-between frames corresponding to
the screen updates. This provides an effective capture rate of 30 fps for the alternating
patterns. Each pattern can be used in conjunction with the next pattern in the sequence

for reflectance estimation at the effective capture rate.
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4.5.5 Base Geometry Acquisition

We reconstruct base geometry using multiview capture for our static capture examples. We
employ widely used structure-from-motion software COLMAP [152, 153| for this purpose
and provide it a full-on image F (computed as sum of a binary pair) from each cam-
era viewpoint. Each camera’s processed reflectance and normals are projected on to the

reconstructed mesh.

4.6 Experiments

4.6.1 Evaluation

Fig. 4.5 presents comparison of reflectance and photometric normal maps estimated using
our 4-shot method employing white binary illumination (top-left), and maps estimated
using our 2-shot method using spectral multiplexing (top-right), vs those estimated using
the 6-shot method (bottom-left) and the 2-shot method (bottom-right) proposed by Kam-
pouris et al. [80]. Here, all methods have been implemented on our tablet-based capture
setup. Both our 4-shot and 2-shot method achieve high quality results that are quite com-
parable, while achieving results that are superior to those obtained with the 6-shot and
the 2-shot method respectively of [80] for both albedo and photometric normals. We note
that the method of [80] was designed for an LED sphere and hence it does not perform as
optimally in our setup. Finally, Fig. 4.13 shows a comparison of our reconstruction with a

single-image learning-based method [24].

(k) Np (DNs  (m) Ap  (n) As (o) Np  (p) Ns

Figure 4.5: Comparison of our results (top) with 4-shot white illumination (left), and 2-shot
spectral multiplexing (right), against that of [147] (bottom) using 6-shot white illumination
(left) and 2-shot spectral multiplexing (right).
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4.6.2 Static Capture

Fig. 4.6 presents qualitative comparisons of acquired reflectance and photometric normal
maps for a subject using both our proposed desktop-based capture setups. As can be seen,
both setups acquire high-quality data. Fig. 4.7 presents maps of spatially varying specular
roughness of a few subjects that were estimated using novel color cues given observations

of the subjects under the two color multiplexed illumination conditions.

Fig. 4.10 presents results of several subjects acquired using both of our proposed desktop-
based capture setups. Here, we present results of our 2-shot capture process using spectral
multiplexing. As can be seen, our estimated diffuse-specular separated reflectance and
normals maps (c, d) enable camera-space renderings (b) that are a good qualitative match
to the comparison photographs (a). The acquired data can be combined from multiple
viewpoints for high quality renderings of 3D geometry (e), and appearance (f). In Fig. 4.11,
we present additional results in high-resolution. Specifically, we show side-views of the
captured photo, diffuse albedo, specular albedo, diffuse normals, specular normals and
specular roughness, from two subjects from the main paper. These are acquired with our
2-shot method using the tablet-based setup. We show multiview data projected to UV
maps in Fig. 4.8. We compare the quantitative error between the validation photos (a)
and our camera-space renderings (b) and report an average MSE of 0.0019 and PSNR of

27.205 across 7 subjects.

Moreover, in Fig. 4.9 we present a comparison of our method and Ghosh et al. [76]. We
acquire a diffuse albedo by fitting a cross-polarized filter on our cameras, and present it
side-to-side with the mixed albedo and our diffuse albedo. We calculate a mean squared
error of 0.0028 and a Peak Signal-to-Noise Ratio (PSNR) of 25.41. Our method is able to
successfully to separate the diffuse signal, without having to rely on extra hardware, such

as a polarized filter.

4.6.3 Dynamic Capture

Fig. 4.14 presents a few frames from a dynamic capture sequence of a female subject
acquired at effective 30FPS (every other frame of a 60FPS capture process) using a machine

vision camera. As can be seen, the monitor-based setup, in conjunction with our proposed
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(a) Ap (b) As

Figure 4.6: Comparison of reflectance separation between the Tablet-based setup (top),
and the monitor-based setup (down).

Figure 4.7: Spatially-varying specular roughness maps of subjects estimated using novel
color cues from the color multiplexed patterns.

color multiplexed patterns, is well suited for obtaining video-rate diffuse-specular separated
albedo maps and photometric normals of a dynamic capture sequence. We provide an

additional example in the supplemental material and video.

4.7 Limitations

Our proposed capture technique, while highly practical, does have some imitations. The
illumination is restricted to a frontal zone which, while well suited for faces, may not be
suitable for all kinds of object shapes. Even for faces, there is limited illumination from
above and below the face which can be a source of bias in the estimated photometric maps.
The diffuse-specular separation method, like all color-space methods, does not work well

for white/gray surfaces. We do not model any single scattering in skin which has been
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) Diff. Alb b) Spec. Alb (c) Sp. Norm

Figure 4.8: Completed facial UV maps of captured reflectance, which showcases the multi-
view capabilities of our approach.

a) Unpolarized ) D, [76] ) Dy, Ours

Figure 4.9: Diffuse albedo comparison using cross polarization |76] versus our method.

shown to have subtle effect on appearance [75]. The dynamic capture rate is limited by
the refresh rate of the monitors, as well as the dynamic range of the sensor and the display

panels.

4.8 Conclusions

We presented two novel desktop-based setups for high quality facial capture including re-
flectance and photometric normals. The setups are highly practical and scalable, consisting
entirely of commodity components. We also present novel analysis of binary illumination
in conjunction with our setup for efficient acquisition with reduced measurements while
achieving high-quality diffuse-specular separation, particularly for the case of spectral mul-
tiplexing. We further exploit novel color cues in conjunction with color multiplexing for
estimating spatially-varying specular roughness, and also demonstrate possibility of video
rate dynamic appearance capture. Our proposed systems have the potential to make high-

quality facial capture widely accessible for many applications.
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(a) Photo  (b) Render (e) Ns (f) Geom.  (g) Render

Figure 4.10: Results of various subjects acquired with our proposed tablet-based setup
(top two rows), and monitor-based setup (Bottom two rows). All results were acquired

using our 2-shot spectral multiplexing method.

) Photo ) Diff. Alb. (c) Sp. Albedo (d) Sp. Norm. e) Roughness

Figure 4.11: Side-view high-resolution results of two subjects. All results were acquired
using our 2-shot spectral multiplexing method and the tablet-based setup.
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(a) Ap (b) As (c) Ap (d) As

(a) Input  (b) Ours (¢) AM

Figure 4.12: Comparison of albedo measure- Figure 4.13: Our results compared
ment and separation with our method using our with AvatarMe™™, a deep-learning
setup (left), vs using a single screen (right). method [24].
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Figure 4.14: Example of dynamic capture using our monitor-based setup, acquired at 60
FPS for results at 30 FPS. From top-to-bottom: diffuse albedo, specular albedo, specular
normals and rendering in the Grace Cathedral environment.
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Input Inferred Reflectance Differentiable Rendering Rendered Result in Different Environments

a) Diffuse Albedo b) Diffuse Normals

c) Specular Albedo d) Specular Normals Using random light sources during training

Figure 5.1: From left to right: Input image from LFW [167]|; AvatarMe ™" predicted re-
flectance (diffuse albedo, diffuse normals, specular albedo and specular normals); Rendered
predictions with our photorealistic differentiable rendering; Rendered reconstruction in dif-
ferent environments.

Here we introduce AvatarMe, a deep-learning method for facial appearance reconstruction
from arbitrary facial images, which was published in A. Lattas, S. Moschoglou, B. Gecer,
S. Ploumpis, V. Triantafyllou, A. Ghosh, and S. Zafeiriou, “AvatarMe: Realistically render-
able 3d facial reconstruction” in-the-wild",” in Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 760-769, 2020. Moreover, in this chapter
we introduce the extension of the above method, AvatarMe ™ . In contrast with AvatarMe,
it uses photorealistic differentiable rendering to improve the training process and general-
ization of AvatarMe, requiring a smaller network and achieving successful reconstruction
from arbitrary illuminations. AvatarMe' " was published in A. Lattas, S. Moschoglou,
S. Ploumpis, B. Gecer, A. Ghosh, and S. Zafeiriou, “AvatarMe++: Facial shape and BRDF
inference with photorealistic rendering-aware GANs,” IEEE Transactions on Pattern Anal-

ysis & Machine Intelligence, 2021.

Over the last years, with the advent of Generative Adversarial Networks (GANs), many

face analysis tasks have accomplished astounding performance, with applications including,
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but not limited to, face generation and 3D face reconstruction from a single “in-the-wild”
image. Nevertheless, to the best of our knowledge, there is no method which can produce
render-ready high-resolution 3D faces from “in-the-wild” images and this can be attributed
to the: (a) scarcity of available data for training, and (b) lack of robust methodologies
that can successfully be applied on very high-resolution data. In this paper, we introduce
the first method that is able to reconstruct photorealistic render-ready 3D facial geometry
and BRDF from a single “in-the-wild” image. To achieve this, we capture a large dataset
of facial shape and reflectance, which we have made public. Moreover, we define a fast and
photorealistic differentiable rendering methodology with accurate facial skin diffuse and
specular reflection, self-occlusion and subsurface scattering approximation. With this, we
train a network that disentangles the facial diffuse and specular reflectance components
from a mesh and texture with baked illumination, scanned or reconstructed with a SDMM
fitting method. As we demonstrate in a series of qualitative and quantitative experiments,
our method outperforms the existing arts by a significant margin and reconstructs authen-
tic, 4K by 6K-resolution 3D faces from a single low-resolution image, that are ready to be

rendered in various applications and bridge the uncanny valley.

5.1 Introduction

3D face reconstruction from a single image is one of the most popular and well-studied
problems in the intersection of computer vision, graphics and machine learning. Apart
from its countless applications, it demonstrates the power of recent developments in scan-
ning, learning, and synthesizing 3D objects |6, 168|. Recently, mainly due to the advent
of deep learning, tremendous progress has been made in 3D face reconstruction from im-
ages captured even in arbitrary recording conditions (also referred to as “in-the-wild”)
[19, 129, 132, 169]. Nevertheless, even though the geometry can be inferred somewhat
accurately, in order to render a reconstructed face in arbitrary virtual environments, much
more information than a 3D smooth geometry is required, i.e., skin reflectance as well as
high-frequency surface normals. In this paper, we propose a meticulously designed pipeline
for the reconstruction of high-resolution render-ready faces from “in-the-wild” images cap-
tured in arbitrary poses, lighting conditions, and occlusions. A result from our pipeline is

showcased in Fig. 5.1.
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The seminal work in the field is the 3D Morphable Model (3DMM) fitting algorithm [6].
The facial texture and shape that is reconstructed by the 3DMM algorithm always lies in a
space that is spanned by a linear basis, which is learned by Principal Component Analysis
(PCA). The linear basis, even though remarkable in representing the basic characteristics
of the reconstructed face, fails in reconstructing high-frequency details in texture and
geometry. Furthermore, the PCA model fails in representing the complex structure of
facial texture captured in “in-the-wild” conditions. Therefore, 3SDMM fitting usually fails
in “in-the-wild” images. In the years that followed, 3DMM fitting was extended so that it
could use a PCA model on robust features, i.e., Histogram of Oriented Gradients (HOGs)
[170], for representing facial texture 9], with improved results in “in-the-wild” images. The
recently proposed, Morphable Face Albedo model [11] additionally reconstructs diffuse and
specular albedo with PCA. Nevertheless, these methods cannot reconstruct high-resolution
facial textures. Finally, the non-linear facial and head albedo and normals models [171,
172], generate high-resolution facial textures but have not been shown in “in-the-wild”

fitting.

With the advent of deep learning, many regression methods using an encoder-decoder
structure have been proposed to infer 3D geometry, reflectance and illumination [19, 49,
129, 132, 138, 168, 169|. Some of the methods demonstrate that it is possible to reconstruct
shape and texture, even in real-time on a CPU [168]. However, the methods [49, 129, 132,
168, 169| fail to reconstruct highly-detailed texture and shape, due to various factors such
as the use of basic reflectance models (e.g., the Lambertian reflectance model), the use
of synthetic data, or mesh-convolutions on colored meshes. Their results are not render-
ready, and cannot be used directly in industrial rendering applications for photorealistic
results. Furthermore, in many of the above methods, the reconstructed texture and shape

lose many of the identity characteristics of the original image.

Arguably, the first generic method which demonstrated that it is possible to reconstruct
high-quality texture and shape from single “in-the-wild” images is the recently proposed
GANFIT method [19]. GANFIT can be described as an extension of the original 3DMM
fitting strategy but with the following differences: (a) instead of a PCA texture model,
it uses a GAN [14] trained on high-resolution UV-maps, and (b) in order to preserve the

identity in the reconstructed texture and shape, it uses features from a state-of-the-art face
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recognition network [135]. However, the reconstructed texture and shape is not render-
ready due to (a) the texture containing baked illumination, and (b) not being able to

reconstruct high-frequency normals or specular reflectance.

Inverse rendering of an “in-the-wild” image or 3DMM-reconstructed texture to acquire its
shape and its Bidirectional Reflectance Distribution Function (BRDF) parameters is an
ill-posed problem and hence statistical priors are needed. Numerous works have proposed
the use differentiable rendering loss while reconstructing 3DMMs [19, 43, 49, 134, 173].
However none of them photorealistically render the reconstructed face and acquire its
reflectance properties, but project the reconstructed shape and use a simplistic shading
model. This is mostly because of the low availability in facial reflectance data, and the
inherent challenges in differentiable rendering. Recent works in differentiable rendering
[43, 174] enables us to capitalize on our large reflectance dataset to implement a fast
photorealistic facial differentiable rendering framework and use it in reconstructing high-

resolution facial shapes and BRDF.

Early attempts to infer photorealistic render-ready information from single “in-the-wild”
images have been made in some works [138, 140, 141, 175]. Arguably, some of the re-
sults showcased in the above papers are of decent quality. Nevertheless, the methods do
not generalize since they directly manipulate and augment the low-quality and potentially
occluded input facial texture. As a result, the quality of the final reconstruction always
depends on the input image. Even more, the employed 3D model may not be very rep-
resentative, and a very small number of subjects (e.g., 25 [141], 122 [138]) were available
for training for the high-frequency details of the face. While closest to our work, these
approaches focus on easily creating a digital avatar rather than high-quality render-ready

face reconstruction from “in-the-wild” images, which is the goal of our work.

We present an elaborate methodology for high-quality 3D facial geometry and reflectance
reconstruction from a single “in-the-wild” image. In particular, we collect a big dataset
of facial reflectance, and use an end-to-end reflectance inference network with a photore-
alistic differentiable rendering loss. Our method builds upon recent reconstruction meth-
ods (e.g., GANFIT [19]) and applies super-resolution and domain-adaption algorithms to
GAN-generated generated high-quality facial textures. We show that this methodology is

superior to the previous state-of-the-art (e.g. [138, 141]), who apply algorithms for high-
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frequency estimation of the original input, which could be of low quality and are affected by
environment illumination. We demonstrate that it is possible to produce render-ready faces
from arbitrary faces (pose, occlusion, etc.) including paintings, which can be realistically

re-rendered in any environment. Specifically, our contributions are:

A dataset of facial reflectance and geometry collected using state-of-the-art methods

from over 200 subjects, which is now available to the community.

o A differentiable rendering framework that fully utilizes both diffuse and specular
reflectance data, and enables the fast approximation of subsurface scattering and

occlusion shadows.

e An image-translation network that transforms a facial geometry with baked-in illu-
mination to diffuse and specular albedo and normals using the above differentiable

rendering framework.

e An end-to-end algorithm for reconstructing high-resolution 3D faces including their

shape and BRDF, from a single “in-the-wild” image.

This work is an extension of AvatarMe|[23]. Compared to the conference paper, AvatarMe ™"
adds: a) a photorealistic differentiable rendering method; b) online data augmentation of
the training data in randomized illumination environments; c) a single image-translation
network for BRDF inference, that utilizes a stochastic rendering loss, geometrical and
global information; d) an extensive ablation study and experiments for the aforementioned

additions.

5.2 Related Work

5.2.1 Facial Geometry and Reflectance Capture

Debevec et al. [2]| first proposed to employ a specialized light stage setup to acquire a
reflectance field of a human face for photorealistic image-based relighting. Weyrich et

al. [176] used an LED sphere and 16 cameras to densely record facial reflectance and
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computed view-independent estimates of facial reflectance from the acquired data, includ-
ing per-pixel diffuse and specular albedos, and per-region specular roughness parameters.

These initial works required cumbersome and impractical dense capturing.

Ma et al. [4] introduced polarized spherical gradient illumination (using an LED sphere)
for efficient acquisition of separated diffuse and specular albedos and photometric normals
of a face using just eight photographs. They demonstrated high quality facial geometry,
including skin mesostructure as well as realistic rendering with the acquired data. However,
the method was restricted to frontal viewpoint acquisition, as the polarization pattern
used on the LED sphere was view-dependent. Subsequently, Ghosh et al. [5] extended
polarized spherical gradient illumination for multi-view facial acquisition by employing
two orthogonal spherical polarization patterns. This allows capturing separated diffuse
and specular reflectance and photometric normals from any viewpoint around the equator
of the LED sphere. Until today, it can be considered the state-of-the art in terms of
high quality facial capture. In the recent years, significant progress has also been made
in passive facial capture, from high quality facial geometry capture [91] to even detailed
facial appearance estimation [177]|. However, the quality of the acquired data with such

methods is lower compared to active illumination techniques.

Recently, Kampouris et al. [62] demonstrated how to utilize unpolarized binary spherical
gradient illumination for estimating separated diffuse and specular albedo and photometric
normals using color-space analysis. The method does not require polarization and hence
needs half the number of photographs compared to polarized spherical gradients. Moreover,
it enables completely view-independent reflectance separation, making it faster and more
robust for high quality facial capture [178]. For our work, we use the unpolarised active
illumination-based multi-view facial capture method [62, 178] for acquiring high quality

facial reflectance data in order to build our training data.

5.2.2 Facial Geometry and Texture Estimation

Over the years, numerous methods have been introduced in the literature that tackle the
problem of 3D facial reconstruction from a single input image [6, 9, 109, 130, 179, 180,

181, 182|. Early methods required a statistical 3DMM both for shape and appearance,
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usually encoded in a low dimensional space constructed by PCA [6, 9, 179]. A 3DMM is
typically fitted on a 2D image using an energy based cost optimization with respect to the
model’s identity and expression parameters as well as the parameters of the camera and
scene illumination, as thoroughly explained in the 3DMM review of [109]. Moreover, many
approaches have tried to leverage the power of Convolutional Neural Networks (CNNs)
to either regress the latent parameters of a PCA model [130, 180] or utilize a 3DMM
to synthesize images and formulate an image-to-image translation problem using CNNs
[181, 182]. Similar works have also modeled complete head topologies [121, 183, 184,
185]. Finally, the recent Morphable Face Albedo Model [11] separately models diffuse and

specular albedo with a PCA model.

5.2.3 Image-to-Image Translation

Image-to-image translation refers to the task of translating an input image to a designated
target domain (e.g., turning sketches into images, or day into night scenes). With the
introduction of GANs [13], image-to-image translation improved dramatically {106, 108].
Recently, with the increasing capabilities in the hardware, image-to-image translation has
also been successfully attempted in high-resolution data [18|. In this work, we improve
on pix2pixHD [18], by building an image-translation network that incorporates the photo-
realistic differentiable rendering of its results, so that a rendering loss can be introduced.
Our model successfully learns to disentangle reflectance components from textures with

rendered illumination and occlusion shadows.

5.2.4 Differentiable Rendering

Multiple works in the past have attempted to differentiate rendering models to solve inverse
rendering problems with limited success [39]. OpenDR [41] was the first complete frame-
work in Python for differentiable rendering, built using an auto-differentiation framework.
Neural 3D Mesh Renderer [42] introduced a rasterization approximation which enables dif-
ferentiation for non-occluded gradients. TF Mesh Renderer [43| introduced a differentiable
rasterizer which interpolates per-vertex attributes in view-space, using positive and neg-

ative barycentric coordinates to overcome discontinuities. SoftRasterizer [44] introduced
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a fully differentiable rendering framework, by using a probabilistic rasterization function
with an aggregation function for z-buffering. It significantly improves the gradient flow
over [41, 42] and can be used with differentiable local-illumination models. Similarly, [45]
separate the fore- and background rasterization and use barycentric coordinates to prop-
agate the gradient only for the foreground pixels. For global illumination models, Li et
al. [46] introduced a differentiable ray tracer, which uses an edge-sampling-based method
to provide a continuous rendering function and importance sampling to improve on per-
formance. Moreover, Loubet et al. [47] introduced spherical rotations that remove the

discontinuities, with respect to visibility, cameras, lights, and geometry.

Several complete frameworks exist that combine deep learning with differentiable render-
ing. TF Mesh Renderer [43] is integrated with Tensorflow, which also includes a library
for graphics and differentiable rendering. Kaolin [48] is a library of Pytorch implemen-
tations including [44, 49|. Finally, Pytorch3D [174] is a complete modular differentiable
rendering framework, based on SoftRasterizer, with additional modules for shading, per-
formance, and compatibility improvements. To the best of our knowledge, our method is
the first to show fast photorealistic differentiable rendering for human skin. We extend
Pytorch3D framework [174] for accurate facial skin diffuse and specular reflection, self-
occlusion and subsurface scattering approximation, and integrate it with a high-resolution

image-translation GAN.

5.2.5 Facial BRDF Estimation

Many approaches have been successful in acquiring the reflectance of materials from a
single image, using deep networks with an encoder-decoder architecture [143, 144, 145,
186]. However, they only explore planar surfaces in a constrained environment, typically
assuming a single point-light source. Similar principles have also been successfully applied
to “in-the-wild” outdoor images [187]. Early applications on human faces |49, 137| used
image translation networks to infer facial reflection from an “in-the-wild” image, producing
low-resolution results. Recent approaches attempt to incorporate additional facial normal
and displacement mappings resulting in representations with high frequency details [138].
Although this method demonstrates impressive results in geometry inference, it tends to fail

in conditions with challenging illumination and extreme head poses, and does not produce
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re-lightable results. Saito et al. [175] proposed a deep learning approach for data-driven
inference of high resolution facial texture map of an entire face for realistic rendering,
using an input of a single low-resolution face image with partial facial coverage. This has
been extended to inference of facial mesostructure, given a diffuse albedo [140|, and even
complete facial reflectance and displacement maps besides albedo texture, given a partial
facial image as input [141]. The above methods are the most related to our work and
achieve the creation of digital avatars from “in-the-wild” images. In this work, we show
high quality facial reflectance reconstruction, from such images and existing models and

datasets.

Various alternative paradigms that produce renderable human faces have been recently
proposed. [188] introduce a coarse-to-fine optimization utilizing differentiable ray-tracing
for facial geometry and albedo reconstruction. [189] reconstruct neural face reflectance
fields that enable rendering with complex physical effects. Finally, [190] generate dynamic
head textures and shapes with an encoder-decoder, that are relightable and animatable

from VR-headset views.

The state-of-the-art facial 3DMM fitting method GANFIT [19] uses a GAN-generated tex-
ture with an iterative optimization method of the 3DMM’s weights. Each iteration utilizes
lambertian differentiable rendering and a deep face recognition network, achieving high
quality texture with fine identity characteristics. In this work, we use an image-translation
network that learns to disentangle the reflectance components reconstructed from a 3DMM
fitting method, guided by our high-resolution photorealistic differentiable rendering loss.
Our facial geometry and spatially-varying BRDF textures are high-resolution and ready

to be rendered with high-quality photorealistic results.

5.3 Data Acquisition

5.3.1 Training Data Capturing Setup

We use our facial capturing system [191|, comprising of an LED sphere with 168 lights
(partitioned into two polarization banks) and 9 DSLR cameras. Half of the LEDs on the

sphere are vertically polarized (for parallel polarization), and the other half are horizontally
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polarized (for cross-polarization) in an interleaved pattern. On this setup, we can employ
the state-of-the-art method of [5] for capturing high resolution pore-level reflectance maps
of faces. On the same apparatus, we remove the polarizers and use the color-space analysis
for diffuse-specular separation and multi-view facial capture [62, 178], to acquire reflectance
of similar quality (Fig. 5.2). This is our preferred method, since it requires less than half
of the data captured (hence reduced capture time) and provides a simpler setup without

polarizers, enabling the acquisition of larger datasets.

Following the capture and diffuse-specular separation with [62], we develop a pipeline to
prepare the training data as follows: A base geometry is reconstructed from the full-on im-
ages using structure-from-motion [153] and multi-view stereo [152|. The geometry is fitted
with landmarks [192] using its rendering and registered to a template mesh [127]. Finally,
the camera-space reflectance is projected to a uniform UV map, manually constructed
for minimal distortion, at a resolution of H , W = 6144, 4096 pixels, and then cropped in

overlapping patches of 512,512 pixels.

The dataset, RealFaceDB, is described in detail in Sec. 3.3, including the detailed process-
ing pipeline, capturing process and demographics. Fig. 5.2 shows an example of a captured

subject.

(a) Ap (b) As

Figure 5.2: Example of a captured subject data using our pipeline, registered and projected
to a standard UV topology.

(e) S

5.3.2 Data Augmentation

In our initial method AvatarMe|23|, we only rendered our dataset in the environment of
the target 3DMM. In AvatarMe' " (Sec. 5.4.7), we can augment the training data by
rendering them in random environments, centered around the target environment. This
does not only improve the model’s accuracy on the target environment, but enables it
to successfully generalize to other domains (Figs. 5.11,5.13,5.14). Moreover, our captured

dataset is imbalanced on race, due to the demographic limitations in our area and the
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immobility of our capturing device. In an attempt to balance the dataset, we use the
albedo measurements of [52| to augment our acquired albedos. Specifically, we use a patch
from the forehead of the captured diffuse albedo, match it to the closest albedo from [52]
and then apply a transformation to another albedo from their chart. Since all our albedos
are in the same UV space, a manually constructed “skin” mask ensures that common

non-skin areas remain unchanged.

5.4 Method

5.4.1 Overview

Input 1. 3DMM Fitting | = 2. Super Resolution 3. AvatarMe** Inference Pipeline Rendered Results

' 1768, 512]
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Figure 5.3: Summary of the AvatarMe™ " method: Given an “in-the-wild” image I, we
first fit a 3D Morphable Model (3DMM) to acquire the shape Sp, texture T and shape
normals Np in UV space. Then, we upscale the texture T using a state-of-the-art super
resolution network (, trained on synthetic data rendered in the texture’s T domain. A deep
network G is then used to transform the upscaled texture T and normals No to reflectance
maps, namely the diffuse albedo A p, specular albedo A g, diffuse normals Np and specular
normals Ng. The deep image-translation network is trained on high-resolution captured
facial BRDF, which we have made public as RealFaceDB. To train AvatarMe™ ", we define
a photorealistic differentiable rendering module R, with subsurface-scattering and self-
occlusion approximation. During training, R is used to create synthetic data pairs, by
rendering the captured data in the target’s environment L and random ones. The loss £
used during training, is comprised of an adversarial loss Loan, a feature-matching loss
Lry and our photorealistic differentiable loss Lr. The complete high resolution (up to
6k x 4k) BRDF maps can be used for photorealistic rendering, while the specular normals
Ng can be used to enhance the 3DMM’s geometry.

We aim to reconstruct the shape and reflectance properties of a subject from a single “in-
the-wild” image, that can be used for photorealistic rendering. These are the shape S,
diffuse albedo A p, specular albedo Ag, diffuse normals Np and specular normals Ng,

facial reflectance components that can be used for photorealistic rendering (i.e. [4, 5]).
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As shown in Fig. 5.3, we fit a 3DMM to an “in-the-wild” image (Sec. 5.4.2), obtaining a
3D facial geometry S with a texture T, which is typically of low-resolution and contains
baked-in illumination and shadows. We upsample T using a deep super-resolution network
trained on textures of the same domain as the ones from the 3DMM (Sec. 5.4.4). Then,
the AvatarMe models (Sec. 5.4.5) or the AvatarMe'" model (Sec. 5.4.7) transform the
upsampled texture T into the reflectance components Ap, Ag, Np, Ng. AvatarMe utilizes
four image-translation networks for the above transformation. AvatarMe™ ", an extension
to AvatarMe, uses a combined image-translation network and incorporates a photorealistic
differentiable renderer (Sec. 5.4.6), achieving improved results, generalization and compu-

tational speed.

5.4.2 Initial Geometry and Texture Estimation

The first step of our method is the acquisition of a facial shape S and texture T from
a single image. In our approach, we adopt the 3DMM-based fitting method GANFIT
[19]. Apart from the usage of deep identity features, GANFIT synthesizes consistent
realistic UV texture maps, using a GAN as a statistical representation of the facial texture.
Alternatively, our method and training can easily be modified to use other methods (i.e. [45,
60]) as long as they produce a consistent shape and texture (results in Fig. 5.11). We
reconstruct the initial base shape S € R"*3 of n vertices and texture T € RW*H*3 from
the input image I as follows:

T,S = F(I) (5.1)

where F : RFxmx3 , RWXHX3 Rnx3 denotes the GANFIT reconstruction method for an

I € R¥*m*3 arbitrary sized image, and n number of vertices on a fixed topology.

The acquired shape is of adequate quality for rendering, however the texture T is of
limited resolution and most importantly, contains significant baked-in illumination and
self-shadows. We proceed by upsampling T in the next section, and then discuss the
ways to learn the disentanglement of the baked-in illumination in T, into high-resolution

spatially-varying reflectance parameter UV maps.
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5.4.3 3DMM Capturing Environment Estimation

A drawback of the texture modeled by typical 3DMMs is that they reproduce the en-
vironment conditions of their training data (i.e. reflection and shadows), which inhibits
rendering. In our case, the textures generated by [19] contain sharp highlights and shadows,
made by point-light sources, as well as environment illumination. In order to alleviate this
problem, we model the illumination conditions of the dataset used in [19] and synthesize
UV maps with the same illumination, in order to train a transformation between texture

with baked-illumination T and reflectance maps R.

Initially, we acquire random texture and mesh outputs from GANFIT, by fitting random
facial images. Using a cornea model [193], we estimate the average view direction vgq,
the direction for the apparent 3 point light sources lg and their intensity cq used in the
3DMM texture data, including an environment color defined as eq. Then, we render
our acquired subjects (Section 5.3), as if they were samples from the dataset used in the
training of the 3DMM used, in our case [19]. In this way, we also have accurate ground
truth of their reflectance. We compute a rendering p for each subject with reflectance
R = {Ap,As,Np,Ng}, directly in a UV map Ty, using the predicted environment
parameters. We denote this rendering process by p : R,cq,1l4,v4,ea — Tq € RWxWx3

which renders the captured reflectance to the domain of the 3DMM textures with baked

illumination.

The above estimation of the target 3DMM environment can be further improved, af-
ter an initial training of the AvatarMe™ " network G. We acquire a number of random
3DMM-generated textures in the target environment and use G to acquire their reflectance.
Then, we initialize our differentiable renderer (Sec. 5.4.6) with the calculated parameters
(vd,1q,cq). In an iterative process, we render the acquired reflectance maps in the current
best environment parameters and compare the rendering with the initial 3DMM-generated
textures, using an L1 rendering loss. Since the renderer is differentiable, we use gradient
descent to further optimize the estimated parameters vq,lq,cq. Then, we can re-train G

in the optimized environment estimation.
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5.4.4 Super Resolution

Although the texture T € RW >3 from GANFIT [19] has reasonably good quality and
resolution (H, W = 768,512) it is below par compared to artist-made render-ready 3D
faces. On the contrary, the facial reflectance textures we capture in (Sec. 5.3.1) are in a
resolution of W, H = 6144,4096. Therefore, we train a state-of-the-art super resolution
network, RCAN [194], that increases the resolution of T € RW>*H>3 to T ¢ RW %3,

using x4 upsampling twice. We define the super-resolution network (¢ : RH»*Hpx3

RﬁpXﬁIPX?’), which is trained on square patches of H,, = 64 — flp = 512, given the large
size of the results and the low number of available training data. At testing time, the whole

texture from GANFIT T is up-scaled by the following:
T = ¢(T) (5:2)

To train the super-resolution ¢ to upsample the textures generated from Eq. 5.1, we use
our estimation of GANFIT’s illumination environment (Sec.5.4.3) to render our captured

data with the same environment.

5.4.5 Reflectance Inference with AvatarMe

The significant issue of the texture T produced by typical 3DMMs is that they are
trained on data with ambient illumination (i.e. reflection, shadows), which they repro-
duce. GANFIT-produced textures contain sharp highlights and shadows, made by strong
point-light sources, as well as baked environment illumination, which prohibits photorealis-
tic rendering. In order to alleviate this problem, we first model the illumination conditions
of the dataset used in [19] and then synthesize UV maps with the same illumination Tq
(Sec. 5.4.3). We can then use the pairs of Tq with the ground truth reflectance data
(Ap,As,Np,Ng) to train image-translation networks in a supervised manner. Finally,

following [18|, we formulate the networks’ objective as:

mén (mDaX[:GAN(G, Dk) + )\FMﬁpM(G, Dk)> (5.3)
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where Loan (G, Dy) is the sum of adversarial loss and Ly (G, Dy) is the feature matching

loss, for all 3 discriminators of pix2pixHD [18]. The feature matching term is controlled

by Apas.

We find that we can improve learning by giving the network an insight into the geometry of
the reconstructed shape. In this manner, for each training data pair, we extract the shape
So and its normals N in the same UV parameterization as the textures, and complete the
2D RGB texture, by using bilinear interpolation in the 2D UV space. Below we describe
the baseline pipeline, AvatarMe, in which 4 image-translation networks are used, to first
acquire the diffuse albedo Ap from the upsampled reconstructed texture T and then the
specular albedo Ag, diffuse normals Np and specular normals Ng from the diffuse albedo
Ap. The better performing pipeline AvatarMe” ", with a single rendering-aware network

is described in Sec. 5.4.7.

Diffuse Albedo Extraction

We formulate de-lighting as a domain adaptation problem and train an image-to-image
translation network. To do this, we follow two strategies different from the standard
image translation approaches. Firstly, the shading and occlusion on the skin surface is
geometry dependent and thus use both the texture and geometry of the 3DMM as input
to the network. We find that this improves not only the network’s accuracy, but also the
consistency between patches. Instead of using the 3-channel shape texture Sp, we define
the 1-channel texture Do, that contains only the Z axis of So. To do so, we concatenate
the texture Tq with the UV map of the depth of the mesh in object space Dg. We feed
the network with a 4D tensor of [Tqg, Tag, Tag,Do] and predict the resulting 3-channel
albedo Ap. Instead of Do, the shape normals (Ng) can also be used. Secondly, we split
the original high-resolution data into overlapping patches of H p X H p pixels, in order to

augment the number of data samples and fit the data into the available GPU memory.

Therefore, in order to de-light T, and acquire the diffuse albedo Ap, we train an image-to-

image translation network G4, : Tq,Do — Ap € RZpxHpx3 and then extract the diffuse
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albedo Ap by the following:

Ap =G, (T, Do) (5.4)

Specular Albedo Extraction

Predicting the entire specular BRDF and the per-pixel specular roughness from the il-
luminated texture T or the inferred diffuse albedo Ap, poses an unnecessary challenge.
As shown in [5, 62] a subject can be realistically rendered using only the intensity of
the specular reflection (specular albedo) Ag, which is consistent on a face due to the
skin’s refractive index. The spatial variation is correlated to facial skin structures such
as skin pores, wrinkles, or hair, which are apparent in both the baked texture T and
the diffuse albedo Ap. Both can be used as input to the network, and we empirically
found that our predicted high quality diffuse albedo Ap produces more accurate and con-
sistent results. Therefore, having inferred Ap with G4,, we infer the specular albedo
Ag by a similar patch-based image-to-image translation network from the diffuse albedo
(Gas : Ap — Ag € RHPXﬂPXl):

As =Gas(AD) (5.5)

Specular and Diffuse Normals Extraction

The specular normals exhibit sharp surface details, such as fine wrinkles and skin pores, and
are challenging to estimate, as the appearance of some high-frequency details is dependent
on the lighting conditions and viewpoint of the texture. Therefore, much detail may not be
apparent in the input image or reconstructed texture. Previous works fail to predict high-
frequency details [138], or rely on separating the mid- and high-frequency information in
two separate maps, as a generator network may discard the high-frequency as noise [141].
Instead, we show that it is possible to employ an image-to-image translation network with
feature matching loss [18] on a large high-resolution training dataset, which produces more

detailed and accurate results.

Similarly to the specular albedo inference with G4, we feed the network with the predicted

diffuse albedo Ap. Using Ap instead of the 3DMM texture T produces more consistent
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results. Even though T contains some specular highlights, these are always concentrated
on a small subset of the image, since they’re reconstructed using [19]. We can also luma-
transform (in sSRGB) the diffuse albedo to grayscale A](Dgray), in order to reduce the number
of channels. Moreover, the consistency of the results is greatly improved when also feeding
the network with the 3DMM geometry, in this case, the shape normals. Finally, we also
transform the shape normals N in tangent space N, where the basis is a vector pointing
to [0,0,1]. We find that in this multiple-network approach, the inferred specular normals
details are better accentuated, when using both the input shape normals Nt and the

predicted specular normals Ng in the tangent space.

Therefore, we train another image-translation network Gy : Agg & Nt — Ng, € RHpxHpx3
to transform the concatenation of the grayscale diffuse albedo AE™® and the shape normals
in tangent space Nt to the specular normals Ng. The specular normals are extracted by

the following:

Ng = G, (AE™ Nr) (5.6)

The diffuse normals Np are highly correlated with the 3DMM-reconstructed shape normals
No, as the evenly scattered light blurs most skin details. Similarly fpr Garg, we train a
network Gy, : AR, No — Np € RIpxHpx3 ¢, map the concatenation of the grayscale
diffuse albedo AgDray and the shape normals in object space No to the diffuse normals

Np. The diffuse normals are extracted as:

Np = Gn, (A5, No) (5.7)

Finally, the inferred specular normals can enhance the mesoscopic structure of the recon-
structed geometry S, by refining its features and adding plausible details. Based on [69], we
integrate the specular normals in the tangent space Ng to produce a height UV map, which
describes high-resolution per-pixel surface elevation. The height map can be then be em-
bossed on a subdivided 3DMM-reconstructed geometry S, to produce a higher-resolution

shape.
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5.4.6 Photorealistic Differentiable Facial Rendering

Here, we formulate a photorealistic differentiable rendering methodology, that can be in-
corporated in our image-translation networks during training and render the training data

and results in different illumination environments.

Shading can be modeled as local illumination, which only models the surface reflection of
light sources on objects and global illumination, which models light propagation in a scene,
including indirect illumination, and produces more realistic results at a higher computa-
tional cost. We choose to rely on local illumination shading, since most such models are
differentiable and much faster to compute than global illumination. Despite producing
more realistic results, rendering high-resolution human skin with global illumination takes
several minutes, and would be impractical to use while training a deep neural network
like ours. There exist various local illumination models appropriate for rendering human
skin, on which we capitalize on to compose the following methodology for photorealistic
facial rendering. We achieve fast and differentiable photorealistic rendering, by using a
local illumination model and approximations for self-occlusion and subsurface scattering.
Additionally, ambient occlusion is inherently baked in the captured diffuse albedo and is

thus reproduced during rendering.

Shading Model

We use Lambertian shading for the diffuse component Up and Blinn-Phong [55] shading
for the specular component Ug, given their photorealistic results for human skin and their
cheap computation. For the specular exponent s, we use a common spatially varying UV
map. For a reflectance and shape set (Ap, Ag,Np,Ng,S), a camera with view direction v
and a set of n; light sources with 1j direction and c; intensity and an ambient illumination

intensity c,, we evaluate the shading for each pixel ¢ as follows:

ny

U]:)i = CaA.Di Z(NDi : lj)Cj (58)
j=1
i s L + v;
Us, = Ag, ) _(x"(Ng; -hy))’cj,  hy= H]; ~|—V;|\ (5.9)
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where 1 (z) a piece-wise function that returns max {0, z}, since negative angles between

the normals and light source direction do not contribute to specular reflection.

Rendering Directly in UV Space

Rasterization, the process of transforming the geometrical shape and texture to pixels
visible by a camera, is traditionally non-differentiable, and also computationally expensive.
The various methods that have been proposed for differentiable rasterization are based on
sub-optimal approximations [42, 44, 45| or are very expensive |46, 47]. This motivated our

pipeline to completely avoid rasterization, by rendering directly on the UV space.

The geometry shape vertices S are projected and interpolated in the same UV space as
the reflectance textures Sp, creating texels with a one-to-one correspondence between
normals, shape and reflectance pixels. Hence, each texel’s Sp, , are used to evaluate the
view direction v used in Eq. 5.9. This way (a) is faster than using rasterization, (b) is
differentiable, (c) can be used with small patches of a larger texture and shape and (d)

creates a pixel-to-pixel correspondence between reflectance and rendering.

Fast Differentiable Facial Subsurface Scattering

Subsurface scattering (SSS) describes the light that exits a translucent medium at a dif-
ferent point from where it had entered. Human skin, a dielectric material, exhibits such
properties and the travel distance can be further than that covered by the lambertian
model (Eq.5.8). Subsurface scattering in the skin has a smoothing effect, with predomi-
nantly red color bleed and is required for the photorealistic rendering of skin [195]. These
effects also vary across the skin and are stronger in more translucent areas such as the nose.
Accurate SSS requires the expensive measurements of light transport, however we find that
the following modifications to our renderer produce a photorealistic approximation that

improves the results of our method.

A local illumination BRDF as described in Eq. 5.8 cannot model light scattered over large
areas. However, the scattering occurring in human skin travels only a few millimeters
and can be modeled by separately modeling the normals for diffuse reflection Np [4]. We

separately capture (Sec. 5.3.1) and infer both Np and Ng, which are then separately used
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to evaluate the diffuse (Eq. 5.8) and specular (Eq. 5.9) components. Both normals are
wavelength dependent [62] and we acquire Np from the red channel and Ng from the blue
channel of our captures. This method accurately models the SSS angular blur (Fig. 5.4)

and does not impose a computational overhead during rendering or training.

Nevertheless, the above does not reproduce the spectrally-dependent spatial blur produced
by SSS, which results in red-dominated color bleed and shadow smoothing. These can be
accurately approximated by texture-space SSS [195], which blurs the diffuse component Up
under multiple kernels, based on the wavelength associated with the R, G, B channels. [195]
uses the weighted combinations per channel for 6 different kernels, which is too expensive
for our training requirements. In line with [196], we find that a single kernel is adequate
and much faster. Empirically, for a gaussian filter g(), we calculate the mean kernel at
k = 1.4mm or 21 pixels in our standard topology and define a weighted combination of
wp = diag(0.5,0.85,0.95) for the diffuse component and wgss = diag(0.5,0.15,0.05) for
the subsurface scattering. We use a manually created standard translucency map C, which
describes the amount of light absorbed and scattered on different facial areas. Finally,
since we are using Np, we localize this effect only on the darker areas, by multiplying the
translucency map with an inverse brightness mask. Therefore, the diffuse component Up

with subsurface scattering S is defined as:
S(Up,) = (1 - C}) owpUp, + C{ o wsss ¢(Up;,) (5.10)

C'=Co(1- Z:;(ND 1))

where o is the Hadamard product. As shown in Fig. 5.4, the usage of both SSS methods

provides realistic results, with the minimum computational overhead.

Differentiable Shadows Simulation

The rendering framework so far does not include self-occlusion shadows, whose computation
entails several challenges. Pytorch3D [174] does not support self-occlusion tracing, and
efficient local illumination models, such as Blinn-Phong, inherently do not model it. On
the other hand, differentiable global illumination algorithms [46, 47|, that compensate for

self-occlusion, are too expensive while training. Finally, the patches being rendered are
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often unaware of the geometry that causes self-occlusion, as it may appear on other patches

(i.e. patches of nose and cheek).

(a) Pytorch3D, with (b) Blinn-Phong, using (c) b) with Subsurface (d) ¢)  with  self-
S,Ap,N S, Ap, As,Ng Scattering occlusion AE

Figure 5.4: The impact of our rendering modifications, to the Pytorch3D Mesh Renderer
[174]. Top row: rasterized mesh with rendered texture, bottom: detail. Our improvements
in realisticity, also improve the network’s ability to recover the albedo and specular high-
lights.

As an efficient and simple solution, we propose a simple autoencoder network, that gen-
erates self-occlusion UV maps based on light source direction and intensity. We train the
autoencoder on UV maps baked only with self-occlusion. We also train a linear regressor
that maps light sources features L to the autoencoder’s learned latent features Hon. For
each training example, we create a set of n; random light sources, with direction I and
luminosity ej;, which we stack in a matrix L = (1 PR NS cy .- Clnl]T We acquire
self-occlusion UV-maps using a global illumination method, at the same topology of our
main dataset, for the mean geometry of our dataset. We then pre-train the autoencoder
and regressor on these data. On each rendering step of the main network training, the
rendering environment’s light source features L are regressed to the latent space of the
autoencoder, using the learned weights W from which the decoder O(LW ) generates

the self-occlusion map. The result is multiplied with the rendered diffuse and specular

components, to produce the final rendering:

R(R,L) = O(LWo) o (S(Up) + Us) (5.11)
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(a) Generated (b) Truth (c) Generated (d) Truth

Figure 5.5: Prediction and ground truth for our self-occlusion autoencoder O (Sec. 5.4.6)
for randomly sampled sets of 3 light sources, as input.

Self-occlusion on human faces (i.e. Fig. 5.5) does not exhibit sharp edges and is similar
between different facial geometries. Therefore, we make the following simplifications: a)
We use self-occlusion UV maps rendered from our dataset’s mean shape, which enables the
decoder O to correctly learn a meaningful latent representation, b) We train the autoen-
coder on low-resolution inputs and upsample the needed cropped patch. Thus, we have
fast and differentiable self-occlusion generation during training, with a minimal footprint,

so that our main network can learn to remove it.

5.4.7 Reflectance Inference with AvatarMet

Training Data Self-occlusion Diff. Renderer Rendered Input Image-Translation Network Prediction Self-occlusion  Diff. Renderer | Rendered Pred.
Decoder Decoder
R(R", L) f
o(Ly) R(R*, L) Extra Renders G([T,N, ™)) O(Ly) R(R,L;) ><Extra Renders
o D i
—+ Random Light Sources Sampling .’z‘“ L) / . R(R,La)
. N L ~ N(La,0) . . T~~~ Rendering Loss Complete Loss —
R(R*,Ls)

Ly L L .R(R'f‘“'
ﬁR:EZ”R(R*,LJ*R(R,M)H?: L=Lgan +Lrym + LR
i=0

Figure 5.6: AvatarMe' " training methodology: For each iteration we render reflectance
patches R* = [Ap, Ag, Np, Ng] from the captured data (RealFaceDB), using our differ-
entiable renderer R (Sec. 5.4.6) and occlusion autoencoder (Sec. 5.4.6). The rendering
parameters L; ~ N (Lg,0), i=1...np are sampled from a distribution with mean the
target 3DMM environment Lgq. We pass one rendered patch T = R(R, Ei) to our main
network G (Sec. 5.4.7) and produce the reflectance patches R. The training R* and gen-
erated R reflectance patches are used for the adversarial loss L5 an and feature-matching
loss Lrpr. Moreover, the consistency of the predicted patches is improved by including the
down-scaled input texture T™W) in G’s input, and the down-scaled diffuse albedo Agv ) in
the G’s target. Additionally, we render the training and predicted data, with each L; and
define the rendering loss Lg, as the average loss for each random environment.

Here, we introduce a single rendering-aware image-translation network which jointly gen-
erates all reflectance components (Ap, Ag, Np,Ng) from the upsampled 3DMM texture
T. The motivation behind a single network is three-fold: jointly generating the above

reflectance components: a) enables the introduction of a stochastic photorealistic render-
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ing loss, which we show that improves the accuracy and generalization of the network, b)
enables the network to share learned parameters between components, decreasing the size
and memory requirement of the network, c) reduces the required inference time, since only
a single forward pass is required. Fig. 5.6 shows an overview of this approach. In this
manner, we introduce AvatarMe™ " with a novel fast photorealistic differentiable render-
ing methodology (Sec. 5.4.6), an updated model architecture (Sec. 5.4.7) and a stochastic

rendering loss (Sec. 5.4.7) which greatly improves the the results of AvatarMe.

Combined Image-to-Image Translation Model

We formulate the reflectance acquisition problem, as a domain adaptation problem and
train a single image-translation network, The network G learns an inverse rendering func-

tion, on a UV texture T with baked illumination.

An important challenge of this patch-based inference is producing consistent patches (es-
pecially of diffuse albedo Ap) that can be seamlessly stitched together. We find that we
can alleviate this issue by including the whole texture T(W) = T Vetgxtty to G’s input and
the diffuse albedo A(DW) = Ap . to G’s output, both downsampled (|) to the same
size as the training patches. By including T(W), A(DW ) in the adversarial loss, we show that

the network can learn the albedo color from the T™W) and apply it when generating the

high-resolution albedo patches.

The input to the generator G is formulated as the 9D tensor T = [T,NO,T(W)] €
RWXHX9  The output is a 13D tensor RT = [AD,AS,ND,NS,A(DW)] € RWXHX13 Dye
to the resolution of our textures, we train the network on randomized H p X H p Patches of
T and R. Agv ) is only used for the adversarial loss and ignored at testing. Therefore,

the reflectance R is extracted by the following:

R = [Ap, As, Np, Ng] = G([T, N, 7™ (5.12)

Stochastic Rendering Loss

So far, we have described a single-network G that generates the facial reflectance (Sec. 5.4.7)

and a fast photorealistic differentiable rendering method (Sec. 5.4.6). Therefore, we can
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now introduce a rendering loss in the training of G, where the input texture Tyq is compared
with the predicted reflectance, rendered in the domain Lg of the input texture. The
photorealistic rendering loss is defined as Lr = ||Tqa — R(R, La)||2, using Eq. 5.11. Please
note that R also uses the shape So which remains static during training and we omit
it to avoid cluttering. A similar approach has been proposed for planar surfaces under
flash illumination in [143, 144|. To the best of our knowledge, this is the first attempt
on facial BRDF and the first included in a GAN-based image-translation network. Other
facial acquisition methods (i.e. [19, 43, 49, 131, 137]) that use a differentiable rendering

loss, merely re-project the inferred texture or use the unrealistic Lambertian model.

The introduction of the above rendering loss leaves the network unaware of specular fea-
tures across the whole face, while it motivates the network to include shading elements in
the diffuse albedo, which could be accurately reproduced in the rendering. This is mainly
because all the training data are rendered in the same domain of the 3SDMM textures used
(Sec. 5.4.3) and the network can always expect shadows and highlights at the same places
and intensities. Therefore we take 2 steps to introduce stochasticity to our training data,
similar to [144], which improves our network’s accuracy and generalization outside the

target 3DMM domain.

Firstly, we sample random variations of the estimated target environment parameters L~
N (Lq, o) in each training iteration. We use it to render both the input to the network T =
R(R*,L) and the predicted reflectance R(R, L) for the rendering loss. Secondly, for each
training iteration, we sample additional n; environment parameters, Li ~ N (Lg,0),i =
1...ng, which are not fed to the network, but are only used to compute an average rendering
loss for these environments. In this manner, we stochastically approximate all light source
directions within the allowed variation, while also penalizing the network for over-fitting
the target SDMM environment. Then, for the ground truth R* and the inferred reflectance

R, for each training iteration, the rendering loss Lg is defined as:

‘R(R*, L) - R(R,L)

1 & .
Lr= m; ‘2,Li ~ N(Lq, ) (5.13)

Overall, the objective of our image-translation network, which is based on pix2pixHD [18§]
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is defined as:

mén <mDaX£GAN(G7Dk) + )\FMEFM(G, Dk) + )\RER> (514)

where Loan (G, Dy) is the sum of adversarial loss and Ly (G, Dy) is the feature matching
loss, for all 3 discriminators of pix2pixHD [18]. The feature matching and rendering loss

terms are controlled by Apps and Ag.

5.5 Experiments

5.5.1 Implementation Details

The task of disentangling the diffuse and specular components, from a given input image
with baked illumination can be formulated as an image-to-image translation problem.
Nevertheless, as discussed previously: (a) our captured data are of very high-resolution
(more than 4K) and thus cannot be used for training “as-is’, due to hardware limitations
(note not even on a 32GB GPU we can fit such high-resolution data in their original
format), (b) pix2pixHD [18] takes into account only the texture and optionally labels, and
thus geometric details, in the form of the shape and shape normals cannot be exploited to

improve the quality of the generated diffuse and specular components.

Patch-Based Image-to-Image Translation

To alleviate the aforementioned shortcomings, we split the original high-resolution data
into smaller patches of H p X H p size. More specifically, using a stride of size 256, we derive
the partially overlapping patches by passing through each original UV horizontally as well
as vertically. For each translation task we utilize the shape or shape normals, projected and
interpolated in the same UV parameterisation as the textures. This increases the accuracy
and level of detail in the derived outputs as the geometry act as a “guide” to the network.
Finally, we downsample the whole input texture to the patch size and include it as well, as
we find it greatly improves the consistency of the predicted patches. For the AvatarMe™
pipeline, we concatenate them channel-wise with the texture input and thus feed to the

(w)

network a 9D tensor comprising of T, No, T and generate a 13D tensor comprising of
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Ap,As,Np,Ng (Eq. 5.12) and T(w), which is discarded. During inference, that patch

size can be larger (e.g. 1k x 1k), since the network is fully-convolutional.

Training Setup

To train RCAN [194], we use the default hyper-parameters. For the rest of the translation
of models, we use a custom translation network as described earlier, which is based on
pix2pixHD [18]. More specifically, we use 9 and 3 residual blocks in the global and local
generators, respectively. The learning rate we used is 0.0002, whereas the Adam betas are
0.5 for By and 0.999 for So. In our best model, we use a feature matching loss controller
of Appr = 10.0 and rendering loss controller of A\g = 0.3, for which perform an ablation
study in the following section. Finally, we use a variable number of input and outputs
as N—dimensional tensors, based on the implementation (Sec. 5.4.5, 5.4.5, or 5.4.7). As
mentioned earlier, this substantially improves the results by accentuating the details and

enforcing patch consistency.

Rendering Setup

To implement the facial photorealistic differentiable rendering (Sec. 5.4.6), we extend the
recently published PyTorch3D [174] (version 0.3.0), for its speed, easily modifiable modu-
lar design and its compatibility with our image-translation network. Specifically, we fully
integrate it with the generator and discriminator networks of our image-translation net-
work, implement objects for multiple reflectance textures and implement a texture-space
shader, that uses our framework from Sec. 5.4.6. For the shader’s parameters, i.e. shininess
exponent and translucency masks, we use a single manually created UV map with spatially

varying values.

For the self-occlusion prediction, we train an autoencoder and a linear regressor that maps
light source features to the autoencoder’s latent values. The encoder and decoder consist
of 5 convolutional blocks, each block having 2 convolutional layers with ELU [197], batch
normalization [101] and a down- or up-sampling layer. The hidden layer has 64 features

and connects to the encoder and decoder with a fully connected layer of 256 features.
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Input  Ap[138] N[138] Ap[l4l] Ag[141]  Ap, Ours As, Ours N, Ours

5.5.2 Evaluation

Figure 5.7: Reflectance maps produced by our method AvatarMe' ", against state-of-the-
art methods. Reconstructions of [141] are provided by the authors and [138] are acquired
using their open-sourced models.

To evaluate our reconstruction pipeline, we compare reconstructed reflectance maps and
renderings acquired with AvatarMe ™, with ground truth data captured in a similar man-
ner as our dataset RealFaceDB, the digital Emily Project [198] and current state-of-the-art.
We use the Mean Squared Error (MSE) and Peak Signal-to-Noise Ratio (PSNR) [199]. In
Table 5.1, we conduct quantitative comparisons against the state-of-the-art [45, 141]. As
can be seen, our method outperforms [138] and [141]| by a significant margin. All meshes
were manually registered to the same topology and UV parameterization. Moreover using
a state-of-the-art face recognition algorithm [135], we also find the highest match of facial
identity compared to the input images when using our method. The input images were
compared against renderings of the faces with reconstructed geometry and reflectance, in-
cluding eyes added manually to [141]. We also present qualitative comparisons in Fig. 5.7

and Fig. 5.8.

Table 5.1: Quantitative comparisons with state-of-the-art, between 6 reconstructions of
the same subject, from different “in-the-wild“ images, and ground truth using [178]. We
transform [138, 141] results to our UV topology and compute only for a 2K x 2K centered
crop, as they only produce the frontal part of the face and manually add eyes to [141].

Algorithm [141]  [138] AvatarMe AvatarMe "
PSNR (Albedo) 11.225 14.374 24.05 26.18
PSNR (Normals) 21.889 17.321 26.97 27.12
MSE (Albedo) 0.0225 0.0140 0.0049 0.0038
MSE (Normals) 0.0047 0.0049 0.0031 0.0025

Rendered ID Score [135]  0.629  0.632 0.873 0.881
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(a) Input (b) Chen et al. [138]  (c) Yamag. et al. [141] (d) Ours, AvatarMe™ "

Figure 5.8: Qualitative comparison of rendered reconstructions from a frontal and chal-
lenging side image. [141] results are provided by the authors and [138] results are acquired
from their open-sourced models.

For the qualitative comparisons, we perform 3D reconstructions of arbitrary images. As
shown in Figs. 5.7 and 5.8, our method does not produce any artifacts in the final render-
ings and successfully handles extreme poses and occlusions such as sunglasses. We infer
the texture maps in a patch-based manner from high-resolution input, which produces
higher-quality details than [138] and [141], who train on high-quality scans but infer the
maps for the whole face, in lower resolution. This is also apparent in Fig. 5.9 and Fig. 5.16,
which shows our reconstruction after each step of our process. Moreover, we can success-
fully acquire each component from black-and-white images (Fig. 5.7) and even paintings

(Fig. 5.12).

Furthermore, we experiment with different environment conditions, in the input images
and while rendering. As presented in Fig. 5.10, the extracted normals, diffuse and specular
albedos are consistent, regardless of the illumination on the original input images. More-
over, Fig. 5.12 shows different subjects rendered under different environments. We can
realistically illuminate each subject in each scene and accurately reconstruct the environ-

ment reflectance, including detailed specular reflections and subsurface scattering.
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a) Input
b) Diff. Alb. c) Spec.Alb.

Figure 5.9: Comparison of AvatarMe™ " predicted reflectance with ground truth. Left:
Patch of rendered test subject in target domain, Top row: predicted reflectance with our

method, Bottom row: ground truth.

a) Input ) Diff.Alb. c¢) Sp.Alb. (d) Sp.Norm ) Render

e Spe.Nor.

Figure 5.10: Consistency of AvatarMe' " on varying conditions, from the Digital Emily
Project [198]. We calculate on average 30.94 PSNR and 0.0007 MSE between our results.
Compared to the ground truth from [198|, we achieve on average 0.0083 MSE and 20.13
PSNR on albedo and and 0.011 MSE and 24.02 PSNR on normals.

5.5.3 Ablation

Method Components and Variants

We investigate the importance of the various components of our method, when added on
the base network. We create a test set 7 = {R(R;,L;)}, by rendering 5 test subjects
from our captured dataset, RealFaceDB, with reflectance R;, in 10 total illumination en-
vironments L; including: a) the 3DMM-target environment (Sec. 5.4.3), b) —/+30% light
source variation in position, ¢) —/ 4+ 30% in intensity from a), and d) directional front
and side illumination. We compare the mean squared error, between the ground truth
and the model’s predicted reflectance and the rendering of the prediction in the source

testing environment, as well as in the target environment. Testing in various illumina-
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Table 5.2: Method components ablation. Training time is given per training iteration,
testing time is given for the inference of whole W x H textures. AvatarMe time includes
the training time for all 4 of its networks. We measure the mean squared error (MSE)
between ground truth and inferred reflectance maps, for the test set 7 (Sec 5.5.3).

Method Train time Test time MSE
AvatarMe (Sec. 5.4.5) 22.8 15.98 0.0079
Single Network (Sec. 5.4.7) 8.0 6.35 0.0080
+ Rendering loss (Sec. 5.4.7) 14.4 6.48 0.0075
+ Whole low-res texture (Sec. 5.4.7) 14.8 9.31 0.0066
+ Random environment (Sec. 5.4.7) 14.8 9.35 0.0055
+ Multiple random env. (Sec. 5.4.7) 24.0 9.35 0.0048
+ Occl. AE (Sec. 5.4.6) (AvatarMe™ ™) 28.8 9.35 0.0043

tion environments evaluates the generalization abilities of our networks, outside the target
environment. We plot both inference and re-rendering error in Fig. 5.13 and show the
reconstructed diffuse albedo Ap in Fig. 5.14. Moreover, although using a single network
reduces the training and inference time by about 75%, the additional rendering adds a
significant overhead in training time, but does not significantly increase testing time. We

show this trade-off between reconstruction quality and training and testing time Table 5.2.

The introduction of the stochastic rendering loss (Sec. 5.4.7) enables AvatarMe™ " to gen-
eralize to facial textures with different environments, while AvatarMe is trained only on the
target 3SDMM environment. Fig. 5.13 shows the quantitative improvement of AvatarMe ™"
on the test set T with 10 different environments, two of which are shown in Fig. 5.14. Fi-
nally, Fig. 5.11 shows the network’s ability to generalize to textures obtained from different

datasets (i.e. [200, 201]|) and acquisitions methods (i.e. [18, 60]).

Network and Rendering Hyper-parameters

Training the network on 4 Tesla V100 GPUs takes about one day for a base single net-
work (Sec. 5.4 or Sec. 5.4.7) and up to three days for the complete method, with multiple
rendering loss computations and self-occlusion in rendering (Sec. 5.4.7). Given these re-
strictions, we perform a study on the effect of the important hyper parameters. We train
the complete method with different seeds and record an average 3.14% standard deviation
in the error of reflectance reconstruction and 5.37% standard deviation in the error of re-

rendered textures. All the other results are reported using the same seed for all stochastic
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operations. The impact of the rendering loss controller Ag (Eq. 5.14) is shown in Fig. 5.17.

We find Ar = 0.3 to yield the best results.

Table 5.3 shows the effect of the scene variation hyper-parameters when training with
randomized light source 1, camera direction v and light source intensity ¢;. We find the
best results at up to 50% variation in light source position, and up to 25% in camera
position and light source intensity. Finally, Table 5.3 shows the effect of the number of
random scenes ny, used to evaluate the rendering loss (Eq. 5.13). We find a significant
improvement in using 2 scenes instead of 1, and a smaller improvement when adding
additional scenes. However each additional rendering loss evaluation introduces a trade-off

with computational time.

Table 5.3: Ablation study for rendering loss hyper-parameters. Comparison of reflectance
prediction and re-rendering error for variation in scene parameters (light source position
1, camera view direction v light source intensity c;) around the target environment (top
table), and number of random scenes evaluated ny, in the rendering loss (bottom table)
(Sec. 5.4.7). Average error reported for test set 7 (Sec. 5.5.3).

Scene Variation Results
1 v ci ‘ Recon. MSE Render MSE
0% 0% 0% 0.0055 0.0059
50% 25% 25% 0.0043 0.0030
5% 50% 50% 0.0051 0.0036

Evaluations nj, ‘ Train Time Recon. MSE Render MSE

1 15.6 0.0054 0.0037
2 224 0.0045 0.0032
3 28.8 0.0043 0.0030

5.5.4 Limitations

While our dataset contains a relatively large number of subjects, it does not contain suffi-
cient examples of subjects from certain ethnicities (Sec. 5.3). Despite our effective training
data augmentation, we find that the predicted diffuse albedo for subjects of the lightest
or darkest skin types, produces patches of inconsistent intensity and the specular nor-
mals of older subjects are reconstructed sub-optimally. Moreover, the accuracy of facial
reconstruction is not completely independent of the quality of the input photograph, and

well-lit, higher resolution photographs produce more accurate results, depending on the
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3DMM method used. Additionally, we show that our method can generalize to various
reconstruction and capturing methods, however, the model expects their light sources to
be in front of the subject. Finally, our renderer models self-occlusion but not occlusion
from foreign objects. This could be modeled by augmenting our dataset with randomized

occlusions.

5.6 Conclusion

In this paper, we propose the first methodology that produces high-quality rendering-
ready face reconstructions from arbitrary “in-the-wild” images. We build upon recently
proposed 3D face reconstruction techniques and train an image translation network that
can perform estimation of high quality (a) diffuse and specular albedo, and (b) diffuse
and specular normals. This is made possible with a large training dataset of 200 faces
acquired with high quality facial capture techniques and a fast photorealistic differentiable
rendering framework. We demonstrate that it is possible to produce rendering-ready faces
from arbitrary face images varying in pose, occlusions, etc., including black-and-white
and drawn portraits. Our results exhibit unprecedented level of detail and realism in the

reconstructions, while preserving the identity of subjects in the input photographs.
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(q) Input ) Diffuse Albedo s) Specular Albedo (t) Spec. Normals

Figure 5.11: Generalization of AvatarMe™": Training AvatarMe™ " with stochastically
varied rendering scene parameters and our rendering loss (Sec. 5.4.7), makes the network
domain-agnostic to an extent. Here we show results of a single AvatarMe ™ network,
on reconstructions and captured data, registered to our topology. From top to bottom:
a) Reconstructed subject, with Facial Details Synthesis proxy and texture [138], b) Re-
constructed subject with OSTeC fitting and texture completion [60], ¢) Captured subject
from FaceScape [200], d) Captured subject from Superface [201], e) Captured subject with
3dMDface (3dmd.com).
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(b) Cathedral (c) Night Street (d) Sunset

Figure 5.12: AvatarMe' " results rendered in different environments.
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(Sec. 5.4.1) Rendering loss low-res texture evnironment random env. AE (Sec. 4.4)

(Sec. 5.4.1) (Sec.5.4.1) (Sec. 5.4.2) (Sec. 5.4.2) (AvatarMe* *)

Figure 5.13: Quantitative ablation results for the different variations of our method.
From left to right, we start with the base AvatarMe and introduce each component of
AvatarMe™ ™. Each variation is applied on test set 7 (Sec. 5.5.3). We measure the mean
squared error (MSE) between ground truth and prediction’s reflectance, and re-rendering
in the target environment and an extreme side illumination environment used in 7.

Input AvatarMe Single Net +Rend Loss +low-res +Rnd. Env-+MIlt. Envs. +Occ. AE

Figure 5.14: From left to right, rendered test image, predicted diffuse albedo Ap from
each of the main method variations and the ground truth diffuse albedo Ap,. Top row
input is rendered in our target environment, bottom row in an extreme side illumination

(b) AvatarMe Np ) AvatarMe Ags (d) AvatarMe Ng

environment from 7.

(e) Input (f) AvatarMe®™ ™ Np (g) AvatarMe™ " Ag (h) AvatarMe'" Ng

Figure 5.15: Predicted diffuse normals Np, specular albedo Ap, and specular normals
details Ng in tangent space, between AvatarMe (Sec.5.4.5) and AvatarMe™ . Diffuse
albedo Ap comparison included in Fig. 5.14.
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(a) Input (b) 3DMM Recon (c) Ours, 3DMM (d) Ours, (e) Ours,
[19] Super Res. AvatarMe AvatarMe ™"

Figure 5.16: Comparison of our shape reconstruction (left) and rendering (right) between
the 3DMM fitting with GANFIT [19], upsampled texture (Sec. 5.4.4), AvatarMe (Sec. 5.4.5)
and AvatarMe " (Sec. 5.4.7).

0.007 4
Average R reconstruction MSE
—— Average re-rendering MSE
0.006 1
& 0.005 1
=
0.004 1
0.003

0.2 0.4 0.6 0.8 1.0
Rendering loss Ag
Figure 5.17: The effect of different values of the rendering loss controller Ap (Eq. 5.14) in the

average reflectance R reconstruction for 5 subjects rendered in 10 different environments
and the average re-rendering mean squared truth with the ground-truth.
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Here we introduce FitMe, a multi-modal deep 3DMM for facial and head avatars, which
builds on and improves the previous work presented in the previous section. This work
has been published in A. Lattas, S. Moschoglou, S. Ploumpis, B. Gecer, J. Deng, and

)

S. Zafeiriou, “Fitme: Deep photorealistic 3D morphable model avatars,” in Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),

pp. 8629-8640, June 2025.

In this paper, we introduce FitMe, a facial reflectance model and a differentiable rendering
optimization pipeline, that can be used to acquire high-fidelity renderable human avatars
from single or multiple images. The model consists of a multi-modal style-based generator,
that captures facial appearance in terms of diffuse and specular reflectance, and a PCA-
based shape model. We employ a fast differentiable rendering process that can be used in
an optimization pipeline, while also achieving photorealistic facial shading. Our optimiza-
tion process accurately captures both the facial reflectance and shape in high detail, by
exploiting the expressivity of the style-based latent representation and of our shape model.
FitMe achieves state-of-the-art reflectance acquisition and identity preservation on single
“in-the-wild” facial images, while it produces impressive scan-like results, when given mul-
tiple unconstrained facial images pertaining to the same identity. In contrast with recent
implicit avatar reconstructions, FitMe requires only one minute and produces relightable

mesh and texture-based avatars, that can be used by end-user applications.

6.1 Introduction

Despite the tremendous steps forward witnessed in the last decade, 3D facial reconstruction
from a single unconstrained image remains an important research problem with an active
presence in the computer vision community. Its applications are now wide-ranging, includ-
ing but not limited to human digitization for virtual and augmented reality applications,
social media and gaming, synthetic dataset creation, and health applications. However,

recent works come short of accurately reconstructing the identity of different subjects and
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\ 7S r 4 . Y
Single in-the-wild Shape and Photorealistic Shape 3 Mobile Phone Shape and Acquired Facial Photorealistic
facialimage  Reflectance Fitting Rendering Rendering Pictures Reflectance Fitting Reflectance Rendering

Figure 6.1: FitMe reconstructs relightable shape and reflectance maps for facial avatars,
from a single (left) or multiple (right) unconstrained facial images, using a reflectance model
and differentiable rendering. The results can be photorealistically rendered in common
engines.

usually fail to produce assets that can be used for photorealistic rendering. This can be
attributed to the lack of diverse and big datasets of scanned human geometry and re-
flectance, the limited and ambiguous information available on a single facial image, and

the limitations of the current statistical and machine learning methods.

3D Morphable Models (3DMM) [202] have been a standard method of facial shape and
appearance acquisition from a single “in-the-wild” image. The seminal 3DMM work in [6]
used Principal Component Analysis (PCA), to model facial shape and appearance with
variable identity and expression, learned from about 200 subjects. Since then, larger
models have been introduced, .i.e. the LSFM [154], Basel Face Model [203] and Facescape
[200], with thousands of subjects. Moreover, recent works have introduced 3DMMs of
complete human heads [204, 205, 206] or other facial parts such as ears [206] and tongue
[207]. Finally, recent works have introduced extensions ranging from non-linear models
[208, 209, 210] to directly regressing 3DMM parameters [211, 212|. However, such models

do not have the capacity to capture photorealistic textures.

During the last decade, we have seen considerable improvements in deep generative mod-
els. Generative Adversarial Networks (GANs) [13]|, and specifically progressive GAN
architectures [213] have achieved tremendous results in learning distributions of high-
resolution 2D images of human faces. Recently, style-based progressive generative networks

[16, 17, 214, 215| are able to learn meaningful latent spaces that can be traversed in order
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Figure 6.2: FitMe method overview. For a target image 1y, we optimize the latent vector
W of the generator G, and the shape identity ps, expression p, camera p. and illumination
p; parameters, by combining 3DMM fitting and GAN inversion methods, through accurate
differentiable diffuse Up and specular Ug rendering R. Then, from the optimized WP,
we tune the generator G weights, through the same rendering process. The reconstructed
shape S and facial reflectance (diffuse albedo A p, specular albedo Ag and normals Ng),
achieve great identity similarity and can be directly used in typical renderers, to achieve
photorealistic rendering, as shown on the right-hand side.

to reconstruct and manipulate different attributes of the generated samples. Some meth-
ods have also been shown effective in learning a 2D representation of 3D facial attributes,

such as UV maps [19, 185, 216, 217].

3D facial meshes generated by 3DMMs can be utilized in rendering functions, in order
to create 2D facial images. Differentiating the rendering process is also required in order
to perform iterative optimization. Recent advances in differentiable rasterization [218],
photorealistic facial shading [24], and rendering libraries [50, 219, 220] enable the photore-
alistic differentiable rendering of such assets. Unfortunately, 3DMM [19, 154, 185| works
rely on the Lambertian shading model which comes short of capturing the complexity of
facial reflectance. The issue is photorealistic facial rendering requires various facial re-
flectance parameters instead of a single RGB texture [24]. Such datasets are scarce, small,
and challenging to capture |74, 76, 221]|, despite recent attempts to simplify such setups
[22]. Despite the tremendous steps forward witnessed in the last decade, 3D facial re-
construction from a single unconstrained image remains an important research problem
with an active presence in the computer vision community. Its applications are now wide-
ranging, including but not limited to human digitization for virtual and augmented reality
applications, social media and gaming, synthetic dataset creation, and health applications.
However, recent works come short of accurately reconstructing the identity of different
subjects and usually fail to produce assets that can be used for photorealistic rendering.
This can be attributed to the lack of diverse and big datasets of scanned human geometry

and reflectance, the limited and ambiguous information available on a single facial image,
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and the limitations of the current statistical and machine learning methods.

3D Morphable Models (3DMM) [202| have been a standard method of facial shape and
appearance acquisition from a single “in-the-wild” image. The seminal 3DMM work in [6]
used Principal Component Analysis (PCA), to model facial shape and appearance with
variable identity and expression, learned from about 200 subjects. Since then, larger
models have been introduced, .i.e. the LSFM [154], Basel Face Model [203] and Facescape
[200], with thousands of subjects. Moreover, recent works have introduced 3DMMs of
complete human heads [204, 205, 206] or other facial parts such as ears [206] and tongue
[207]. Finally, recent works have introduced extensions ranging from non-linear models
[208, 209, 210] to directly regressing 3DMM parameters [211, 212|. However, such models

cannot produce textures capable of photorealistic rendering.

During the last decade, we have seen considerable improvements in deep generative mod-
els. Generative Adversarial Networks (GANs) [13|, and specifically progressive GAN
architectures [213] have achieved tremendous results in learning distributions of high-
resolution 2D images of human faces. Recently, style-based progressive generative networks
[16, 17, 214, 215| are able to learn meaningful latent spaces that can be traversed in order
to reconstruct and manipulate different attributes of the generated samples. Some meth-
ods have also been shown effective in learning a 2D representation of 3D facial attributes,

such as UV maps [19, 185, 216, 217].

3D facial meshes generated by 3DMMs can be utilized in rendering functions, in order to
create 2D facial images. Differentiating the rendering process is also required in order to
perform iterative optimization. Recent advances in differentiable rasterization [218], pho-
torealistic facial shading [24] and rendering libraries [50, 219, 220] enable the photorealistic
differentiable rendering of such assets. Unfortunately, 3DMM [19, 154, 185] works rely on
the Lambertian shading model which comes short of capturing the complexity of facial re-
flectance. The issue being photorealistic facial rendering requires various facial reflectance
parameters instead of a single RGB texture [24]. Such datasets are scarce, small, and

challenging to capture [74, 76, 221]|, despite recent attempts to simplify such setups [22].

Several recent approaches have achieved either high-fidelity facial reconstructions [19, 185,

222| or relightable facial reflectance reconstructions [23, 24, 188, 223, 224, 225], includ-
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ing infra-red [32], however, high-fidelity and relightable reconstruction still remains elu-
sive. Moreover, powerful models have been shown to capture facial appearance with deep
models [27, 226, but they fail to show single or multi-image reconstructions. A recent
alternative paradigm uses implicit representations to capture avatar appearance and ge-
ometry [227, 228|, the rendering of which depends on a learned neural rendering. Despite
their impressive results, such implicit representations cannot be used by common renderers
and are not usually relightable. Finally, the recently introduced Albedo Morphable Model
(AlbedoMM) [223] captures facial reflectance and shape with a linear PCA model, but
per-vertex color and normal reconstruction are too low-resolution for photorealistic ren-
dering. AvatarMe-++ [23, 24| reconstructs high-resolution facial reflectance texture maps
from a single “in-the-wild” image, however, its 3-step process (reconstruction, upsampling,

reflectance), cannot be optimized directly with the input image.

In this work, we introduce FitMe, a fully renderable 3DMM with high-resolution facial
reflectance texture maps, which can be fit on unconstrained facial images using accu-
rate differentiable renderings. FitMe achieves identity similarity and high-detailed, fully
renderable reconstructions, which are directly usable by off-the-shelf rendering applica-
tions. The texture model is designed as a multi-modal style-based progressive generator,
which concurrently generates the facial diffuse-albedo, specular-albedo and surface-normals.
A meticulously designed branched discriminator enables smooth training with modalities
of different statistics. To train the model, we create a capture-quality facial reflectance
dataset of 5k subjects by fine-tuning AvatarMe++ on the MimicMe [229] public dataset,
which we also augment in order to balance skin-tone representation. For the shape, we use
interchangeably a face and head PCA model [206], both trained on large-scale geometry
datasets. We design a single or multi-image fitting method based on style-based generator
projection [16] and 3DMM fitting. The rendering function must be differentiable and fast
to perform efficient iterative fitting (under 1 minute) the rendering function must be dif-
ferentiable and fast, making models such as path tracing unusable. Prior works in the field
[19, 154, 230] use simpler shading models (e.g., Lambertian) or much slower optimization
[188]. We add a more photorealistic shading than prior work, with plausible diffuse and
specular rendering, which can acquire shape and reflectance capable of photorealistic ren-
dering in standard rendering engines (Fig. 6.1). The flexibility of the generator’s extended

latent space and the photorealistic fitting, enables FitMe to reconstruct high-fidelity facial
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reflectance and achieve impressive identity similarity, while accurately capturing details in

diffuse, specular albedo and normals. Overall, in this work we present:

e the first 3DMM capable of generating high-resolution facial reflectance and shape,

with an increasing level of detail that can be photorealistically rendered,

e the first branched multi-modal style-based progressive generator of high-resolution
3D facial assets (diffuse albedo, specular albedo, and normals), and a suitable multi-

modal branched discriminator,

e a method to acquire and augment a vast facial reflectance dataset of using assets

from a public dataset,

e a multi-modal generator projection optimized with diffuse and specular differentiable

rendering.

6.2 Related Work

6.2.1 3D Morphable Models

Early facial modeling and fitting methods, starting from the seminal 3DMM work of Blanz
and Vetter in [6], have always used a linear model for facial shape and appearance [154, 203|.
They are thoroughly analyzed in the recent review of Egger et al. [202]. Moreover, 3DMMs
have been extended to the entire head in [206]. Finally, the recent AlbedoMM [223] uses
separate PCA models of the diffuse and specular albedo. However, the per-vertex albedo

is low resolution and inadequate for photorealistic rendering.

Recent works have been replacing parts of the linear shape/texture models with neural
networks in order to capture non-linearities. Bagautdinov et al.[231] introduced the first
method for non-linear facial shape modeling based on variational autoencoders. 3DFace-
GAN [208| introduced a GAN-based approach for facial geometry based on UV maps
which captured important non-linearities of the facial shape. Closest to our work, [27, 226]

designed models that combine facial albedo, shape, and normals.
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6.2.2 Deep Generative Networks

GANSs [13] first achieved high-resolution facial generation with the progressive growing
of GANs [213], which introduced a generator-discriminator pair trained on progressively
growing resolutions. StyleGAN [214] also introduced a noise-injection technique and a
mapping network that learns meaningful latent representations. StyleGAN2 [17] further
optimized the architecture and projection method, while StyleGAN2ADA [16] introduced
online data augmentation methods that help when training with limited data, where the
discriminator overfits. Finally, [215] improved the signal flow in the generator. In our
work, we build upon these powerful models in order to achieve multi-modal reflectance

generation.

6.2.3 Facial Reflectance Acquisition

The first device to accurately acquire 3D facial scans was the LightStage [232], a room-
sized dome equipped with programmable illumination and high-end cameras. The diffuse
and specular components of the reflectance can be separated by exploiting polarization
in multiple captures of gradient illumination [76]. Simplified methods have also been
proposed, using unpolarized binary patterns [147]| or passive illumination [221]. Although
highly accurate, the above methods require large and expensive equipment. A recent
practical system made of commodity devices [22] enables significantly faster and cheaper

facial reflectance acquisition.

Inverse Rendering approaches have also been successful in acquiring facial reflectance.
Recent works employ differentiable ray tracing algorithms [188, 224] to solve an inverse
rendering optimization that yields facial diffuse and specular components, as well as specu-
lar roughness. However, such methods are computationally expensive and the optimization

is susceptible to ambiguity in the subject images.

To overcome such ambiguities, multiple approaches use linear or deep models as priors
or directly regress the facial reflectance. For example, early approaches proposed deep
image-translation models [230, 233, 234|, while later methods [139, 235, 236 first acquired
realistic facial albedos and displacement textures, using one or more deep neural networks.

GANFIT [19] was the first method to use a linear shape model in combination with a
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GAN-based texture model. Nevertheless, the inferred texture contained baked environ-
ment illumination, making photorealistic rendering impossible. AvatarMe [23] introduced
a super-resolution and an image-translation network that transformed textures generated
from GANFIT into high-resolution facial reflectance. Its extension AvatarMe++ [24] in-
troduced a generalized facial model that works with arbitrary 3DMM fitting algorithms
or scanning methods using a differentiable shader. However, both methods are separated
from the initial fitting method and cannot pick up all the facial and illumination cues of
the input image. An alternative approach [222] produces highly realistic facial shape and
albedo but requires a video stream of RGB and depth data for optimization. Moreover,
TRUST [225] proposes a method to overcome the ambiguity between skin tone and illu-
mination optimization by using cues from the background illumination or multiple faces
in the same image. Closest to our work, Luo et al. [185] acquire normalized avatars us-
ing a style-based generator together with an iterative optimization. Although similar, our
approach has the following advantages: a) our generative model is extended to complete
facial reflectance, and our renderer is extended with a more photorealistic shading model,
b) our branched generator and discriminator approach generates additional modalities, ¢)
our fitting pipeline introduces a latent space and shading regularization, as well as iden-
tity loss, and d) our fine-tuning results in an editable latent space, which can be further

optimized through rendering.

6.3 Method

In this work, we present FitMe, a deep facial reflectance 3DMM, which is based on a
branched multi-modal style-based generative network (Sec. 6.3.1). It is trained on a
big capture-quality facial reflectance dataset, which is augmented to balance skin tones
(Sec. 6.3.2). The nature of the data allows accurate diffuse and specular differentiable ren-
dering using an appropriate shader (Sec. 6.3.3). Finally, we combine a style-based generator
latent space projection with 3DMM fitting methods (Sec. 6.3.4) and achieve high-fidelity
facial reconstruction from a single or multiple images. The acquired shape and reflectance
avatars achieve high identity similarity (given the model’s flexibility, diverse dataset, and
rendering), have expression blendshapes and can be directly used by common rendering

applications.
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6.3.1 The FitMe Deep 3D Morphable Model

Mapping Network Branched Generator / Branched Discriminator

WE R16x512

Figure 6.3: Overview of BRDF-GAN, a style-based generator [17], consisting of a mapping
network M which translates the latent vector z, to style W. The branched, multi-modal
synthesis network G generates a diffuse albedo A p, specular albedo A g and normals Ng at
1024 x 1024 resolution. The model is trained in tandem with a branched multi-modal dis-
criminator D. Each branch enables D to model the distribution of the albedo and normals
separately The output of each branch is concatenated before entering the last convolutional
block and the fully connected layers of D, in order to maintain feature consistency between
modalities.

We introduce BRDF-GAN, a multi-modal style-based generative network, which concur-
rently generates facial diffuse albedo A p, specular albedo A g and surface normals Ng in a
UV parameterization at 1024 x 1024 resolution. The model is trained by a novel branched
discriminator, that ensures the consistency between the modalities. The shape is modeled

with a 3DMM, and we model both the facial and the head mesh topology similar to [206].

Generating the shape as another branch of BRDF-GAN requires many redundant param-
eters, is prone to quantization, and its fitting is problematic. A recent approach generates
3DMM offsets as a UV texture map but still requires 3DMM projection to generate the
final shape [185]. We opt instead to use a 3DMM with a mesh representation. We use the
Universal Head Model [206], with a facial UV topology, which is completed after fitting.
For a set of identity ps and expression pe parameters, with identity and expression bases

c R106317><3 can be

Usg and Usg, respectively, and mean myg, the facial geometry S(ps, pe)
reconstructed as:

S(ps, pe) =mg + Ugps + UePe (6.1)

Based on StyleGAN2 [17], BRDF-GAN consists of a mapping network M : z — W, which

translates a latent vector z € R®'? into the latent space W € R'6%512 3 multi-modal
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branched synthesis network G : W — T, where Tp = {Ap, Ag,Ng} € R7x1024x1024
Both the diffuse albedo and normals have three channels, however, we use a monochrome
specular albedo, which is typical practice in shading [24, 147]. The synthesis network
G follows the skip-connection convolutional blocks architecture of StyleGAN2ADAJ16],
however, the last block of each up-sampled resolution is branched per reflectance mode, as
shown in Fig. 6.3. For resolutions of 512 x 512 and up, we find this necessary to achieve
satisfactory FID scores. Furthermore, using a single generator while branching the final
block for each modality enables the details to be accurately captured between modalities.

It ensures the final output corresponds to the same identity.

BRDF-GAN is also trained using a branched discriminator D. We observed that the
distributions of the albedos A p, Ag with mean 0.24 and std. 0.12, and the normals N g with
mean 0.61 and std 0.24, were significantly different, something which inhibited the GAN
training using a vanilla D (i.e., a discriminator with no branches). Therefore, we designed
D as a long-branched network, based on the residual-based discriminator of StyleGAN2-
ADAJ16]. One branch D4 receives as input the concatenation of the diffuse and specular
albedos Ap @ Ag, which have similar statistics, while the other branch Dy receives the
surface normals Ng. After running all-but-the-last convolutional blocks, the output of both
branches is concatenated and given to the last convolutional block and the fully connected
layers of D. This ensures that D can accurately capture the much different distribution
of the albedo and normals, while ensuring consistent facial features per generated subject.
A detailed visualization is shown in Fig. 6.2. Luo et al. [185] recently proposed a similar
model, where the generator outputs an albedo and a shape and is trained by three complete
and separate discriminators. Our approach not only requires a smaller network but is also
able to generate facial reflectance modalities of highly different distributions and, as we

demonstrate in the experiments, outperforms their generalization capabilities.

6.3.2 Dataset Acquisition and Augmentation

State-of-the-art 3DMMs and GANs require thousands of data samples [16, 154], however,
no facial reflectance datasets exist at this scale. Instead, we utilize a recently published
large dataset of facial captures [229], and a state-of-the-art facial appearance generation

model [24], to create such a dataset at capture-like quality and high resolution. Finally,
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Captured AvatarMe++ Albedo Augmentation
Dataset

Tg,

={Ap,As,Ng}

Figure 6.4: Dataset and augmentation. Left: creation of diffuse Ap and specular Ag
albedo and normals Ng, using finetuned a AvatarMe++ [24] network A on the MimicMe
dataset [229] of textures T. Right: albedo skin-tone augmentation using our masked
histogram matching h on different target albedos A7, (Sec. 6.3.2).

we alleviate the skin-tone imbalance in the dataset, by augmenting the resulting data with

histogram matching [237].

Firstly, we acquire the MimicMe dataset [229|, consisting of T = {Ty,...,Tp,},nr =
4,700 neutral facial textures, which are projected to a common UV map parameterization.
These textures include diverse subjects and expressions [229], however, they have baked
illumination from the capturing system and do not constitute an albedo. We train an
image-to-image translation network A : T'— {Ap, Ag,Ng} that transforms textures from
T to reflectance textures {Ap, Ag, Ng}, following AvatarMe++ [24], while making the fol-
lowing changes: (a) we approximate the capturing environment of [229] using AvatarMe-++
[24], and train the AvatarMe++ network A for this environment only, (b) we generate only
the surface (i.e., specular) normals Ng, in tangent space, which aids the FitMe fitting, as
discussed in 6.3.3 and (c) we do not use a super-resolution network since the textures in 7
are high-resolution captured textures. In this manner, we can use A to transform 7 into

a dataset of reflectance textures 7Tg.

Regarding the shape, we choose not to represent it as a UV map, and instead, we use
an existing PCA model. Although we can extract the shape from the above datasets,
our experiments show no improvement over using PCA, while also making the network
training more challenging. Therefore, with our method being shape-model agnostic, we

use the public UHM head shape model [206].

Biased skin tone prediction is a significant problem [225], and therefore balanced skin tone

representation in the dataset is of paramount importance. Skin tone augmentation can be
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done by manipulating the melanin and hemoglobin values of the albedo, which requires
expensive data collection 28], pre-training [238] or potentially noisy inverse rendering [239].
Instead, we propose an alternative method based on histogram matching [237] (Overview
in Fig. 6.4), which is trivial to use and noise-free. We acquire 10 scanned albedos [76], with
each subject matched to the Monk Skin-Tone Scale (MST) [240] and transform them into
our facial UV topology. Then, for each albedo Ap in the reflectance dataset, we perform
histogram matching h [237| with a number of randomly selected target albedos A7, from
the MST scale albedos. To avoid non-skin features that could affect the transformation,
we calculate a mask M using the distance of each pixel from the average skin tone Ap in

the forehead region M = HAD — A_D| ’ Then, we acquire an augmented albedo Ap as:

Ap =M h(Ap,Ah)+(1-M)®Ap (6.2)

6.3.3 Fast Differentiable Photorealistic Rendering

Typically, 3DMM models rely on a single RGB per-vertex texture color, a pinhole camera
projection model and a diffuse-only Lambertian shading model, based on spherical har-
monics illumination [202]. Although such modeling provides enough cues to the fitting
function for the shape and texture parameters to be optimized, the texture model can-
not capture the facial reflectance parameters required for photorealistic rendering, and the

Lambertian shading model cannot handle both the diffuse and specular components.

On the contrary, differentiable local-reflection models such as Blinn-Phong [58| can achieve
more accurate facial shading [24]. We define a viewing direction v, an ambient intensity
Ca, and a set of n; light sources with direction 1; and intensity cj. For a rasterized pixel ¢
with diffuse albedo A p, diffuse normals N p, specular albedo S 4 and surface normals Ng,

the diffuse U;, and specular Ujg shading components are defined as:

n

Up, = caAp, » (N, - Ij)c; (6.3)
j=1

ny

Us, = As, > (x"(Ns; - y))°cs, by
j=1

L; + v;j

R (6.4)
|11 + vjl|

where x(z) is a piece-wise function that returns max {0,z}, and s is the shininess co-
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efficient. The final shading is acquired by addition U; = Uj, + Ujg. We also perform

subsurface scattering using [24].

For photorealistic shading, separate diffuse and surface normals are required [24, 74, 76], so
that the diffuse component approximates the smoother subsurface scattering. In order to
correctly optimize the shape mesh during fitting, we use the smoother geometric normals
as diffuse normals Np. The detailed specular normals are generated by BRDF-GAN in
tangent space Ng, and during rendering are added to the shape normals N, to acquire the

specular normals in object space.

Our differentiable rendering implementation, not only renders skin photorealistically com-
pared to recent fitting methods [19, 185, 223], but it is also implemented directly in image-
space, compared to [24], so that direct supervision can be achieved. Moreover, the 3DMM
shape S and GAN-generated reflectance texture maps Tp = {Ap, Ag,Ng} can be effi-
ciently optimized by photometric, identity and perceptual losses. The rendering function

R with optimizable camera p. and illumination p; can be formulated as:

I =R (S,Tr,Pc,P1) (6.5)

6.3.4 Fitting by Inversion through Rendering

Following conventional 3DMM fitting approaches [6, 19, 154, 202, 241|, we build an op-
timization pipeline with two major improvements: (a) we replace the statistical texture
model and its PCA-based optimization, with BRDF-GAN textures and GAN inversion
optimization [17, 242], b) we implement an accurate differentiable renderer in the image
space, to enable BRDF-GAN inversion by rendering its results in high fidelity. As de-
scribed below, our optimization pipeline combines the merits of both 3DMM fitting and

GAN inversion and achieves photorealistic reflectance reconstruction.

BRDF-GAN Inversion

Generator inversion refers to the acquisition of latent code that recreates the target image
and its application on style-based generators is a widely studied problem [17, 242]. How-

ever, all the above assume a 2D target image and can directly optimize the generator’s
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output. Moreover, FitMe requires to pass the generated reflectance through rasterization
and rendering, while preserving the meaningful properties of the texture map, for which
a standard inversion does not suffice. Inspired by both previous 3DMM fitting methods
[19, 24, 154, 188], and inversion [16, 242|, we design a rendering-based inversion method

for our multi-modal generator.

Style-based generators [16, 17| feed a latent code z into a mapping network to acquire the
native latent space W, which is fed to the synthesis network. Inversion methods optimize
W directly, whilst also optimizing the noise vector n [16, 242|, by using a perceptual
LPIPS loss [243]. However, the multi-modal generator faces three challenges: a) being
multi-modal makes the concurrent optimization of the different modes more difficult, b)
requires rasterization, and as such, not all pixels are visible to the loss function and c)
requires shading, shape, camera, and light source optimization, which all remain sensitive
to the optimization with LPIPS. We find that an additional set of losses make the inversion

more accurate and stable:

The terms of our objective function include both primitive supervision, such as a landmark,
photometric, and regularization loss functions, as well as identity and perceptual losses.
For a target image Iy and a rendered reconstruction Ir, we used the following losses to
optimize the shape 3DMM, the camera and illumination parameters, and also to guide the

rasterized BRDF-GAN results:

Landmark Loss: We estimate 3D landmarks using a deep alignment network [126] M(I) :

RAXWXC _y R68x2 and penalize the distance by Ly, = [|M(Ig) — M(Ig)]|o.

Photometric Loss: It is defined as the distance between per-pixel color intensity values,

to capture the skin color and illumination from the target image as L,, = [|Io — Ir||1.
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Figure 6.5: Comparison of diffuse and specular albedo reconstruction and rendering of
Digital Emily [244] with prior works. Our single and three-image reconstructions achieve
similar results to the captured data, which need specialized hardware and hundreds of
images.
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Identity Loss: Following [216, 245], we supervise fitting by identity features extracted
by a face recognition network [246] with n layers, F(I) : REXWXC 5 R512 to provide
substantial identity similarity to the target image:

F"(Io) - F"(IR)
177 (To) ]2 - [[F7(Tr)] |2

Lip=1-— (6.6)

Along with the abstract level supervision provided by identity features, we also optimize
for intermediate activations of the face recognition network to ensure mid-level perceptual

information can be reconstructed as well:

|77 (To) — F/ (Ix)|l2
o = 6.7
£r Z Hrj - Wgi - Crj (6.7)

BRDF-GAN Regularization: Rasterization results in various pixels and facial areas not
being used during optimization, while shading may be imperfect in complex illumination
environments, both of which introduce noise and environmental features to our albedo and
normals during W'’s optimization. To avoid such artifacts, we follow the W initialization
protocol introduced in [214], and on top, we apply an Lo constraint to make sure W’s

values do not significantly deviate from their feasible space.

Shape Regularization: We follow the literature [10] in constraining the shape parameters
weighted by their inverse eigenvalues: £g = ||ps\|2271 and L, = ||pe||2271, where ¥ denotes

a diagonal matrix with the eigenvalues.
Overall loss: It is defined as follows, where all \’s are hyper-parameters suitably chosen

to balance the different loss terms during optimization:

L= L + )\gﬁph + XsLip + )\4ﬁpe7«

4+ AsLw + Mg Ls + AL, (6.8)

BRDF-GAN Tuning

Recent works show that W-based inversion cannot fully recover the target image [242].
One approach is to optimize the extended latent space W+ [185, 247|, however, this

inhibits latent code manipulations [242], while, in our experiments, ends up in an outright
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copy of the target image into the albedo, also inhibiting the re-rendering of the avatar.
On the other hand, Pivotal Tuning Inversion (PTI) [242] Fine-tune the target image’s
generator after finding and freezing W. We find this approach much more accurate in our
case, as only the visible texture parts produce gradients and are optimized. Again, given
imperfect illumination optimization and shape fitting, PTI transfers high-frequency noise,

illumination, and non-skin features on the albedo when tuning the whole generator.

Our experiments show that during fine-tuning, the first layers of BRDF-GAN change the
color of the albedo but absorb illumination, the middle layers change the mesostructure of
the skin, while the last layers change fine details but absorb noise from the target image.
Therefore, we found that it is optimal only to tune the four middle layers, while keeping
the rest frozen. We use the proposed LPIPS L p [243], using a pre-trained VGG network
[248], and photometric Ly, losses. Moreover, we add two regularization losses often used
in inverse rendering [224]: i) a horizontal flip loss Ly, and ii) a chromaticity loss L,
in order to restrict the fine-tuning to add shadows and highlights, the rendering does not

reproduce that, to the albedo:

Lprr = XsLrp + /\9ﬁph + Aloﬁfh'p + A1Ls (6.9)

where A\’s are hyperparams chosen before the fine-tuning.

6.4 Experiments

6.4.1 Implementation Details

Our generator code builds on the public repository of StyleGAN2-ADA [16]. The branches
follow the same architecture and are connected through concatenation. For the differen-
tiable rendering, we use a Blinn-Phong shader on Pytorch3D [50] following [24]. Our fitting
code requires on average 50 seconds on a machine with one NVIDIA 2080 GPU. We run the
fitting for 200 iterations for inversion (Sec. 6.3.4) and 20 iterations for tuning (Sec. 6.3.4).

Detailed loss parameters are included in the supplemental.
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Figure 6.6: Results of our method on challenging examples.

6.4.2 Single-Image Reconstruction
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Figure 6.7: Left: Cosine similarity distributions between real image and rendered re-
construction of LEW [249], using VGG-Face [250]. Right: Cosine similarity distribution
between same and different pairs of reconstructions. Compared with [19, 211, 216, 219].

We evaluate the identity preservation of our single-image reconstruction by comparing our
results in the LFW dataset [249] with previous literature [19, 211, 216, 219]. Using a pre-
trained face recognition network [250], we measure the cosine similarity between real image
and rendering, and plot the results in Fig. 6.7, which clearly illustrates the effectiveness
of our method. We additionally plot the cosine similarity of between reconstruction pairs
of the same identity versus different identity. Moreover, in Fig. 6.8, we show a qualitative
comparison with prior work on single-image reconstruction and in Fig. 6.9, with single-
image reflectance acquisition methods [23, 24, 188, 223|. Finally, in Fig. 6.6 we show our
results on challenging examples. All the above show our method’s ability to preserve the

identity of the subject and produce high-quality shape and reflectance.

Additionally, to show the capabilities of the learned latent space, we perform interpolations
between different fittings, which we visualize in Fig. 6.10, by linearly blending their pa-
rameters. Our model is able to transition smoothly between fittings, even after generator

tuning. In supplemental, we also show PCA-based editing of the latent space.
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Input

FitMe (Ours)

Figure 6.8: Comparison with single-image reconstruction methods [19, 24, 185, 245] Rows
3,5,6 acquired from [185] benchmark. FitMe achieves higher likeness and acquires re-
lightable reconstructions.

6.4.3 Multi-Image Reconstruction

So far, we have been assuming a single target image, however, our method can be used as
is for multi-view reconstruction. To do so, we optimize along a batch of N images Iy,,? =
0,1,...,N. For each batch, we separately optimize the camera pe,, and illumination p;,
parameters, while optimizing a single latent vector W, and shape vector ps. The expression
vector pe can be varied if needed. Moreover, we only use one instance of the generator G.

During optimization, we average the loss across the batch.

We find that a frontal and two side images produce high quality reconstructions that
resemble facial capture. Fig. 6.5 shows a comparison of our 3-image reconstruction, and
our l-image reconstruction, with a Light Stage, captured Digital Emily [244], and prior
work [24, 223, 224]. As can be seen, our method can successfully be used for fast shape and
reflectance acquisition from multi-view sets. Finally, Fig. 6.1 and multiple supplemental

figures show examples of our reconstruction using unconstrained mobile phone images.
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'y

Input Ours AvatarMe[24] AlbedoMM]|223] Dib et al. [224]

Figure 6.9: Comparison with single-image reflectance acquisition. Top row shows re-
rendering and bottom shows rasterized diffuse and specular albedo. From left to right:
i) input image, ii) FitMe (ours) using face model, iii) AvatarMe [23], iv) AlbedoMM [223],
and v) Dib et al. [224]. Our powerful model GAN accurately reconstructs reflectance in
much higher detail than any other method.

a) Input A c)08A+02B d)06A+04B e)05A+05B f04A+06B ¢ 02A+08B h)B i) Input B

Figure 6.10: Interpolation of the latent parameters between fittings. For each row, we
interpolate the latent space W, and the shape parameters ps, pe, between the left-most (A)
fitting and the rightmost fitting (B), as a linear combination. The smoothly interpolated
results show that BRDF-GAN learns a meaningful latent space.

6.4.4 Dataset Augmentation

Our dataset augmentation achieves comparable performance to physics-based skin mod-
els [28, 238], without requiring the calculation of such complex interactions. Moreover,
compared to the more practical method [239], we avoid inverse-rendering-based noise and
achieve similar results in 2.5 seconds per 1024 x 1024 albedo map, compared to the 46.1

seconds of [239]. We provide a comparison in the supplemental materials.

We perform a comparison of our proposed histogram matching albedo augmentation against
a LightStage captured melanin-hemoglobin manipulation method [28] and a melanin-
hemoglobin manipulation based on inverse rendering [239]. Our method achieves compa-
rable performance to physics-based skin models 28, 238|, without requiring the calculation

of such complex interactions, as shown in Fig. 6.11.
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Source m:05h:10 m:20,h:1.0 m:4.0,h:2.0

Figure 6.11: Skin tone augmentation comparisons, with adjusted melanin m and
hemoglobin h, between (top) LightStage-measured look-up table melanin-hemoglobin of
Gitlina et al. [28], (middle) our proposed masked histogram matching and (bottom) inverse-
rendering-based manipulation of Alotaibi and Smith [223].

Gitlina

Ours

Alotaibi

6.5 Model Manipulation

When trained with enough data, the latent space W of a style-based generator, can be
analyzed with PCA [251]. We expect the first principal components to expose interpretable
controls over features of the reconstruction. In Fig. 6.12 we show how the first three
components correspond roughly to the skin tone (given our augmentation), gender and age
variations. These show that our model learns a meaningful latent space and enable us to

perform semantic manipulations directly on the reflectance UV maps.

a) Input b) Our Fitting ¢) Skin Tone d) Facial Hair e) Facial Details
{Component 1) {Component 2) {Component 3)

Figure 6.12: Manipulation of a BRDF-GAN projection. By performing PCA on the latent
space of BRDF-GAN, we can manipulate the most critical components, which roughly
correspond to c¢) skin tone, d) gender, and e) details (wrinkles, freckles). The arrows
indicate the direction of the manipulation of the PCA component.

To better show the meaningful latent representation of facial reflectance that our model

learns, we perform interpolations between fittings, which we visualize in Fig. 6.10. Specif-
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a) Input

Figure 6.13: Ablation study on the losses of the GAN inversion optimization. For each
example, we remove the shown loss from the optimization, and show the rendered result Iz
(top), the diffuse albedo Ap (bottom-left) and the shape S (bottom-right). It is apparent
how all the proposed losses are required, in order to obtain facial shape and reflectance
with high identity and visual similarity while also maintaining an albedo without scene
illumination.

a) Input

Figure 6.14: Ablation study on the losses of the GAN tuning optimization. For each
example, we remove the shown loss from the optimization, and show the rendered result Ir
(top), the diffuse albedo Ap (bottom-left) and the shape S (bottom-right). Despite most
cases showing a highly optimized rendered result, without the proposed losses combination,
the albedo absorbs residual scene illumination, not captured by our rendering, in cases c),
e), f), Also, since we do not optimize the shape S during tuning, the shape remains the
same in these examples.

ically, we concurrently fit our model and perform generator tuning to two images (A and
B), and generate reconstructions by linearly blending their latent parameters, namely the
W space of the generator and the shape ps and expressions parameters s.. Our model
is able to generate realistic-looking latent blends of the fitted examples, and transition

smoothly between them, even when finetuned.

6.6 Ablation Study

We perform three ablation studies to validate our architectural and optimization choices.

The first ablation, shown in Fig. 6.13, shows the effect of the losses used in the GAN
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a) Input

c)

Figure 6.15: Ablation study on method choices. For each example, make the shown
change during the optimization, and show the rendered result Ip (top), the diffuse albedo
Ap (bottom-left) and the shape S (bottom-right). c), e), and f) show the importance
of W fitting, our photorealistic facial shading, and the GAN tuning. d) shows that W+
optimization, as performed by [185], achieves great likeness in the albedo but does not
maintain the semantics of the facial reflectance.

inversion part of our method. For each example, we remove one of the following losses: the
identity loss Lrp, the perceptual loss L., the photometric loss £, and the W regulariza-
tion loss Lw. Removing the landmark loss L4, or the shape and expression regularization

losses L, L, fails the optimization, as the shape fitting is misplaced.

Moreover, in Fig. 6.14, we perform a similar ablation for the losses used during the GAN
tuning part of our method. The removal of the photometric £, and LPIPS Lpp losses,
shows their importance in achieving higher likeness to the input image, The removal of the
flip L3, and chromaticity £, losses shows their need to maintain an albedo without scene

illumination, when compared to vanilla pivotal tuning [242].

Finally, in Fig. 6.15, we show an ablation study on choices regarding the optimization
method. In Fig. 6.15 ¢), we show the optimized result, without our GAN tuning, Fig. 6.15
d) shows an extended latent space W+ optimization, rather than W, which means that
each slice of W is separately optimized for each layer of the generator network and is sug-
gested by [185]. Such an approach also achieves great likeness in the optimized rendering,
but disturbs the statistics of the generator, so that scene illumination is absorbed by the
albedo, and the network cannot be accurately manipulated (Fig. 6.12). Similar observa-
tions are also reported by [242]|. In Fig. 6.15 e) we show the full optimization (inversion
and tuning), while using the Pytorch3D [50] implementation of Phong shader, which also
only supports the diffuse albedo Ap, no spatial variation in specular roughness and no
subsurface scattering optimization. Fig. 6.15 ) shows the optimization of the latent vari-

able z, which is passed through a mapping network before being given to the generator.
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3 Mobile Phone Shape and Acquired Facial Photorealistic
Pictures Reflectance Fitting Reflectance Rendering

Figure 6.16: Additional multi-view capture results using our method. From left to right:
a) three input images, b) rendered fitting using our method, ¢) diffuse albedo Ap, spec-
ular albedo Ag and normals Ng, d) rendered shape S and e) rendered results in various
environments.

Such a fitting is more constrained and cannot reach a satisfying identity similarity.

6.7 Additional Results

We present additional results of multi-view capturing in Figs. 6.16,6.17,6.18. In each case
we ask the subject to take three unconstrained mobile phone images, from the front and
the side. We show that these are enough to create an accurate photorealistic avatar of the
subject, using our method. In total, capturing takes less than 10 seconds, and processing

less than a minute.

Additional to the quantitative comparison on identity similarity presented in the main
manuscript, we also perform and present here a quantitative comparison of shape recon-
struction. Following the benchmark proposed by GANFit [19]|, we reconstruct the 53
subjects from the MICC Florence 3D Faces dataset (MICC) |252| with our facial shape
and measure their distance (in nm) from the dataset shapes, using the open-source bench-
mark code of GANFit [19]. MICC includes three subcategories, “cooperative”, “indoor”
and “outdoor”; on which we report findings separately. Instead of 5 images [19], we only
use three random images from each video for the reconstruction. We then perform dense

alignment and measure the point-to-plane distance and present our findings in Tab. 6.1.
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3 Mobile Phone Shape and Acquired Facial Photorealistic
Pictures Reflectance Fitting Reflectance Rendering

Figure 6.17: Additional multi-view capture results using our method. From left to right: a)
three input images, b) rendered fitting using our method, c) diffuse albedo A p, specular

albedo Ag and normals Ng, d) rendered shape S and e) rendered results on various
environments.

3 Mobile Phone Shape and Acquired Facial Photorealistic
Pictures Reflectance Fitting Reflectance Rendering

Figure 6.18: Additional multi-view capture results using our method. From left to right:
a) three input images, b) rendered fitting using our method, ¢) diffuse albedo Ap, spec-

ular albedo Ag and normals Ng, d) rendered shape S and e) rendered results in various
environments.
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Cooperative Indoor Outdoor
Method Mean + Std. | Mean 4+ Std. | Mean + Std.
Tran et al. [211] 1.93+0.27 2.02+0.25 1.86 + 0.24
Booth et al. [154] 1.82+0.29 1.85+0.22 1.63 +0.16
Genova et al. [219] 1.50+0.14 1.50 +0.11 1.48 +0.11
GANFit [19] 0.95+0.10 0.94 £ 0.10 0.94 +0.10
GANFit++ [216] 0.94 +£0.17 0.92+0.14 0.944+0.19
Fast-GANFit [216] 1.11+£0.25 0.98 £0.15 1.16 + 0.18
Ours 0.95+0.18 0.97 +£0.20 0.98 £0.21

Table 6.1: Quantitative benchmark comparison of shape reconstruction, on the MICC Flo-
rence 3D Faces dataset, using point-to-plane distance, as used in the open-source bench-
mark of [216]. we compare our results with the reported results of Tran et al. [211], Booth
et al. [154], Genova et al. [219], GANFit [19], GANFit++ [216] and Fast-GANFit [216].

Our method performs similarly in shape reconstruction to GANFit [19] and GANFit++
[216], and significantly better when compared to previous methods [154, 210, 245] and Fast-
GANFit [216]. GANFit reconstructions are slightly closer to the ground truth shapes. This
can be explained by the fact that we optimize both the shape mesh and the texture normals,
and thus a part of the shape information is explained in the normals domain rather than in
the actual shape space. Furthermore, for a fair comparison, we only compared the meshes,
potentially missing details. Finally, as shown in the main manuscript, our method scores

first in identity similarity while acquiring relightable reflectance textures.

6.8 Implementation Details

As briefly described in the main manuscript, FitMe implementation builds on the public
repository of StyleGAN2-ADA [16], in Pytorch, both for the generator and the discrimi-
nator. However, we have made the following changes. a) The generator G is branched on
the last convolutional blocks, which is achieved by feeding the output of the last single-
branch layer, to 3 different copies of the last branched module. The generator follows the
skip-connections architecture of [16]. b) The discriminator is also branched and follows the
resnet architecture of [16]. The output of each branch is concatenated and fed to the last

convolutional block and the fully connected layers.

For the differentiable photorealistic rendering, we create a shader based on the Blinn-Phong
model [58], following AvatarMe++-[24]. The model is implemented by extending the shader

and shading classes in Pytorch3D [50].
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Our optimization is based on a number of hyperparameters \;, each corresponding to a
loss described in the paper. We find these empirically and present them below. For the
inversion, we use a learning rate of l;,, = 1 x 1072 and for the tuning we use a learning
rate of l,; = 8 X 10~%. In Table 6.2 and Table 6.3 we present the values which we find
most optimal, when optimizing for crop and rendering at 512 x 512 pixels, 250 iterations

for inversion and 30 iterations for tuning.

hyper-param | \; A9 A3 A A5 A6 A7
corresponding loss | L4, | Lyn | Lip | Lper | L Ls Le
value | 100 [ 0.5 | 1.0 |25.0 [5x1072 [5x107* | 5x 1074

Table 6.2: Hyper-parameter values and their corresponding loss terms, used for the GAN-
inversion part of the proposed method.

hyper-param | Ag A9 A0 A1
corresponding loss | Lrp | Lyn | Liiip | Lk
value | 2.0 0.5 0.8 0.35

Table 6.3: Hyper-parameter values and their corresponding loss terms, used for the GAN-
tuning part of the proposed method.

6.9 Limitations

Our method is limited in certain aspects pertaining the data and the fitting process. The
data limitations include a) the imbalance of features in the training data, which we at-
tempt to overcome by the proposed augmentation and generator tuning. Moreover, the
reflectance data are captured with the assumption of skin-like materials and therefore the
eyes exhibit noisy reflections. Finally, there exists ambiguity between skin-tone and illu-
mination intensity during fitting, which could be alleviated by combining our method with

the findings of TRUST [225] in future work.

6.10 Conclusion

In this paper we introduced FitMe, a method that is able to produce highly accurate,
renderable human avatars based on a single or multiple “in-the-wild” images. To achieve
this, we introduced a deep facial reflectance model that consists of a multi-branched style-

based GAN and a PCA-based shape model, as well as an easy skin-tone augmentation
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method. Moreover, we presented a novel iterative optimization procedure that is based on
a differential rendering process. As we showed in a series of experiments, our method helps
to bridge the uncanny valley and creates pleasing results, directly renderable in common

renderers.
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In this Thesis, we presented several improvements in facial scanning, in the direction of
simplifying the process and enabling a more significant number of subjects, and introduced
a scanned dataset of high-resolution facial reflectance. Using these data, we introduced a
novel method for acquiring facial reflectance from “in-the-wild” images, and created a deep
3DMM with high-resolution facial reflectance textures, both of which enable the fast and

accurate acquisition of relightable facial avatars.

In Chapters 3 and 4, we introduced improvements in facial reflectance capture with scan-
ning devices. Specifically, we improved the automation and efficiency of the Imperial
College Light Stage, and made its diffuse-specular separation algorithm multi-view, while
capturing a large dataset of facial reflectance. Then, we introduced two novel facial scan-
ners composed of commodity devices, that are portable and significantly cheaper than the
Light Stage. Despite this, we show that they are capable of capturing high-quality diffuse

and specular facial reflectance, democratizing facial capture for wider audiences.

In Chapters 5 and 6, we introduced three novel methods of facial reflectance and shape ac-
quisition from unconstrained facial images. AvatarMe and AvatarMe ™™ transform captured
and inferred facial textures into high-resolution relightable diffuse and specular reflectance
textures, that can be rendered as-is in standard rendering engines. On the other hand,

FitMe is a deep 3DMM capable of producing high-resolution facial reflectance, which can

142
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also be fit on one or more facial images, taken without constraints. All these methods pave
the way for fully flexible facial digitization, so that people can capture themselves with
personal devices, i.e. mobile phones, and insert themselves in digital environments, such

as games, telepresence, and virtual or augmented reality.

7.1 Future Work

In this Thesis, we present several improvements around two ways of acquiring facial avatar
assets, that can be photorealistically rendered in standard rendering engines. On the one
hand, we explore and further simplify the requirements for the previously cumbersome
facial reflectance and geometry scanning, and on the other hand, we develop deep-learning
models and fitting methods, for inferring such assets from arbitrary facial images. Despite
the novelties we introduce, various aspects of these methods could be further improved,
which we describe below, as well as new optimization and machine learning methods that

could be utilized in this direction.

Despite the improvements introduced in this Thesis, in capturing facial shape and re-
flectance, one still must purchase and combine several devices to construct the proposed
facial scanner. It is perhaps possible and desirable to further simplify the capturing process
to require a single mobile device and no additional hardware. The complexity of human
skin and the presence of arbitrary illumination and shadows, in non-controlled environ-
ments and setups, make this attempt challenging, however, it is an exciting and helpful

direction.

Moreover, the work in this Thesis focuses on facial and head skin acquisition. However,
several other body parts are required for an accurate digital human representation. Firstly,
several head parts need particular attention due to their different nature, especially the
eyes and the hair. Even though several works exist for both, there still needs to be a unified
approach. In the same manner, although there has been tremendous research in full body
capture, such works place less importance on the realisticity of the acquired head. Again,

a unified approach would be of great interest for future work.

Moreover, in this work, we consider computer graphics and machine learning methods



144 Chapter 7. Conclusion

to solve the human digitization problem. The components selected for our methods pro-
duce explicit representations of facial shape and reflectance, that are directly usable in
standard rendering engines and applications. Recently, Neural Radiance Fields (NeRFs)
[253], initially designed for photorealistic novel-view synthesis from a set of static views
of a scene, have paved the way for a new graphics pipeline. Specifically, NeRFs optimize
several MLPs that implicitly define a scene and can be queried to provide samples for
the volumetric rendering of that scene. In addition, follow-up works have shown NeRFs
capable of capturing and rendering humans in static scenes, e.g. [254]. Without having to
capture different material properties explicitly, such methods show potential in capturing
and rendering skin and non-skin areas simultaneously , as well as accessories, with accurate
diffuse and view-dependent specular rendering. Some works have even modeled the diffuse
and specular components of facial assets captured with methods, such as those presented in
this thesis [35, 228, 255, 256|. Even more, various follow-up works have explored dynamic
NeRFs [254, 257, 258], where additional MLPs learn to transform a conditional canonical

space to the implicit space of a NeRF.

Despite the success of such methods in producing impressive renderings, there remain cer-
tain drawbacks. Firstly, one can acquire an explicit shape representation of a NeRF space,
for example, by using marching cubes [253], or optimizing details on an existing geometry
[33, 259|. However, at the writing of this Thesis, it remains a challenge to extract shape
or reflectance at the details and quality of current explicit methods. Secondly, standard
NeRF rendering requires significant rendering times, although recent works manage to
reduce these requirements [65, 260, 261]. Thirdly, relighting optimized scenes remains a
significant research challenge, especially for complex materials such as human skin or hair,
and comes as a trade-off to rendering speed. Finally, the available rendering engines or
applications are yet to support rendering implicit models broadly, reducing their usabil-
ity. Despite the above, Neural Radiance Fields provide a fascinating research topic, and a
powerful alternative for certain parts of the existing graphics pipelines, and its possibilities

in avatar reconstruction should certainly be examined.

Last but not least, there have recently been tremendous improvements in image generation,
using Denoising Probabilistic Diffusion Models (Diffusion Models) [262, 263|, which can be

shown to be more capable than GANs in multiple scenarios [264]. Diffusion Models learn
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a degradation function to add noise to an image gradually, and a function that gradually
removes this noise to generate an image from the training distribution. Typically, a UNet
model can learn this transformation [262], while this diffusion process can be performed
at the latent space of a GAN [263]. This architecture enables more stable training while
making it easy to condition the diffusion process on embeddings of modes such as text
[263], while also enabling the diffusion to be guided by the gradients of another network,
e.g. a classifier [264]. While the denoising process is significantly slower (1-2 minutes) than
a forward pass in a large GAN model (less than one second), follow-up works in implicit
Diffusion Models [265] speed up this process (10-20 seconds). In this work, we mainly
base our proposed inference methods on the well-studied PCA for shape modeling, and the
robust Generative Adversarial Networks for texture modeling. Given the possibilities of
Diffusion Models and the fast-paced research of the community on the topic, it is an indeed
promising future research direction is to investigate improved facial acquisition methods,
based on Diffusion Models for facial texture acquisition as well as editing based on text
and other attributes. An early attempt at such a method is Relightify [36], which uses
3DMM fitting and multi-modal diffusion models, for facial reflectance acquisition from a
single image, trained on data such as those captured in Chapter 3 and Chapter 4 and based

on ideas from AvatarMe* " and FitMe from Chapter 5 and Chapter 6.
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