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ABSTRACT

The importance of geometric deep learning applications to 3D content creation has in-
creased rapidly, driven by significant investments in the next generation Virtual Reality
platforms and Visual Effects intensive productions. Generation of high fidelity digital
humans became a focal point and one of the fundamental challenges in these applications.
The availability of high-quality facial scans and recent advances in deep learning methods
applied to mesh processing have led to the development of data driven models. These
approaches are at the forefront of content creation technologies, offering artists and users
the ability to rapidly generate and edit character assets. Despite major improvements in
recent years, the geometric and perceptual quality of 3D facial meshes generated with
these techniques do not meet high standards of VFX and AAA video games industry.

This research explores geometric deep learning approaches to generation and editing
of registered 3D facial meshes and personalised blendshapes. Significant impact of facial
shape representations on the quality of reconstructed meshes is demonstrated. Novel
methods are proposed to improve the geometric and perceptual accuracy of generated
facial meshes and personalised blendshapes. Additionally, user parameters are exposed to
independently edit low and high frequency facial deformations.

The concept of Deep Spectral Meshes is introduced, which is based on spectral decom-
position of meshes in 3D shape representation learning. Using the proposed framework, a
parametric model for 3D facial mesh synthesis is built to demonstrate improvements in
facial mesh reconstruction in terms of geometric and perceptual error metrics. Additionally,
a method is proposed to leverage mutually exclusive objectives of independent control of
deformations at different frequencies, and generation of plausible, synthetic examples.

A platform is built to compare various deep 3D Morphable Models coupled with
different 3D mesh representations and to evaluate them with several distance and perceptual
metrics. Using the platform, improvements upon existing state-of-the-art reconstruction
results are demonstrated and strengths and weaknesses of 3D mesh representations and
preprocessing techniques are further exposed. Subsequently, personalised blendshapes
generation with spectral mesh processing method is introduced to improve geometric
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and perceptual accuracy of synthesised expressions. The proposed method improves
personalisation over the deformation transfer, which remains a standard industrial practise.

The projects presented in this thesis address professional requirements of industrial
partner, Humain Ltd.
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CHAPTER1

INTRODUCTION

1.1 Motivation

Generating high-�delity digital characters has become more signi�cant now than ever

before. With substantial investments pouring into new visual effects-intensive content by

technology companies, the demand for lifelike digital humans is escalating. For example,

conglomerates likeMeta Platforms, Inc.are reported to have invested at least USD

36 billion in developing content and tools to populate the next-generation social media

platforms based on Virtual Reality.

Meanwhile, video game developers express concerns over lack of highly skilled human

resources required to generate high-�delity game characters. Modelling and animation

of high-quality, digital faces remains a tedious process, which requires multidisciplinary

expertise and expensive, complex setups. As an example, it takes approximately 180

person-hours for an experienced 3D modeller to create 89 blendshapes used for a digital

double. High-end rigs often require hundreds of shapes, scaling up to even 900 person-

hours of digital sculpting, assuming that no automated process is involved. Current industry

methods use deformation transfer techniques to aid the blendshapes generation process.

Nonetheless, the resulting shapes require extensive and time-consuming manual clean-up

by skilled artists. Moreover, expressions produced with deformation transfer techniques

are not personalised to the target identity model.

Therefore, visual effects (VFX), games and animation studios look for solutions which

would cut costs and time of facial shapes creation, while maintaining standards appropriate

for industrial applications. At the same time, the rapidly developing virtual reality industry

demands fully automated and �exible methods to generate likeness and dynamics of a

human face. Digital faces are used beyond entertainment domain, with applications in

medical visualisation and training, forensic facial reconstruction, as well as virtual avatars

for chatbots and telepresence.
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The availability of high-quality facial scans and recent advances in deep learning

methods applied to mesh processing have led to the development of data-driven para-

metric models. These approaches are at the forefront of content creation technologies,

allowing artists and users to rapidly generate high-�delity character assets for these ap-

plications. However, geometric and perceptual quality of generated assets often does not

meet standards appropriate for industrial applications.

1.2 Industrial Context

The industrial partner of this research is Humain Ltd., the supplier of 3D digital character

services to world leading entertainment and technology companies within the video games

industry. Founded in 2017 and headquartered in Belfast, the company collaborated on some

of the biggest video game titles, including several owned by Xbox Game Studios: ZeniMax

Media Inc., Obsidian Entertainment, Inc. (The Outer Worlds), The Initiative (Perfect Dark

series), and 343 Industries (Halo series). Humain's credits include Call of Duty: Black

Ops Cold War (Activision Publishing, Inc.), Saints Row series (Deep Silver), the critically

acclaimed Diablo II Resurrected (Blizzard Entertainment), Warhammer 40,000: Space

Marine 2 (Saber, Focus Entertainment), Microsoft Flight Simulator 2024 (Asobo, Xbox

Game Studios) and Avowed (Obsidian Entertainment, Xbox Game Studios). Humain

has also completed projects for Google Stadia and Google Alphabet and has moved into

creating digital twins of music celebrities including David Guetta, Squeezie, Martin Garrix

and Ne-Yo for metaverse music company, Stage11.

Currently, Humain's expertise is primarily focused on digital faces for AAA video

games. Humain Ltd. does not develop its own video games. Typically, the company

produces a facial rig from a 3D model of a human face provided by a game developer.

Over the years, Humain Ltd. has developed EKER™ - the facial rigging system based on

Facial Action Coding System [35] using scans of Dr Erika Rosenberg as a deformation

source (see Figure 1.1). EKER™ takes a neutral face mesh as an input and automatically

Figure 1.1 High-resolution scan of Dr Erika Rosenberg performing the combination of
AU6, AU12, AU15 and AU17. Image courtesy of Humain Ltd.
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generates a facial rig. Due to automation, it reduces human intervention in the rigging

process. Nonetheless, the resulting shapes are not personalised and require additional

manual cleanup by the artists.

Additionally, Humain would like to be able to generate facial shapes of new identities

to populate virtual worlds. The resulting faces should be editable at coarse and �ne level

of detail with a small set of parameters. The parametric model could be used in a 3D face

reconstruction task. The research and development of a monocular 3D face reconstruction

system is an ongoing process at Humain, and work presented in this thesis has been carried

out in parallel, as complementary part of this process.

Humain's goals include:

1. Generation of facial shapes of high perceptual and geometric accuracy.

2. Generation of personalised blendshapes given a neutral face mesh.

3. Editing of facial shapes at coarse and �ne level of detail.

1.3 Academic Context

In response to needs of the industrial partner Humain Ltd., as well as wider computer

animation, VFX and games industry, the following research question has been posed:

How to generate and edit geometrically and perceptually accurate

digital faces and personalised blendshapes?

Here,generationof faces means an automated process of synthesising triangle meshes of

head and neck.

Editing refers to modifying facial shapes using a limited number of controllers. In this

work, the focus is on the ability to separately edit low- and high-frequency facial shape

displacements.

Geometric accuracyis measured with point-wise distance metrics, such asL1 and

L2 norms. These metrics are sensitive to coarse, low-frequency discrepancies between

meshes.

Perceptual accuracyis measured with perceptual metrics, such as Fast Mesh Percep-

tual Distance (FMPD) [132] or the Dihedral Angle Mesh Error (DAME) [127]. These

metrics are sensitive to �ne, high-frequency discrepancies between meshes.
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Digital faces are either virtual doubles of existing humans, or non-existing heads.

Following the requirements of the industrial partner Huamin Ltd., as well as high-end

AAA games production standards, the focus is on facial meshes with 10-20K vertices.

Personalised blendshapesare a set of facial expressions of a given identity. Observable

changes in facial shape result from contraction and relaxation of underlying muscles,

thickness of fascia, skin elasticity and shape of facial features, jaw and skull. In contrast,

generic blendshapes do not account for these personal features.

In this thesis, it is hypothesised that challenges posed in the research question can be

addressed with geometric deep learning of suitable facial shape representations.

Three-dimensional meshes are non-Euclidean data, unlike Euclidean data such as

voxels, which have an underlying grid structure and can be treated by extending already-

existing 2D deep learning paradigms. The lack of grid structure poses a challenge when

attempting to apply classical deep learning techniques to non-Euclidean data. To address

this problem, geometric deep learning [15] has been developed explicitly for non-Euclidean

data. Geometric deep learning is used in this work to learn the parametric space of facial

meshes. Learned parameters can be used in facial shape generation and editing.

Parametric models, such as 3D morphable models [34], are commonly used to syn-

thesise new meshes by altering the coef�cients in a parametric space. They are widely

applied due to their ability to model intrinsic properties of 3D faces. Parametric models

have been used in graph neural networks to represent facial shapes. Parametric models

with graph neural networks, called deep 3D morphable models, are also used in this work

for 3D facial mesh synthesis.

It is hypothesised that using different input and output representations to deep 3D

morphable models can improve upon existing mesh reconstruction methods in terms of

either perceptual or geometric accuracy. It can be expected that using input and output

representations, which explicitly encode the surface properties, improves the perceptual

quality of the resulting meshes. On the other hand, using input and output representations,

which explicitly encode the vertex positions in 3D space, might improve the geometric ac-

curacy of generated meshes. To prove these hypotheses, a selection of deep 3D morphable

models combined with different mesh representations is compared in this thesis.

Lower-frequency displacements encode most of the mesh volume, while higher-

frequency displacements describe �ne surface details. This observation can be used

to improve the geometric and perceptual quality of generated meshes. Spectral mesh

processing [115] derives eigenvalues, eigenvectors, or eigenspace projections from the

mesh operators and uses them to carry out desired tasks. It provides a powerful means to

achieve different approximations of a 3D mesh with different frequencies.

It is hypothesised that by integrating the shape representation which explicitly encodes

the surface properties, and by integrating spectral mesh processing for decomposition of
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mesh displacements, geometric deep learning, and parametric models with graph neural

networks, a new 3D facial mesh synthesis model can be developed, such that it would

expose user parameters to control disentangled low- and high-frequency displacements,

generate plausible facial shapes, and allow the user to control displacements independently

at low- and high-frequency levels.

1.4 Objectives

Based on the aims covered in Section 1.3, the following objectives are devised:

1. Evaluate in�uence of different mesh representations input to graph autoencoders in

terms of geometric accuracy and perceptual quality. Compare the impact of normal-

isation and standardisation of inputs to graph autoencoders in terms of geometric

accuracy and perceptual quality. Design and implement software which allows to

evaluate different inputs to various graph autoencoders.

2. Based on conclusions from Objective 1, propose and evaluate a method which utilises

strengths and weaknesses of different mesh representations in graph autonecoders to

improve overall perceptual and geometric accuracy of generated meshes. Demon-

strate reconstruction, interpolation and editing applications of the method.

3. Using conclusions from Objective 1 and techniques developed in Objective 2, pro-

pose and evaluate a method which improves perceptual and geometric accuracy of

personalised blendshapes synthesised from a neutral face input.

4. Identify potential applications and future research directions.

1.5 Contributions

Research presented in this thesis resulted in the following main contributions:

• A novel parametric deep face model which enables independent control of high- and

low-frequency displacements.

• Enhanced geometric and perceptual quality of generated meshes, achieved through

the use of different representations of displacements at high and low frequencies.

• Identi�cation of strengths and weaknesses of different inputs to various graph

autoencoders in terms of geometric accuracy and perceptual quality. The design

and implementation of software which allows to evaluate different inputs to various

graph autoencoders.
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• The improved quality of generated meshes by selecting best performing combinations

of an input representation and the graph autoencoder based on either perceptual or

geometric quality objective.

• Introduction of spectral decomposition of meshes in 3D shape representation learning

and demonstration of importance of mass matrix normalisation in this method.

• An improvement of geometric accuracy and perceptual quality of personalised

blendshapes synthesis by using graph autoencoders coupled with spectral mesh

processing.

1.6 Thesis Outline

The remaining chapters of this thesis are organised as follows:

Chapter 2 covers background and related work in the areas of facial shape representa-

tions, generative deep learning, deep learning on non-Euclidean domains, parametric face

models and monocular 3D face reconstruction.

Chapter 3 addresses Objective 1. It investigates the hypothesis that leveraging different

input and output shape representations within deep 3D morphable models can enhance

mesh reconstruction methods in terms of perceptual and geometric accuracy. An evaluation

platform, the Deep3DMM Comparison Platform, is introduced to assess various deep 3D

morphable models across different shape representations. This chapter explores con�gura-

tions of �ve deep 3D morphable models with four input and output representations trained

on multiple datasets and evaluates them using geometric and perceptual metrics. The

conclusions from this chapter provide insight into in�uence of different shape representa-

tions and preprocessing techniques on perceptual and geometric �delity of reconstructed

meshes.

Chapter 4 addresses Objective 2. It introduces Deep Spectral Meshes method and

tests the hypothesis that by integrating the shape representation which explicitly encodes

the surface properties, and by integrating spectral mesh processing for decomposition of

mesh displacements, geometric deep learning, and parametric models with graph neural

networks, a new 3D facial mesh synthesis model can be developed, such that it exposes

user parameters to control disentangled low- and high-frequency displacements, generate

perceptually and geometrically accurate facial shapes, and allows the user to control

displacements independently at low- and high-frequency levels.

Chapter 5 addresses Objective 3. It examines the hypothesis that graph autoencoders

can enhance the mapping between neutral face meshes and personalised expressions, out-

performing existing Deformation Transfer method in terms of geometric and perceptual
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accuracy. Additionally, personalised blendshapes generation with spectral mesh process-

ing method is introduced to improve geometric and perceptual accuracy of synthesised

expressions.

Chapter 6 provides a summary and conclusions. Lastly, it addresses Objective 4

through identi�cation of potential applications and future work directions.

Finally, Appendix A covers software design and implementation details of the compar-

ison platform from Chapter 3.
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CHAPTER2

BACKGROUND AND RELATED WORK

In this chapter, Section 2.1 reviews important concepts and the literature on various repre-

sentations of facial shapes, the deep learning methods which devise these representations

in Euclidean domain are reviewed in Section 2.2 and non-Euclidean domain in Section

2.3. Parametric face models are covered in Section 2.4, and methods of mapping between

facial representations, including the reconstruction of 3D face shapes from 2D images, are

discussed in Section 2.5.

2.1 Facial Shape Representations

2.1.1 Images and depth

RGB and RGB-D images are the most common representations of facial shapes at a stage

of acquisition. High-end facial performance capture requires expensive, multi-view camera

setups. However, as monocular RGB capture devices are inexpensive and widely available,

monocular methods of acquisition became an important and popular research topic. Images

of faces are primarily used to infer skin texture and other facial shape representations, such

as a point cloud or parameters of a parametric model. Numerous methods further constrain

inference of facial shapes from images with additional information, such as landmarks,

edges and silhouettes. Comprehensive review of facial landmarks detection from 2D

images is provided in survey by Wu and Ji[138]. Browatzki and Wallraven[16] achieve

state of the art results in predicting facial landmark heatmaps from 2D image representation

of faces. Firstly, they capture implicit knowledge of facial shape by unsupervised training

of an adversarial autoencoder. Then, they retask the generation of RGB facial images to

prediction of landmark heatmaps. Applications of the constraints devised from 2D images

are described in Section 2.5. Thanks to structured representation of 2D images, large

number of deep learning models can directly operate on them.
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2.1.2 Points and meshes

Point clouds, here denoted withP, can be extracted from a set of images through Simulta-

neous Localisation and Mapping (SLAM) [37] [36]. Using this approach requires subjects

to maintain a static facial expression. When captured in high resolution, results from

SLAM often act as the ground truth of a 3D facial shape. Nonetheless, points do not

provide direct information about surfaces which they represent and can be ambiguous. To

give an insight into topological properties of the object, a 3D mesh representation is used.

In this thesis,triangular meshes are considered and denoted as setsM = f V ;Eg, where

vi 2 V ; i = 1: : : jV j is a set of vertices (points in 3D space) andE is a set of pairs of ver-

tices, which de�ne mesh connectivity. Positional information about vertices is represented

using matrixP, where rowspi correspond to vertices, and columns correspond to xyz

coordinates. In Section 2.3 on geometric deep learning, wordsmeshandgraphare used

interchangeably, both denoted withM . When meshes are used as a shape representation

in deep learning, some of the negative effects of their variance to rigid transformations can

be reduced with rigid registration of all the training examples.

Blendshapes

3D facial shapes are usually animated in two common representations: skinning, blend-

shapes or their combination. Blendshapes are 3D facial meshes sharing the same connec-

tivity, each with a different elementary expression, often derived from FACS. Animation

with blendshapes is possible through blending these expressions with each other and with

a base mesh. Given neutral identity faceB0 and blendshapesBi, wherei 2 f 1;2:::;ng, a

new expressionp is the linear combination of blendshapes:

P =
n

å
i= 0

a iBi ; (2.1)

wherea i is a weight of a blendshapeBi , where0 < a i < 1, 8i andå i a i = 1. To be able to

apply the same expressions on top of different identities, delta blendshapes are used:

P = B0 +
n

å
i= 0

a i(Bi � B0) : (2.2)

This way, a model of facial shapes is obtained, where each shape can be de�ned in terms

of non-orthogonal vectors. These vectors are useful for artists, as they are semantically

meaningful. Alternative formulations with orthogonal basis are described in Section 2.4.1.

Despite its popularity, mostly attributed to simple formulation, facial animation with

blendshapes has numerous limitations. Linear blending between shapes does not conform

with biomechanical motion of faces. Furthermore, editing of such animations requires
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