3D Face Modelling, Analysis and
Synthesis
Submitted by Mohammad Rami Koujan, to the University of Exeter as a thesis for the degree of
Doctor of Philosophy in Computer Science, April 2021. This thesis is available for Library use on the
understanding that it is copyright material and that no quotation from the thesis may be published
without proper acknowledgement. I certify that all material in this thesis which is not my own work
has been identified and that any material that has previously been submitted and approved for the
award of a degree by this or any other University has been acknowledged

Mohammad Rami Koujan
Supervisor: Dr. Anastasios Roussos
College of Engineering, Mathematics and Physical Sciences
University of Exeter
This dissertation is submitted for the degree of
Doctor of Philosophy
March 2022

I would like to dedicate this thesis to my loving parents and siblings . . .

Declaration

I hereby declare that except where specific reference is made to the work of others, the
contents of this thesis are original and have not been submitted in whole or in part for
consideration for any other degree or qualification in this, or any other university. This thesis
is my own work and contains nothing which is the outcome of work done in collaboration
with others, except as specified in the text and Acknowledgements. This thesis contains
fewer than 35,000 words including appendices, bibliography, footnotes, tables and equations.
Mohammad Rami Koujan
March 2022

Acknowledgements

First and foremost, I would like to express my sincere gratitude to my supervisor Dr. Anastasios (Tassos) Roussos who has always supported me tremendously throughout the course of
my PhD; his suggestions, comments, and advice since the first day of my research journey
have been invaluable and helped me a lot in terms of both personal and professional development. It has been a real honour and a rewarding experience to work under the supervision of
Dr. Anastasios. This thesis would definitely not have been possible without his guidance and
attention.
I would like also to extend special thanks to Prof. Stefanos Zafeiriou from the Imperial
College London who has welcomed me in the IBUG group and given me the opportunity
to work with him. The research discussions, suggestions and feedback I received from
Prof. Stefanos have revolutionised my way of thinking and taught me how to conduct an
impactful research. The time I spent at the IBUG group was a memorable experience that I
learned significantly from. I enjoyed and learned from all the discussions I made with all the
PhD students at the IBUG group, especially Michail Doukas, Michail Tarasiou, Evangelos
Ververas, Baris Gecer, Stylianos Moschoglou, Stylianos Ploumpis, Jiankang Deng and Dr.
Athanasios Papaioannou who were all very supportive during my time there.
I am truly indebted to all my professors and teachers who have passed their knowledge to
me and showed me the path forwards. Their guidance and lessons have always been helpful
in various levels of my life.
Last but not least, I would like to express my utmost gratitude to my dear parents, Ghassan
and Leena, and siblings, Rama, Ammar and Aamer, who have been extremely supportive
since the first day of my learning journey as a schoolkid up until now. There are no sufficiently
expressive words to thank them for being always next to me and making me the person who
I am today. I do feel privileged and deeply grateful for having such an extraordinary family
in my life.

Abstract

Human faces have always been of a special interest to researchers in the computer vision
and graphics areas. There has been an explosion in the number of studies around accurately
modelling, analysing and synthesising realistic faces for various applications. The importance
of human faces emerges from the fact that they are invaluable means of effective communication, recognition, behaviour analysis, conveying emotions, etc. Therefore, addressing
the automatic visual perception of human faces efficiently could open up many influential
applications in various domains, e.g. virtual/augmented reality, computer-aided surgeries,
security and surveillance, entertainment, and many more. However, the vast variability
associated with the geometry and appearance of human faces captured in unconstrained
videos and images renders their automatic analysis and understanding very challenging even
today.
The primary objective of this thesis is to develop novel methodologies of 3D computer
vision for human faces that go beyond the state of the art and achieve unprecedented quality
and robustness. In more detail, this thesis advances the state of the art in 3D facial shape
reconstruction and tracking, fine-grained 3D facial motion estimation, expression recognition
and facial synthesis with the aid of 3D face modelling. We give a special attention to the
case where the input comes from monocular imagery data captured under uncontrolled
settings, a.k.a. in-the-wild data. This kind of data are available in abundance nowadays on
the internet. Analysing these data pushes the boundaries of currently available computer
vision algorithms and opens up many new crucial applications in the industry. We define
the four targeted vision problems (3D facial reconstruction & tracking, fine-grained 3D
facial motion estimation, expression recognition, facial synthesis) in this thesis as the four
3D-based essential systems for the automatic facial behaviour understanding and show how
they rely on each other. Finally, to aid the research conducted in this thesis, we collect and
annotate a large-scale videos dataset of monocular facial performances. All of our proposed
methods demonstarte very promising quantitative and qualitative results when compared to
the state-of-the-art methods.
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Chapter 1
Introduction
When it comes to human interactions, communications and behaviour understanding, faces
are widely recognised as the main carriers of the facilitating non-verbal cues [25, 66]. They
effectively play a major role in getting across a wide variety of expressions and emotional
states, i.e. they represent the visual signals essential for the successful communication
[114, 24, 67, 132]. Through faces, people can identify each other, predict the state of
mind or physical condition, form a first impression, infer emotions, etc. Since the early
attempts in the computer graphics and vision community, human faces attracted considerable
attention owing to their centrality in the daily human interactions and, consequently, many
digital applications. Some of these applications are Augmented/Virtual Reality (AR/VR),
intelligent human-computer interaction, facial performance capture, 3D personalisation,
affect analysis, photo-realistic synthesis, computer-aided facial surgeries, etc. In each of these
applications, there is a need to perform some/all of the three main R’s of vision (recognition,
reconstruction, re-organisation) [197], and automatically analyse and understand the human
facial performance. For example, in robotic plastic and reconstructive facial surgeries, the
vision component is very essential for the accurate recognition, analysis and navigation of the
robotic arm to perform the intended medical operations and interact with the right part [77].
Computer vision tasks like digital facial capture, 3D reconstruction and tracking were among
the first to be targeted, since they were believed to be the cornerstones towards the automatic
facial performance analysis and understanding. However, the vast variability associated with
the geometry and appearance of human faces captured in unconstrained videos and images
renders their automatic analysis and understanding very challenging even today.
The main goal of our research is to develop novel methodologies of 3D computer vision
for human faces that go beyond the state of the art and achieve unprecedented quality and
robustness. In more detail, we advance the state of the art in 3D facial shape reconstruction
and tracking, fine-grained 3D facial motion estimation, expression recognition and facial
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synthesis with the aid of 3D face modelling. This thesis gives special attention to the case
where the input comes from monocular imagery data captured under uncontrolled settings,
a.k.a. in-the-wild data. This kind of data are available in abundance nowadays on the Internet.
There have been some attempts for collecting and making such data publicly available
[252, 140, 57, 183]. Different from our collected Fac3dVid dataset (see chapter 3), these
datasets are either image-based (lacking temporal facial signals) or not large enough for
successfully training/testing automated facial analysis pipelines.
Analysing in-the-wild data pushes the boundaries of currently available computer vision
algorithms and opens up new influential applications in the industry. We define the four
targeted vision problems (3D facial reconstruction & tracking, fine-grained 3D facial motion
estimation, expression recognition, facial synthesis) in this thesis as the four 3D-based
essential systems for the automatic facial behaviour understanding. Each of these facial
vision tasks interacts and benefits from each other so that some/all of them collectively
contribute as basic building blocks in any automatic facial performance analysis system. For
example, in chapter 4, we show that our proposed 3D facial reconstruction and tracking
system highly capitalises on the accurate motion estimation of faces as an early step in our
pipeline. Similarly, in chapters 5, 6 and 7 we demonstrate the importance of the 3D facial
recovery as an intermediate and essential step in our proposed frameworks for the accurate
expression recognition, 3D facial motion estimation, and high-fidelity facial synthesis,
respectively. In the rest of this chapter, we provide a brief introduction for each of these
four tasks that are of paramount importance for the successful automatic visual perception of
human faces.

1.1

3D Face Reconstruction

3D face reconstruction has grown a massive interest in the CV field, resulting in a plethora
of methods. By definition, the task of 3D recovery/reconstruction from images/videos boils
down to inverting the image formation process to obtain a detailed description of the 3D
geometry of the captured object, e.g human faces. This is an under-constrained problem
with many non-plausible solutions. Solving this problem highly contributes to the automatic
detailed facial analysis and, consequently, has many potential applications. Some of these
are 3D personalisation (topic of chapter 4), facial expression recognition (topic of chapter
5), photo-realistic facial videos editing (topic of chapter 7), visual speech recognition, 3D
printing of faces for medical or entertainment purposes, digital faces generation for the
movies industry, 3D face modelling for designing personalised face masks for COVID-19,
and many more.

1.1 3D Face Reconstruction
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Depending on the employed acquisition sensors and reconstruction methods, 3D shape
modeling techniques that exist in the literature are classifiable into active and passive [63].
While active methods rely on an external source of illumination, laser or projected structured
light patterns [23], for enlightening scene object(s), passive techniques utilize intensity
image(s) without mandating usually any interactions with the scene or their own source of
illumination. Common examples of passive modelling techniques include shape from X (X:
motion, stereo, shading, silhouettes, texture, focus, contours) [292, 192, 138, 175, 312, 211,
333], a combination of these cues, and model-based reconstruction techniques using generic
or morphable models [49, 2, 233]. The variability in these techniques comes principally
from the type of the input data, e.g. stereo, monocular, RBG-D, etc., and the acquisition
setup, which are mainly governed by the application itself. While active facial performance
capture devices are more expensive and need complicated settings, they produce higher
quality results in comparison to passive capture techniques. The high expenses associated
with active capturing, as well as the the largely controlled lab-capture conditions, limits
their applicability in various scenarios. This has urged the research community to push the
boundaries of passive techniques and shrink the gap with their active counterparts.
When input data are available as monocular RGB videos, 3D face personalisation, also
know as 4D face reconstruction, aims at recovering and tracking the 3D facial geometry of
the targeted person using only RGB frames. In the last few years, the scientific community
has paid particular attention to this problem, e.g. [282, 142, 184, 32, 276, 286, 162, 278, 102].
When addressed, it is highly beneficial in several applications, ranging from marker-less
performance capture and augmented reality, to facial expression recognition for humancomputer interaction. Due to the highly ill-posed nature of this problem, some priors and
assumptions are normally imposed to ease the problem. According to these priors, methods
approaching the monocular 4D face reconstruction task can be categorised into two wide
groups:
Face-tailored, model-based priors. 3D Morphable Models (3DMM) [27] are an archetype
of this family. They are linear point distribution parametric models representing the 3D facial
shape in a low-dimensional subspace and reducing, consequently, the degrees of freedom.
While being restricted in their detailed reconstructive power, such models are robust to
challenging conditions, such as occlusions, large pose variations and low-resolution input.
Reconstructed faces with these methods often resemble a generic (mean) face rather than
the real input face, especially in cases of in-the-wild videos. This can be attributed to the
large reliance on the 3DMM parameters prior, which favours a generic face, to compensate
for the challenges of the input. Some examples of methods with model-based priors are
[282, 142, 32].
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Generic, model-free priors. These methods postulate generic assumptions on the shape
and dynamics of the captured object. Normally, these assumptions are applicable to any
object and not limited to faces. Unlike model-based approaches, generic methods are data
driven, so neither rely on a model of shape variation nor need any training data, but are
personalised to the input. Temporal consistency and piece-wise smoothness are some of the
typical priors employed generally in this type of methods. However, as they heavily rely
on the input data, input videos should be captured under controlled conditions, avoiding
e.g. severe occlusions or low resolution input. It is also essential that there is a significant
temporal variation on the relative 3D pose between the camera and the captured object, in
order to disambiguate in a fully data-driven way the geometric ambivalence related to the
camera projection. Unfortunately, these methods yield highly inaccurate reconstructions
when this kind of acquisition conditions are not met.
To overcome the limitations of model-based and model-free 3D reconstruction approaches, we combine in this thesis the promises of both for addressing the problem of
4D face reconstruction from monocular videos. The outcome is a novel method that is more
robust and accurate and is capable of dealing with challenging capture conditions. More
details about our designed methodology are presented in chapter 4.

1.2

3D Motion Estimation

Estimating any movements in the captured scene from 2D image data requires observing
the optical flow, i.e. tracking pixels between images taken at different time steps. Optical
flow is a widely known problem in the CV field and seeks to estimate pixel’s displacements
between two images of the same scene. It is a very fundamental problem that has been
studied extensively since the seminal work of Horn and Schunck [139]. The potential
applications of optical flow are literally countless, e.g. 3D facial reconstruction [98, 171, 298],
autonomous driving [151], action and expression recognition [256, 169], human motion and
head pose estimation [12, 338], and video-to-video translation [299, 170]. A considerably
more challenging extension of this problem is to also estimate the flow at different time steps
in the third dimension, which is namely known as scene flow [294]. In other words, scene
flow has to solve the 3D shape reconstruction and dense motion estimation problems. This
is a highly ill-posed task due to the depth ambiguity and the aperture problem, as well as
occlusions and variations of illumination and pose, etc. Most of the methods targeting this
problem rely on stereo or RGB-D images and inject priors related either to the rigidity of the
motion [297] or the smoothness of the reconstructed surfaces and estimated motion fields
[22, 224, 306, 279].

1.3 Expression Recognition
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When tailored to faces, the estimated 3D facial motion can be utilised in a wide variety
of applications, ranging from expression recognition, facial tracking, facial animation, reenactment and so on. However, the vast majority of scene flow solutions in the literature are
generic and lack the fine details when applied as-is to a complex object, like the human face,
that exhibits complex non-rigid deformations. They also mostly need, in addition to the input
RGB images, depth information (RGB-D) or stereo images to solve the problem. Different
to these approaches, we propose in chapter 6 a novel dense 3D flow estimation method that
requires only a pair of monocular RGB images, is tailored to human faces and deals with
challenging in-the-wild image pairs.

1.3

Expression Recognition

Human expression recognition is the process of understanding the emotional state of a person
based on the perceived facial appearance. In fields like neurosciences, medicine, humancomputer interaction, psychology, and many others, emotion recognition is considered as
a vital step to deal with the interpretation and understanding of the human affect. Human
facial expressions are indeed crucial non-verbal signals reflecting the human emotional state
[66]. Along with verbal expressions, they constitute an indispensable source of information
the human brain utilises to automatically understand and effectively regulate interactions
[87]. While humans might take for granted, the reliable automatic interpretation of human
facial expressions through computational models is not a straightforward process. Due
to their voluntary nature, facial expressions might be underestimated when compared to
biomarkers and clinical procedures. However, the extensive research conducted in the
computer vision, neuroscience and psychology fields during the last decades has shown that
facial expressions might be significant non-intrusive indicators of a person’s emotional state
[85, 152, 75, 304, 132].
The joined efforts by scientists to to obtain a deeper understanding of facial actions has
resulted in a classification, in the form of a standard system termed as the Facial Actions
Coding System (FACS) [95], of the human facial expressions and analysis of the individual
facial muscles actions/Action Units (AUs) responsible for each expression. The FACS is
composed of 32 Action Units (AUs) and 14 additional Action Descriptors (ADs) for gaze
direction, head pose, and miscellaneous actions such as jaw thrust, blow and bite. Under
the FACS, each facial expression emerges from the combination of a set of AUs. The
FACS system has also proved effective in detecting deception [94], studying suicidal and
non-suicidal facial signals [130], and differentiating between polite and amused smiles [13].
However, relying on human experts (FACS coders) to annotate image data is a very laborious

6

Introduction

and time consuming task since a single minute of a video recording takes on a average 100
hours for annotation. It is, therefore, imperative to automate the analysis of facial action
units and reduce the human error. The machine analysis of AUs can also help to understand
more compound emotional states, such as stress. Manual procedures normally followed to
detect any stress signs are clinical interviews [309, 78], questionnaires/psychometric scales
[3], biomarkers (e.g. cortisol) [56] and biosignals (e.g. EEG, ECG, EDA, EMG, respiration
signals etc.) [109, 113]. There is still a pressing need for reliable, accurate and automatic
systems for stress analysis. We tackle this problem along with expression recognition in
chapter 5 by putting forward an novel pipeline for the automatic recognition of human facial
expressions from a single RBG image in real time. Our method disentangles the person’s
identity from expression and deals with challenging images, e.g. poor appearance, occlusions,
low resolution, etc.

1.4

Human Head Synthesis

Human head synthesis is the task of generating synthetic images of the human head with
controlled shape , expression, and appearance. The generated synthetic images should
be photo-realistic, i.e look real to the extent that they are hard to distinguish from actual
photographs, to be widely useful. Photo-realistic human head synthesis has widely found
a substantial interest, especially in the video gaming, AR/VR and movie industries. There
is a multitude of applications which can benefit immensely from solving this problem, e.g.
virtual makeup systems [248, 179], virtual characters in video games and movie industries
[147, 10], facial reenactment [281, 282, 161], AI-powered video conferencing [213], etc.
The main challenges of realistic facial synthesis are: 1) the need to accurately capture the
facial geometry and appearance of a given face, and 2) human vision is very sensitive and
can spot easily any artificial/unrealistic effects rendered with faces. By nature, faces exhibit
many fine scale details that are difficult to render accurately. Additionally, facial appearance
captured in real images forms as a result of very complex physical interactions between the
human face and the different surrounding light components incident on the face, as well
as the camera’s view point. The face-light interactions are mainly influenced by the skin
structure (pores, wrinkles, freckles, colour, et al.), skin age, any materials/hair covering the
face, facial muscular interplay, etc. and the encompassing sources of illumination.
Two broad categories are adopted for the head synthesis, namely graphics-based and
neural-based synthesis. Graphics-based techniques [310, 205] approximate the physics
leading to the image formation and, therefore, require an accurate representation of the
targeted scene, e.g. surface geometry, reflectance properties, light sources, illumination
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model, camera model, etc. As can be imagined, methods utilise computer graphics techniques
are not automatic and might need significantly intensive manual works. On the other
hand, neural methods [88, 227, 156] rely mainly on deep generative models [117, 165] that
can statistically approximate the interplay between different models leading to the image
formation. Facial synthesis might also take the form of image-based rendering [68, 128, 119],
where the aim is to generate a new facial image based on a set of other static facial images,
taken from dissimilar view points, by warping and blending them together. This is most
commonly used for novel-view synthesis applications. In comparison, the graphics-based
approaches offer more control over the synthesised scene than deep generative models which
use conditional input to control the output and are limited by the size and quality of training
data. Depending on the type of conditional input, deep generative models might form an
implicit notion of some of the scene properties [88] while inferring others more explicitly
from the conditioning input that, in this case, encodes information related to specific scene
aspects (3D face geometry, camera’s view angle, etc.) [161, 300, 275].
Generative Adversarial Networks (GANs) [117] are the most popular deep generative
approach nowadays for doing image synthesis. GANs have proved practically to be very
successful in capturing the statistics of the training images and, consequently, generating
very high-quality synthetic images indistinguishable from the real ones [156–158]. However,
in their plain form, GANs do not offer any control over the output rendered images and
map a random input noise vector sampled from the latent space to a random photo-realistic
image. This largely limits their deployability in many applications where it is desired to
provide the user/artist with some level of control over a specific synthesised output image,
e.g. facial reenactment, or make the synthesis more interactive, e.g. AI-based facial sketches
completion by artists. The research community has been pushing the boundaries of GANs
with the advent of conditional GANs (cGANs) [208, 149] by involving more control over
the synthesis process with the addition of conditional input signals. cGANs aim at capturing
the ground-truth distribution conditioned on the distribution of the conditional input signal.
There is a large variety of approaches employing various conditional input signals for the
facial synthesis.
We present in chapter 7 a novel GAN-based full-head video synthesis approach. Different
from other cGANs-based methods, our approach relies on a sequence of conditioning and
previously synthesised images at the input, as opposed to frame-based, resulting in a more
temporally-consistent and visually-convincing synthesis. We also design a novel conditioning
signal aiding the photo-realistic synthesis and full-head reenactment of our pipeline. Our
conditioning signal is inspired by the 3D geometry of the synthesised face and provides more
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control over the output head’s shape, expression and 3D pose. More details and discussions
are available in chapter 7.

1.5

Objectives

The main objective of this thesis is to develop novel computer vision frameworks that focus
on the human face, given its centrality in myriad of computer vision applications. Therefore,
the conducted research in this thesis aims to advance the state of the art in the computer
vision problems that are essential for the automatic visual perception of human faces from
image data, namely: 1) 3D facial reconstruction and tracking, 2) fine-grained 3D facial
motion estimation, 3) facial expression recognition, and 4) photo-realistic facial synthesis.
As we show throughout the research conducted in this thesis, all of these problems are
closely related and interconnected, meaning that solving one can significantly boost the
others and consequently lead to a better automatic analysis of the human facial performance.
While addressing these problems, dense 3D face modelling was always utilised as a basic
building block and a significant informative cue to improve the aforementioned essential
facial behaviour understanding tasks targeted in this thesis. More specifically, the following
research questions were pursued throughout the course of this thesis:
1. Is it possible to accurately reconstruct and track human faces in 3D from in-the-wild
(captured under uncontrolled conditions, e.g. [252, 140, 57, 183]) monocular videos
while avoiding the limitations of the currently available model-based and model-free
approaches of reconstruction discussed in section 1.1?
2. Can a parametric 3D model of faces highly and quickly disentangle the human identity
from expression, leading to an accurate identity-free expression recognition in real
time from a single RGB image? Is this a more performant model compared to 2D
image-based disentanglement approaches for solving the same problem on various
benchmarks?
3. Is it possible to faithfully capture the fine-scale complex facial motion in 3D from a
pair of consecutive monocular frames better than 3D reconstruction approaches applied
to the same pair of frames? Can an approach especially designed for faces estimate
more accurately the facial motion than generic optical flow?
4. Can we achieve a photo-realistic human head synthesis with consistent facial motion
across time simulating the real facial dynamics by combining a parametric 3D model of
the face and conditional neural rendering techniques? Will the separability, flexibility,
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and accuracy of the parametric 3D facial model and the capacity of generative neural
modeling lead to a highly-realistic sequence-to-sequence translation in the form of
full-head reenactment?

1.6

Contributions

The contributions made in this thesis can be summarised in different categories:
1- 3D Face Reconstruction and Tracking: In contrast to image-based 3D face reconstruction approaches, we focus on the facial videos of human faces, which are a less-explored
source of information compared to single images, with the aim of obtaining unprecedented
accuracy. In particular, the following contributions have been made:
• A novel dense variational framework has been introduced by combining model-free
multi-frame optical flow, dense non-rigid structure from motion and 3D Morphable
Model fitting. This effectively combines the advantages of model-based and model-free
approaches.
• In contrast to previous 3DMM-based methods, the priors are incorporated as soft
constraints, allowing deviations from the 3DMM subspace, so that the solution can
capture facial shapes that cannot be represented by the face model.
• We pay particular attention to videos captured under unconstrained conditions and
report 4D reconstructions that are not only robust to in-the-wild conditions but also
include fine details and facial shape and dynamics that are specific to the captured face.
2- Expression Recognition and Stress Detection: Inspired by the various invariances
to illumination conditions and 3D pose offered by 3D face modelling, we put forward a
novel method for the human facial expression recognition and stress analysis from a single
RGB image taken under uncontrolled conditions. In more detail, we make the following
contributions:
• Collection and annotation of a new large-scale dataset of human facial videos (6,000
in total with a per-video duration ranging from 30 seconds to a few minutes), which
we call FaceVid. With the help of an accurate model-based approach that we propose
to use during training, each video is annotated with the per-frame: 1) facial landmarks,
2) 3D facial shape composed additively of identity and expression parts, 3) relative 3D
pose of the head with respect to the camera.
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• A robust deep convolutional neural network (CNN), termed as DeepExp3D, for regressing the expression parameters of a 3D Morphable Model of the facial shape from
a single input image. Our network is robust to occlusions, illumination and view angle
changes, and regresses the expression independently of the person’s identity.
• We connect DeepExp3D with a classification module for the Facial Expression
Recognition (FER) task from the estimated expression vectors, leading to an integrated
framework for the robust recognition of facial expressions from single images.
• A novel deep pipeline for Action Units (AUs) and stress detection has been designed.
It consists of the steps of preprocessing (face detection, landmarking and 2D image
registration), feature extraction (deep geometric and appearance features) and deep
AU classification. The proposed module for geometric feature extraction adopts a
Convolutional Neural Network (CNN) that is able to represent the changes in the 3D
geometry of the subject’s face due to solely facial expressions. Besides, for the module
of appearance feature extraction, we propose a deep residual network that extracts
robust and descriptive features of facial appearance, complementing the geometric
features with fine-grained details.

3- 3D fine-grained Facial Flow Capture: To the best of our knowledge, there does not exist
any method that estimates 3D scene flow using a pair of simple RGB images as input. In this
thesis, the first method to solve this problem has been proposed and this is made possible by
focusing on scenes with human faces. The following contributions have been made:
• We expand our FaceVid dataset by collecting and annotating another 6000 videos of
human facial videos (amounting to 12000 in total), which we call Face3DVid. With
the help of our proposed model-based formulation, each video was annotated with
the per-frame: 1) 68 facial landmarks, 2) dense 3D facial shape mesh, 3) camera
parameters, 4) dense 3D flow maps.
• A novel dense 3D facial motion estimation framework from a pair of monocular RGB
images has been designed and tested on two large-scale datasets, Face3DVid and
4DFAB.
• A robust, fast, deep learning-based and end-to-end framework for the dense highquality estimation of the 3D face flow from only a pair of monocular in-the-wild RGB
images has been proposed.
• We demonstrate both quantitatively and qualitatively the usefulness of our estimated
3D flow in a full-head reenactment experiment.

1.7 Publications

11

4- Full-head Reenactment: we propose a fast and novel human full-head reenactment
method capable of transferring the time-varying head attributes (3D pose, facial expression,
eye gaze, or any of these attributes) seamlessly from a source to a target sequence in a photorealistic way consistent with the upper body motion and the background. Our method is faster
than other SOTA methods targeting the same problem [311, 161, 167, 170] and produces
high-fidelity videos with realistic temporal motion and mouth regions in nearly real time.
This was achievable in our framework with the virtue of the following key contributions:
• A novel 3D facial reconstruction stage allowing us to model and track the target video
in 3D during training, while transferring seamlessly any of the time-varying attributes
of the 3D reconstructed source face to the target during test.
• A gaze tracking step for transferring the eye movements from the source to the target
• An efficient conditioning stage based on the estimated gaze and modelled 3D face.
The aim of this step is to render the reconstructed 3D face mesh of each frame in the
2D image space after texturing this 3D mesh with a set of distinctive colors that are
always the same for any frame and subject.
• A robust target-specific video rendering stage that transfers the conditioning set of
images to a photo-realistic ones. Our video renderer is trained in an adversarial manner
and improves both the per-frame and temporal realism of the synthesised output frames.
It also pays particular attention to the mouth and its inner region, adding more a natural
look to the generated frames.

1.7

Publications

The research conducted and discussed in this thesis has resulted in the following peerreviewed publications:
P1. M.R. Koujan, and A. Roussos. "Combining dense nonrigid structure from motion
and 3d morphable models for monocular 4d face reconstruction." Proceedings of the
15th ACM SIGGRAPH European Conference on Visual Media Production. 2018.
P2. M.R. Koujan, N. Dochev, A. Roussos, “Real-Time Monocular 4D Face Reconstruction using the Large Scale Facial Models”. Demo paper at the ACM SIGGRAPH
European Conference on Visual Media Production (CVMP 2018), London, UK, December 2018
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P3. M.R. Koujan, L. Alharbawee, G. Giannakakis, N. Pugeault and A. Roussos, "RealTime Facial Expression Recognition "In The Wild" by Disentangling 3D Expression
from Identity," in 2020 15th IEEE International Conference on Automatic Face and
Gesture Recognition (FG 2020) (FG), Buenos Aires, AR, 2020 pp. 539-546
P4. M.R. Koujan0 , M. Doukas0 , A. Roussos and S. Zafeiriou, "Head2Head: Video-Based
Neural Head Synthesis," in 2020 15th IEEE International Conference on Automatic
Face and Gesture Recognition (FG 2020) (FG), Buenos Aires, AR, 2020 pp. 319-326
P5. G. Giannakakis, M.R. Koujan, A. Roussos and K. Marias, "Automatic Stress Detection Evaluating Models of Facial Action Units," in 2020 15th IEEE International
Conference on Automatic Face and Gesture Recognition (FG 2020) (FG), Buenos
Aires, AR, 2020 pp. 817-822
P6. M.R. Koujan, M. Doukas, A. Roussos and S. Zafeiriou, "ReenactNet: Real-Time Full
Head Reenactment," in 2020 15th IEEE International Conference on Automatic Face
and Gesture Recognition (FG 2020) (FG), Buenos Aires, AR, 2020 pp. 327-327
P7. M.R. Koujan, A. Roussos, and S. Zafeiriou. "DeepFaceFlow: In-the-wild Dense 3D
Facial Motion Estimation." Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition CVPR 2020.
P8. M.R Koujan0 , M. Doukas0 , V. Sharmanska, A. Roussos and S. Zafeiriou, "Head2Head++:
Deep Facial Attributes Re-Targeting," in IEEE Transactions on Biometrics, Behavior,
and Identity Science, vol. 3, no. 1, pp. 31–43, 2021.
P9. M.R. Koujan0 , G. Giannakakis0 , A. Roussos and K. Marias, "Automatic stress
analysis from facial videos based on deep facial action units recognition." Pattern
Analysis and Applications (2021): 1-15.

1.8

Thesis Structure

The rest of this thesis is organised as follows: chapter 2 reviews the literature related to
the studied problems of computer vision for human faces, with emphasis on the monocular
facial performance capture, tracking and synthesis domains. Chapter 3 elucidates the steps
followed to capture, pre-process and annotate a large-scale facial videos dataset that was an
essential asset while conducting the research in this thesis. Chapter 4 discusses the proposed
0 Joint
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framework for the monocular 3D face reconstruction and tracking problem. Our real-time
facial expression recognition and stress detection methods are detailed in chapter 5, while
chapter 6 presents our novel framework for the monocular 3D facial motion capture from
RGB image pairs. Chapter 7 explains the full-head reenactment approach developed in this
thesis. Chapter 8 concludes the research undertaken in this thesis and discusses the possible
future works. It is noteworthy that chapters 4 to 7 were written following the publications
stated in section 1.7. More specifically, chapter 4 follows publications {P1., P2.}, chapter 5
{P3., P5., P9.}, chapter 6 {P7.}, chapter 7 {P4., P6., P8.}.

Chapter 2
Literature Review
This chapter reviews the literature related to the addressed challenges and proposed frameworks in this thesis. More specifically, we review the state of the art in the domains of
monocular facial performance capture, expression recognition and stress analysis, monocular
3D facial motion estimation and facial reenactment.

2.1

3D Acquisition Methods

Depending on the employed acquisition sensors and reconstruction methods, 3D shape
modeling techniques that exist in the literature are classifiable into active and passive [63].
While active methods rely on an external source of illumination, laser or projected structured
light patterns [23], for enlightening scene object(s), passive techniques utilize intensity
image(s) without mandating usually any interactions with the scene or their own source of
illumination. Common examples of passive modelling techniques include shape from X (X:
motion, stereo, shading, silhouettes, texture, focus, contours) [292, 192, 138, 175, 312, 211,
333], a combination of these cues, and model-based reconstruction techniques using generic
or morphable models [176, 177, 49, 2, 233, 27]. Each of these modeling methods has its
own usage depending on the available resources and predetermined applications. Active
shape modeling systems, e.g. 3D range scanners, have witnessed considerable improvement
recently and are able to perform high resolution and accurate 3D reconstruction of objects, in
spite of being costly and needing special experimental set-up and object-sensor interaction.
Passive methods, on the other hand, have a less accurate reconstruction but are more versatile,
demand less calibration, and are much less expensive than active scanners. The versatility of
passive systems lie in their reliance on only a single/sequence of uncalibrated 2D image(s)
that is/are the only available information for reconstruction in scenarios lacking objectsensor interaction, e.g. surveillance and recognition tasks in already recorded videos. 3D
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acquisition methods are still an active area of research and of special interest to the Computer
Graphics community, where very high reconstruction accuracy is significant in applications
like photo-realistic rendering for video games, animations, and films [10].

2.2

3D Reconstruction Approaches

3D reconstruction of objects commonly found in images has played a significant role in
a wide range of computer vision applications, such as object detection and recognition,
scene interpretation and understanding, human-machine interaction, quality control, etc. By
nature, the task of 3D-from-2D reconstruction aims at recovering the 3D geometry of the
scene captured in videos or images. Since each sensory measurement taken by the camera
comes as a result of complex physical interaction of scene geometry, scene properties and
illumination, this task is a highly ill-posed with several associated ambiguities. Solving such
an under-determined problem requires, therefore, imposing many constraints and making
simplified assumptions beforehand.
The field of computer vision is rich in approaches targeting this problem under different
assumptions and constraints. Many solutions have been presented for tackling this problem,
incorporating myriad of priors and imposing different constraints. According to these priors,
methods approaching the 3D reconstruction task can be categorised into two wide groups:
Class-tailored, model-based priors. Statistical shape models [129] (SSM) are an
archetype of this family. SSM are a broad family for analysing and representing 3D shapes
with an extensive deployment in the Computer Vision field, e.g 3D medical image segmentation, 3D shape analysis, etc. Relying on exemplar data to capture the variability in a class
of objects, SSM use statistical methods to analyse such variability and formulate a prior
knowledge about the targeted object. While being limited by the size of the training set, SSM
ensure the plausibility of reconstructed 3D objects and mitigate the impact of missing data in
targeted shapes. Point distribution models (PDM) are a significant class of statistical shape
models, defining a dense set of discrete points on the surface of an object. Active shape
models (ASM) [60] and 3D morphable models (3DMM) [27] are two examples of PDM,
where ASM are used for 2D shapes representation in images, and 3DMM are the 3D counterpart used mostly for characterising the shapes of human faces. After its first introduction
by Blanz & Vetter [27], 3D Morphable Models (3DMM) have been used extensively in the
literature with several additions [235, 14, 236, 282, 32, 89, 236, 142, 184, 288]. With the
very recent framework in [32], it is even feasible to fit the 3DMM to in-the-wild images and
videos, reconstructing both facial geometry and texture.
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Generic, model-free priors. These methods postulate generic assumptions on the shape
and dynamics of the captured object. Normally, these assumptions are applicable to any
object and not limited to any specific class of objects. These methods are grouped and
recognised as shape-from-X techniques (X: shadows [250], contours [37], texture [312],
template [20], shading [137], motion [210], silhouettes [133], focus [211], polarisation
[228]). Shape-from-X techniques can be classified, based on their main reconstruction clue,
as geometric vs photometric and, based on their input, single vs multi-images. Geometric
Shape-from-X methods identify geometrical features from input images and analyse them
to perform the 3D reconstruction tasks. On the other hand, photometric reconstruction
techniques seek to inverse the physical formation process of input images to recover the
geometry and appearance of scene’s objects. Shape from Shading (SfS) is a photometric
3D reconstruction approach. SfS techniques, such as [262, 314, 259, 18, 258, 261, 159],
recover the 3D shape of the scene by capitalising on the shade in a similar way to the human
perception [230]. Such methods rely on the image formation process and make simplified
assumptions about the reflectance and illumination models, with some other object-specific
priors, to aid the reconstruction process. Depending on the shape derivation method, SfS
techniques can be classified into four categories: minimization, propagation, local, and linear
approaches. Generally, SfS methods are prone to the in-the-wild conditions encountered
in most real-world videos, being attributed to the oversimplified assumptions about light
propagation models that fail to simulate real world scenarios. Structure from Motion (SfM)
is an example of generic and geometric 3D reconstruction methods. Compared to SfS, dense
SfM techniques approach the 3D reconstruction problem distinctly [98, 99, 69, 243, 216].
They mainly benefit from the geometric constraints in multiple images of the same object
to solve this problem [98, 121]. Garg et al. [98] put forward a variational method for the
dense 3D reconstruction of non-rigid surface from monocular video sequences, see Fig
2.1. In their work, they adopt a variational framework to the non-rigid structure-frommotion problem and combine the low-rank shape prior with an edge-preserving spatial
regularization prior that estimates smooth but detailed non-rigid shapes. In general, this kind
of approaches are commonly criticised for the complicated and time-consuming frameworks
they propose, mostly due to the infamous high-dimensionality curse. Additionally, the optical
flow estimations required as an input usually for such methods ought to be accurately tracked
among frames for producing satisfactory results. Unlike model-based approaches, generic
methods are data driven, so neither rely on a model of shape variation nor need any training
data, but are personalised to the input. Temporal consistency and piece-wise smoothness are
some of the typical priors employed generally in this type of methods when dealing with
videos. However, as they heavily rely on the input data, input videos should be captured
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Fig. 2.1 3D reconstruction results of a back sequence from [98]. (a) Input images. (b)
3D reconstruction of the deformed surface. (c) Texture rendered result combined with an
additional light source. Taken from [98]
under controlled conditions, avoiding e.g. severe occlusions or low resolution input. It is
also essential that there is a significant temporal variation on the relative 3D pose between
the camera and the captured object, in order to disambiguate in a fully data-driven way the
geometric ambivalence related to the camera projection. Unfortunately, these methods yield
highly inaccurate reconstructions when this kind of acquisition conditions are not met.

2.2.1

3D Face Reconstruction

Human faces are a very special class of interest in the computer vision community with
an ever-increasing interest for their potential impact and crucial applications, including
but not limited to security [155, 46], animation [307, 308], human-computer interaction
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[329, 124] and health [229, 269, 50, 131]. In its general form, 3D facial reconstruction might
involve recovering the 3D facial geometry, pose, texture and illumination. We focus in this
thesis on the detailed recovery of 3D geometry and pose from monocular videos. Figure
2.2 demonstrates some results of three selected SOTA frameworks for monocular 3D facial
performance capture. Ichim et al. [147] (Figure 2.2 (a)) present a pipeline for producing fully
rigged 3D avatars of users from videos taken by mobile phones in real time. A two-scale
decomposition approach was followed in their paper to generate the avatars. In the first, a
coarse estimation of the face geometry is obtained with the aid of a parametric face model,
while the fine-scale details are captured with dynamic per-pixel and high-resolution maps
of normals and ambient occlusion coefficients. Similarly, Garridao et al. [102] (Figure 2.2
(b)) propose a pipeline for creating 3D personalised faces from a single monocular video
with a coarse-to-fine approach. At the coarse level, a parametric face model is utilised for
capturing coarse facial details by the means of a variational approach, while medium-scale
details are learned by corrective blendshapes. For fine-scale details including wrinkles, etc. a
shading-based technique is utilised and a coupling between coarse, medium and fine-scale
changes is learned. A 3D-based lip motion tacking system from RGB videos was presented
by Garrido et al. [103] (Figure 2.2 (c)). In their framework, accurate 3D lip motions are
generated based one coarse 3D facial shapes of a monocular facial performance capture
system. As such, a regression function was trained on a dataset of imprecise monocular 3D
facial reconstructions and their corresponding ground-truth shapes.
Due to their pose and illumination invariance, 3D facial data constitute an invaluable
geometrical description of faces for various image processing systems. These 3D facial data
can be obtained by various facial performance capture stages and techniques. The variety
in these capture techniques comes from the requirements associated with the application
itself. Facial performance capture methods can be classified according to the input data
modalities they are able to deal with. Input imagery data can take several forms, e.g. multiview, monocular RGB and monocular RGB-D. Multi-view setups are mounted normally
indoors and consist of a set of calibrated cameras with their own source of illumination, e.g.
structured light patterns sent by a projector, [15, 107, 195, 166]. Even though expensive, these
techniques have been very successful in producing very high-quality 3D facial reconstructions
and led to the creation of digital actors [10, 35, 9, 249]. Monocular RGB images/videos,
on the other hand, are produced by consumer-grade cameras which encode the amount of
Red, Green and Blue (RGB) light received by the camera’s sensor in three separate channels.
RGB cameras are widely available and can be used for several purposes, e.g. film industry,
surveillance/security, live streaming and broadcasts, etc. These cameras are also widely
accessible by smart devices available in abundance nowadays, e.g. smart phones, tablet
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Fig. 2.2 Results from some characteristic examples of state-of-the-art methods for monocular
3D facial performance capture. (a) Fully-rigged avatars created from hand-held videos
with an optimisation-based technique relying on feature tracking, optical flow and shape
from shading. [147]. (b) Personalised 3D facial reconstructions from a monocular video
based on shape-from-shading techniques [102]. (c) Expressive mouth motion reconstructions
generated by a high-quality 3D lip tracking system of [103]. Taken from [147], [102], [103],
respectively.
.
PCs, smart watches, laptops, digital spectacles, etc. In addition to RGB cameras, RGB-D
systems utilise depth sensors to measure the distance of the captured scene objects from
the depth sensor. The inclusion of depth sensors aids the 3D monocular reconstruction task
by resolving the depth ambiguity, and, therefore, it has been used in many reconstruction
systems [307, 180, 36, 281]. However, it is not always possible to have a depth sensor due
to the associated cost or the application itself, e.g. analysis of pre-recorded images/videos
available on the internet, lack of this sensor in many cheap consumer devices, etc. In this
thesis, we focus on monocular lightweight capture machineries producing only uncalibrated
RGB data for two main reasons: 1) This type of data is vastly available nowadays on the
internet, and 2) we aim to reduce the gap between lightweight capture tools and the highquality and expensive indoors performance capture stages, combining the simplicity of these
capturing techniques with high-quality 3D reconstructions.
The 3D facial reconstruction problem can seen as the inverse of the image formation
process. Hence, the same problem is referred to sometimes as ’inverse rendering’ in the
literature. Mathematically, inverting this problem requires modelling accurately the image
formation process and the inherently complex physics leading to the formation of the
image. This is a highly complicated and ill-posed problem that is addressed in the field by
incorporating various priors. The commonly adopted 3D facial reconstruction priors can
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fall into three different categories: 1) statistical model fitting, 2) photometric, and 3) deep
learning based. Details of each follow:
Statistical approaches. Statistical 3D models of faces are the most popular for performing the 3D reconstruction. They rely on a set of 3D facial real scans, which are put in dense
correspondence following a registration step, to capture the variability in the geometry and
appearance of the human faces and quantify them statistically. The most common statistical
facial 3D models are 3D Morphable Models (3DMM) [27]. Fitting these models to RGB images is normally done by following an analysis-by-synthesis approach. This fitting approach
aims at: 1) estimating a set of geometry and appearance parameters in a low dimensional
space, 2) reconstructing the face from the estimated parameters and 3DMM orthonormal
bases, and 3) finally rendering the recovered geometry and appearance in the 2D image space
and comparing it with the original image. We present more details about 3DMM in section
2.2.2
Photometric 3D facial reconstruction approaches. These methods aim at inverting
the physical image formation process and estimate the lighting parameters and facial surface
normals from a single/set of image/s using a Lambertian reflectance model that decomposes
an RGB image into albedo, lighting and normals. To further constrain the 3D facial reconstruction problem and deal with its highly ill-posed nature, some methods assume that
the input set of images come form the same subject and are captured under various light
conditions, poses, expressions, etc. [160, 186, 291, 261], while others work only with a
single input image and combine it with a template facial shape [239, 326] or 3D facial models
[240].
Deep learning approaches. With the rise of deep neural networks, nonlinear face models
have been proposed to recover the 3D geometry and appearance of human faces from images
or videos using deep Convolutional Neural Networks (CNNs) [274, 277, 287–289]. Deep
neural networks have come to the scene in the last decade as a very competitive alternative
for addressing the 3D reconstruction problem. Those methods have demonstrated their ability
to produce promising results [42, 44, 45, 150, 153, 73]. Based on pairs of 2D images and
the corresponding 3D reconstructions, deep networks learn a mapping function during the
training time that minimises a cost function on these pairs. The 3D facial reconstructive
priors, in this case, are encoded during the training process in the network learnable weights.
A very important aspect when it comes to employing deep learning techniques for the 3D
facial reconstruction task is the quality of training pairs utilised to teach the 3D reconstruction
task to the network. Obtaining high quality ground-truth 3D facial scans is mostly difficult,
especially for images captured under no controlled settings. However, researchers in the field
have been proposing various solutions to tackle this issue by collecting imagery data and
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automatically annotating them with pseudo ground-truth 3D reconstructions, as we do in this
thesis (see chapter 3), as well as combining novel deep network structures with effective cost
functions.
There have been also some attempts to combine more than one of the aforementioned
schemes [144, 134, 125], gaining the advantages of each. As opposed to our proposed
framework in chapter 4, most of those techniques, when combining 3DMM with other
methods, impose 3DMM as a hard constraint, limiting their capacity to capture fine-scale
details. Others only deal with rigid face deformations, unlike our method which assumes
non-rigid deformations to exist in the input videos. For a very recent and comprehensive
review of the state-of-the-art methods on monocular 3D face reconstruction and the open
challenges of 3DMMs, we refer the readers to [84, 339].

2.2.2

3D Morphable Models (3DMM)

3D morphable models (3DMM) were first introduced in the seminal work of Blanz and Vetter
[27] as a linear point distribution parametric model for the 3D representation of human faces
accompanied by a fitting framework to surfaces and 2D images, see Fig 2.3. The linearity
and parametric nature of 3DMM make them mathematically convenient and suitable for
fitting to images. Starting from a set of 3D scans of human faces (training set), 3DMM
assume any out-of-sample (test) face to be a linear combination of the faces in the training
set, resulting in a probabilistically quantifiable plausibility of faces. At the same time, such
reconstructed faces lack high frequency details due to their small variability among the
training set, producing smooth faces. Let W = {xi |1 ≤ i ≤ m} be a set of m training 3D
faces, where xi = [x1 , y1 , z1 , ..., xn , yn , zn ]T ∈ R3n is a column vector composed of the 3D
coordinates of n vertices representing the geometry of an instance face xi ∈ W . Using
principal component analysis (PCA), 3DMM represent any 3D face as follows:
x = x̄ + Sα,
where x̄ =

1
m

m

(2.1)

′

∑ xi , S ∈ R3n×m , given m′ = m − 1, is a basis matrix whose columns are the

i=1

eigenvectors of the covariance matrix C = m1 XXT with X = (x1 − x̄, x2 − x̄, ..., xm − x̄) ∈
R3n×m , and α ∈ Rm′ is the shape parameters vector. Likewise, it is possible to define a model
for texture:
T = T̄ + Bβ ,
(2.2)
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given T = [r1 , g1 , b1 , ..., rn , gn , bn ]T ∈ R3n is a vector defining the RGB values for each vertex,
T̄ is the mean texture, and B is the basis matrix derived form texture vectors of each face using
PCA, as before, and β is the texture parameters vector. This leads to the fact that 3DMM
have m′ degrees of freedom for representing any 3D face shape, and the same number for
texture. A key feature of using PCA is it provides an order of importance for the eigenvectors
depending on their corresponding eigenvalues, higher to lower. This means that it is possible
to select only the eigenvectors that have the most variance, reducing the number of shape
parameters (degrees of freedom) without significantly affecting the model accuracy.
The shape model in Eq.2.1 can be combined with an expression model to represent
various probable facial expressions made by subjects:
z = z̄ + Aγ,

(2.3)

z is the combined identity-expression vector, with the expression amounting only to changes
with respect to the identity, A = [Sid , Sexp ] is the identity-expression bases, and z̄ = x̄id + x̄exp
is the joined identity-expression mean vector.
One of the main challenges associated with 3DMMs is the correspondence that should
be established between the faces in the training set, ensuring the same semantic meaning of
the same vertex in all the faces. A comprehensive survey about registration methods for 3D
objects can be found in [272]. Another difficulty facing 3DMM is capturing high frequency
details, e.g wrinkles, in faces. This can be improved by dividing the face into distinct small
regions, defining a 3DMM for each region, and combining them in the final result. The size
and variability (gender, age, ethnicity, etc.) of the training set of faces used to construct the
3DMM act, therefore, as a bottleneck of the 3DMM, implying the need to make it as large
and varied as possible to capture real-world faces accurately. For a detailed survey of 3D
Morphable Models, we refer the reader to [83]

2.2.3

Publicly Available 3D Morphable Models of Faces

The efforts and research conducted over the last decade on 3D facial morphable models
have resulted in a number of novel 3D models of faces available for the research community
to experiment with in different domains. Table 2.1 lists 16 publicly available shape and/or
appearance models of human faces. Among all these models, the first publicly available
model is the Basel Face Model (BFM), which was built from 200 individuals. Eight years
later, the largest scale facial shape model (LSFM) came out and was constructed from 9663
individuals. Figure 2.4 shows examples of geometry or appearance variations of some of
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Fig. 2.3 The original 3DMM framework as proposed by Blanz and Vetter [27]. A statistical
model for faces is proposed to perform 3D reconstruction from 2D images and a parametric
face space which enables controlled manipulation. Taken from [27]
the models in table 2.1. For each, three principal components are visualised at ±3 standard
deviations.
model
Basel Face Model (BFM)
2009
[221]

geometry

shape

appearance data

pervertex

comes
200 individuals,
with faeach in neutral
cial parts
expression
models

FaceWarehouse [48]

shape, expression

-

150 individuals,
each with 20
expressions

Global and local linear
model
[41]

shape

-

100 individuals

Multilinear Wavelet model
[40]

shape, expression

-

99 individuals, 25
expressions

-

2500 scans (100
individuals, 25 expressions)

Multilinear face model
[28]

shape, expression

comment

Multilinear face model
[29]

shape, expression

-

2510 scans (205
individuals, up to
23 expressions)

Large Scale Facial Model
(LSFM)
[33]

shape

-

9663 individuals
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Surrey Face Model
[142]
Liverpool-York
Model (LYHM)
[65]

shape, expression

pervertex

shape

pervertex

Head

169 individuals

multiresolution

1212 individuals

full head
(no hair,
no eyes)

Faces Learned with an Articulated Model and Ex- shape, expression,
texture
pressions (FLAME)
head pose
[184]

female,
3800 individuals male,
for shape, 8000 gender
for head pose, neutral
21000 frames for model,
expression
full head
(no hair)

Basel Face Model (BFM)
2017
[106]

pervertex

200 individuals
for shape and appearance, a total
of 160 expression
scans

-

20 3D ear scans,
augmented with
605
landmark- ear only
annotated 2D ear
images

-

5000 scans from
195 individuals,
500000
after
augmentation

-

12
individuals,
12 extreme ex- full head
pressions, 20466 (no hair)
meshes in total

-

Merged
from
LYHM
and
LSFM models

York Ear Model [64]

Multilinear autoencoder
[93]

shape, expression

shape

shape, expression

Convolutional Mesh Aushape, expression
toencoder (CoMA) [232]

Combined Face & Head
Model (CFHM) [223]

shape

BFM
2019 with
full head
and multiresolution

full head
(no hair)
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pervertex
diffuse
and
specular
albedo

-

73
individuals
(50 scanned + 23
3DRFE [264])

extends
BFM2017

Table 2.1 Overview of publicly available 3D shape and/or appearance models of human faces.
Taken from [83]

3DMM Fitting Methods
Non-linear approaches. In their paper, Blanz and Vetter proposed to follow an analysis-by-synthesis
approach in fitting the constructed 3DMM to 2D images. Following this approach, fitting a 3DMM to
a 2D image is instantiated by synthesizing an image and, using a similarity measure, comparing it to
the original image in an iterative manner. Three types of model parameters are searched for under
this proposal: 1) shape parameter (α), 2) texture parameter (β ), both of size m′ , and 3) rendering
parameter (ρ). The rendering parameter (ρ) is made up of camera intrinsics (focal length and principal
points), face’s pose parameters (rotation and translation with respect to the camera), and illumination
parameters. Both input and synthesized images are compared using a Euclidean distance measure:
EI = ∑ ||Iinput (i, j) − Isyn (i, j)||2

(2.4)

i, j

Since the problem in hand is ill-posed with many undesired (non-face like) solutions, it is essential to
incorporate regularizers in the targeted cost function. Such regularization ensures that the shape and
texture parameters (α and β ) are in the space spanned by the training set of faces and the rendering
parameter does not go far from the initial estimate. This is achievable in a Bayesian framework by
maximizing the posterior probability of the aspired model parameters given the input image, as shown
below.
m′ α 2
m′ β 2
m′
(ρ j − ρ¯j )2
1
j
j
E(α, β , ρ) = 2 EI + ∑ 2 + ∑ 2 + ∑
,
(2.5)
2
σN
σρ,
j
j=1 σS, j
j=1 σT, j
j=1
where σN is the Gaussian noise standard deviation associated with the input image, ρ¯j is the estimated
rendering parameters initialized by the user. Adopting this minimization approach acts like a trade-off
between the plausibility of the reconstructed 3D face and the fitting accuracy, depicted by term
1 of Eq. 2.5, of the synthesized image to the input one. This nonlinear analysis-by-synthesis
fitting approach was adopted in many subsequent optimisation- and deep learning-based works
[253, 225, 226, 336, 32, 105, 30]. Booth et al. [32, 30] propose a framework for fitting 3DMM to
in-the-wild images and videos. They combine in their paper 3DMM of shape and expression with an
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FaceWarehouse

CFHM

BFM 2019

FLAME

Fig. 2.4 Model variations of some selected face models. Top left: CFHM [223] shape
variations. Top right: FaceWarehouse [48] shape and expression variations. Middle: BFM
2019 [106] shape, expression, and appearance variations. Bottom: FLAME [184] shape,
expression, pose, and appearance variation. Three principal components are visualized at ±3
standard deviations for shape, expression, and appearance variations. Taken from [83]
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in-the-wild texture model built from a set of images collected form the internet. To build their texture
model, instead of using directly raw pixel’s values, dense features were extracted from in-the-wild
images and sampled by projecting an estimation of the 3D shape of each image into the 2D image
space. This results in a statistical texture model in correspondence with the utilised identity and
expression 3DMM. To fit their shape, expression and texture models to in-the-wild images, they
propose to minimise a non-linear cost function, composed of a texture, sparse 2D landmarks and
shape prior terms, with Gauss-Newton Project-out method. For videos fitting, they exploit the rich
dynamic information and follow a similar approach while fixing the identity parameters throughout
the whole video and imposing a temporal smoothness on the expression parameters.
Linear Approaches. Non-linear approaches formulate a highly complex energy functional that is
computationally very expensive with no guarantee to converge. To avoid these limitations, a number
of papers have proposed simplified linear solutions to this problem [5, 7, 6, 8, 142, 141]. Aldrian and
Smith [5] propose a statistical linear fitting approach to recover both geometry and texture, as two
separate linear problems, from single 2D images. To estimate shape parameters, Aldrian and Smith [5]
suggest to alternate between the estimation of: 1) camera parameters using 3D-2D correspondences
of landmarks, and 2) 3D shape parameters given a know camera matrix. This procedure happens
iteratively until convergence. In the first iteration an initialisation step takes place with the aid of the
3DMM mean shape to estimate the camera matrix. In their follow-up works [7, 6, 8], Aldrian and
Smith relax the illumination-related assumptions while keeping the 3D facial geometry estimation
method intact. In [142], the authors follow the Gold Standard Algorithm of Hartley and Zisserman
[126] to estimate the pose parameters. This is a least squares approximation of camera parameters
from 2D-3D pairs of points. For shape estimation, the authors of [126] minimise an energy function
having two terms: 1) data term of 3D-to-2D landmark errors, and 2) prior term on the estimated
3DMM shape parameters penalising the distance from the 3DMM mean face. The authors of [21],
follow the same linear fitting approach based on a closed-form solution with Scaled Orthographic
Projection (SOP) for estimating the pose and shape parameters. However, this is followed by a
non-linear refinement stage of the estimated shape and pose parameters with the aid of texture edges,
which are imposed as hard or soft constraints in [21].

2.3

Expression Recognition and Stress Detection

Human facial expressions have attracted researchers’ attention and been studied extensively since
at least 1862 [82]. Their importance comes mainly from the fact that they carry significant visual
information, making them essential means for successful human communications and understanding.
Two main approaches are widely adopted in the community for measuring human facial expressions,
namely: sign and message judgement [58]. Message judgement methods focus on the direct interpretation of concurrent facial expressions into a single emotion, e.g. happy, angry, sad, etc. As such, Paul
Ekman argued in his paper [86] that the six basic emotions, namely anger, fear, disgust, happiness,
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Fig. 2.5 Some exemplar Action Units (AUs) from the Facial Action Coding System (FACS).
Taken from [200]
sadness and surprise, are universally transmitted through prototypical facial expressions. There is a
large body of work tackling the seven-class (six basic and a neutral) problem of static facial expression
recognition defined by Ekman and Friesen [85].
On the other hand, sign judgement approaches study the stimulating physical muscular interactions
that lead to such expressions. To facilitate their study, the Facial Action Coding System (FACS) [95]
defines a set of widely used descriptors in sign judgement approaches. This system classifies human
facial expressions into 32 micro facial muscle movements, also known as Action Units (AUs), and 14
additional Action Descriptors (ADs) for head pose, gaze direction, and miscellaneous actions such
as blow, bite and jaw thrust, see figure 2.5. Facial expressions analysis methods are interested in the
accurate recognition/analysis of facial action units (AU) for the reliable decoding into emotions. A
recent review summarizes techniques of facial AU analysis, not concluding to specific guidelines
but delineating good practices in facial action units analysis [200]. In the related literature, various
emotion detection algorithms through facial AU have been proposed using different approaches. In
[241], Ruiz et al. used Hidden (HTL) and Semi-Hidden-Task Learning (SHTL) in order to train the
emotion models from annotated databases.
Current facial expression recognition frameworks divide approximately into two groups: traditional handcrafted methods (appearance, geometric, dynamic and fusion) and deep learning models.
Handcrafted methods have been widely adopted for FER and rely on features [152, 75]. Hand-crafted
monomial features obtained from images and video for encoding emotions are available in an extensive array of literature. Such cases include when facial landmarks’ distance and angle relation are
used, facial feature point tracking and the ability to extricate patches from specific key facial point
locations[322]. Pantic et al. [217] tracked a set of distinct facial qualities around eyebrows, eyes, nose,
mouth and chin as the distinguishing markers to capture the geometric information of these facial
features. Variations in either the whole face or specific face regions can be described by one of the first
applications by using Gabor wavelet coefficients analysis. Nevertheless, owing to the high calculation
and memory complexity in extracting Gabor-wavelet features[75], histograms of local binary pattern
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(LBP) operators were introduced as an effective appearance function for facial image analysis, as
well as a robust texture descriptor in many other applications [168, 178]. Correspondingly, these
handcrafted applications have also been widely used in 3D FER, where these are utilized to describe
3D facial shape data by coding different types of geometric maps such as depth-SIFT, normal-LBP,
and curvature-HOG. These features are then deployed to train a variety of classifiers. Nevertheless,
the handcrafted features have shown their restrictions in practical applications [168, 178]. Lately,
deep learning, especially Convolutional Neural Networks (CNN), methods have proved competitive
in many vision tasks, e.g, image classification, segmentation, emotion recognition, etc.
Xiao et al. [316] tackle the poor generalization of deep neural networks when enough data is not
available by combining region of interest (ROI) and K-nearest neighbors (KNN) for facial expression
classification. In [19], an attention model composed of a deep CNN learns the location of emotional
expression in a cluttered scene, leading to an improved facial expression recognition. Liu et al. [189]
proposed a deep learning approach trained on a geometric model of facial regions for facial expression
analysis. Tang [273] proposed a CNN backed with a linear support vector machine (SVM) at the
output and achieved the first place on the FER-2013 Challenge [118]. Liu et al. [190] suggested a
facial expression recognition framework with 3D CNN and deformable action parts constraints to
jointly localize specific facial action parts and recognize facial expressions. Peng [222] focused on a
synthesis CNN to produce a non-frontal view from a single frontal face and Richardson et al. [234]
transferred the face geometry from its image directly via a CNN based approach. The authors of [215]
encode deep convolutional neural networks (DCNN) features with covariance matrices for facial
expression recognition. In their paper, they show that covariance descriptors computed on DCNN
features are more efficient than the standard classification with fully connected layers and softmax.
For systematic and exhaustive surveys on automatic FER, we refer the reader to [92, 181].
Regarding the research on facial behaviour during stress conditions, some recent studies are
investigating facial cues [114, 24, 67]. The literature on AU stress analysis is limited, and few studies
are aiming to detect stress levels from the Facial Action Coding System (FACS) [110, 104, 295].
However, there are neither specific guidelines which AU are implicated in stress state nor a consistent
model describing the stress manifestation on specific facial expressions.
In contrast to these approaches, we propose in chapter 5 to estimate an intermediate 3D-based
representation of “pure” facial expression that is invariant to all other parameters that contribute to the
formation of the input image (shape and appearance variation related to the subject’s identity, relative
3D pose variation, occlusions, strong illumination variations and other challenges of in-the-wild
images). This means that, in contrast to the standard practice of most Deep Learning approaches
in CV, we are not seeking to solve our problem (FER from single RGB images) in an “end-toend” fashion; this would require a vast number of manually-annotated images in the level of facial
expression classes, which would be laborious and prone to human annotation errors. Instead, we
construct a large-scale video dataset and annotate all video frames individually with the expression
parameters of a 3DMM. We are able to reliably automate this annotation process using an approach
of 3D face reconstruction from videos that achieves high accuracy by exploiting the rich dynamic
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information that facial videos have. Using this dataset to learn to regress expression parameters
from single RGB images, we massively simplify the problem of FER, since we use the expressions
parameters as the features that feed our emotion classifier. These expression parameters are lowdimensional (28 dimensions) and exhibit a very wide range of invariance properties, therefore a
classifier can be trained to recognise emotion classes with significantly less annotated data. This
approach leads to a robust FER system that can deal with particularly challenging images.
The work that is most closely related to our approach is the so-called ExpNet [52], which uses
a CNN to regress 3DMM-based expression coefficients from a single facial image. The proposed
approach achieves vastly superior recognition performance (from 21% to 35% higher recognition
accuracy on 5 different benchmarks, see chapter 5 for more details) with a significantly faster runtime
(more than 4 times faster). In contrast to ExpNet, our approach adopts a pre-processing step of 2D
registration in the image space to a template mean face. This significantly reduces the variability of
input images and makes the estimations more robust and reliable [209]. Furthermore, the 3DMM that
we use to model identity variation is the LSFM Model [31], which has been trained in 2 orders of
magnitude more facial identities than the Basel Face Model [220] adopted in ExpNet, achieving much
more accurate representation of the 3D shape of human faces [31].

2.4

Motion Estimation With Face Modelling Applications

In comparison to our proposed 3D facial motion capture in chapter 6, the most closely-related works
in the literature solve the problems of optical flow and scene flow estimation. Traditionally, one of the
most popular approaches to tackle these problems had been through variational frameworks. The work
of Horn and Schunck [139] pioneered the variational work on optical flow, where they formulated
an energy equation with brightness constancy and spatial smoothness terms. Later, a large number
of variational approaches with various improvements were put forward [39, 207, 305, 26, 265, 97].
All of these methods involve dealing with a complex optimisation, rendering them computationally
very intensive. One of the very first attempts for an end-to-end and CNN-based trainable framework
capable of estimating the optical flow was made by Dosovitskiy et al. [79]. Even though their reported
results still fall behind state-of-the-art classical methods, their work shows the bright promises of
CNNs in this task and that further investigation is worthwhile. Another attempt with similar results to
[79] was made by the authors of [231]. Their framework, called SpyNet, combine a classical spatialpyramid formulation with deep learning for large motions estimation in a coarse-to-fine approach.
As a follow-up method, Ilg et al. [148] later used the two structures proposed in [79] in a stacked
pipeline, FlowNet2, for estimating coarse and fine scale details of optical flow, with very competitive
performance on the Sintel benchmark. Recently, the authors of [266] put forward a compact and
fast CNN model, termed as PWC-Net, that capitalises on pyramidal processing, warping, and cost
volumes. They reported the top results on more than one benchmark, namely: MPI Sintel final pass
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Fig. 2.6 Classification of commonly utilised motion analysis approaches. Taken from [327]
and KITTI 2015. Most of the deep learning-based methods rely on synthetic datasets to train their
networks in a supervised fashion, leaving a challenging gap when tested on real in-the-wild images.
Quite different from optical flow, scene flow methods basically aim at estimating the three
dimensional motion vectors of scene points from stereo or RGB-D images. The first attempt to extend
optical flow to 3D was made by Vdedula et al. [294]. Their work assumed both the structure and the
correspondences of the scene are known. Most of the early attempts on scene flow estimation relied
on a sequence of stereo images to solve the problem. With the more popularity of depth cameras,
more pipelines were utilising RGB-D data as an alternative to stereo images. All these methods follow
the classical way of scene flow estimation without using any deep learning techniques or big datasets.
The authors of [203] led the first effort to use deep learning features to estimate optical flow, disparity,
and scene flow from a big dataset. The method of Golyanik et al. [116] estimates the 3D flow from
a sequence of monocular images, with sufficient diversity in non-rigid deformation and 3D pose,
as the method relies heavily on NRSfM. The lack of such diversity, which is common for the type
of in-the-wild videos we deal with, could result in degenerate solutions. A break-down of widely
adopted optical and scene flow in the field is available in figure 2.6. For more details on optical and
scene flow approaches, we refer the reader to the recent survey of Zhai et al. [327].
On the contrary, our method in chapter 6 requires only a pair of monocular images as input.
Using only monocular images, Brickwedde et al. [38] target dynamic street scenes but impose a
strong rigidity assumption on scene objects, making it unsuitable for facial videos. As opposed to
other state-of-the-art approaches, we rely on minimal information to solve the highly ill-posed 3D
facial scene flow problem. Given only a pair of monocular RGB images, our novel framework in
chapter 6 is capable of accurately estimating the 3D flow between them robustly and quickly at a rate
of ∼ 60 f ps.
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Live Facial Reenactment Setup
Target

Source

Target

Composite

Source

Fig. 2.7 The real-time facial reenactment method of Thies et al. [281]. Relying on RGB-D
cameras, the method reenacts only the inner facial region of a target person by tracking both
the source and the target actors, then rendering the modified region on top of the input stream.
Taken from [281]

2.5

Full-Head Reenactment

An ever-increasing number of studies are targeting nowadays the problem of facial reenactment
[214, 281, 282] due to its various crucial applications, see Fig 2.7. Very recently, the term ‘deepfakes’,
referring to the deceiving synthesised video content with either modified identity or expressions not
present in the original targeted input, has become very notable and caught significant attention, even
outside the CV field. Deepfakes take advantage of the performance boost witnessed theses days in
deep generative networks, especially GANs [117], and the vast amount of data available on the internet.
Generative Adversarial Networks (GANs) [117] have been widely used for photo-realistic image and
video synthesis. Instead of conditioning synthesis on noisy distributions [117, 156], other data types
are frequently used as input to the generator, such as class labels [208] or images [149, 334, 301].
There is an extended research on image-to-image translation [188, 271, 149, 301]. Other methods
[245, 290, 74, 53] utilise the GAN framework on video synthesis tasks, such as vid2vid [300]. In the
suggested framework of chapter 7, we exploit a GAN-based approach for rendering photo-realistic
video frames, providing temporal stability and paramount image quality.
In addition to the Generative Adversarial Networks (GANs) [117], various deep architectures have
been proposed for the image and video synthesis tasks with the aid of Recurrent Neural Networks
(RNNs), Variation Auto-encoders (VAE) [172], Gaussian mixture VAE [302], Hierarchical VAE [120]
and VAE-GAN [174]. Traditional methods of reenactment, transfer the facial expressions either with
2D warping techniques [191, 100], or by utilizing 3D face models [281, 282, 280]. These methods
do not provide complete control over the generated video, as they manipulate only the interior of
the face. Recently, there has been a substantial effort in the direction of both expression and pose
transfer [283, 16, 311, 324, 161]. One of the first approaches, X2Face [311], designs an embedding
and a set of auto-encoders. X2face follows a warping-based approach that causes deformations in the
generated heads and inconsistent upper-body motions. Wang et al. [300] propose vid2vid, a GANbased spatio-temporal approach for the video-to-video synthesis, relying on a Temporal Discriminator
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for improving the temporal quality of the synthesised videos.In a follow-up work, Wang et al. [299]
extend their approach with an attention mechanism, making it trainable in a few-shot manner and
leading to better generalisation performance. Both [300] and [299] can perform reenactment with
face sketches drawn from landmarks, leading to a target identity preservation problem. Moreover,.
the synthesised mouth regions do not look very realistic.
Zakharov et al. [324] propose a few-shot, image-based adversarial learning approach, as their
network learns to generate unseen target identities even from a single image. Nonetheless, their neural
network relies on landmarks, causing an identity distortion of the target. Siarohin et al. [254] animate
objects via a deep motion transfer framework. Given a single image and a driving sequence, their
method estimates a dense motion field appearing in the sequence and transfers it to the target image
while preserving its appearance. When used for facial reenactment, the faces synthesised by this
approach suffer from head distortions and non-naturalistic mouth and teeth areas. To tackle this issue,
the authors extended their work [255] to account for complex motions with a first-order motion model
and an occlusion-aware Generator. Although this extension considerably improved the results on
various tasks, synthesised faces still exhibited visual artifacts appearing as expression-dependent
continuous scale changes. This can be attributed to the estimated 2D dense motion field that does not
fully describe the actual intricate 3D facial motion.
As far as we are aware, DVP [161] is the only learning-based head reenactment system, prior
to our work proposed in chapter 7, that uses 3D facial information to condition video synthesis.
Their image-based model requires a long video footage of the target person, while training a new
model for each target takes many hours. Moreover, generated mouths look unnatural, since the
3D reconstruction method they adopt does not encode the inner-mouth region or the teeth. Unlike
other studies, the approach we put forward in chapter 7 employs efficiently the 3D geometry and
conditions frame generation on a compact and meaningful representation in the image space derived
from 3D facial reconstruction. When combined with our novel video-based neural rendering stage,
the result is a faithful and photo-realistic full head video reenactment, indistinguishable from real
videos. Additionally, we focus in our designed method in chapter 7 specifically on the mouth area and
improve its visual quality by designing a dedicated discriminator.

2.6

Datasets with 3D Facial Data

There exist quite a lot of works with publicly available datasets of 3D face scans, see table 2.2. These
datasets, which were captured using various scanners, have been made publicly accessible by the
community for research purposes and to push the boundaries of facial shape capture and modelling.
They have distinct resolutions and representations of acquired subjects’ faces, with varying poses
and expressions and are utilised with machine learning techniques for an in-depth understanding of
the problem’s nature. An example of 3D scans of posed faces with a range of facial expressions is
shown in figure 2.8. However, the acquisition of these datasets happens inside very controlled lab
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conditions, which makes their exploitation by machine learning techniques to efficiently learn the
3D facial capture task under in-the-wild settings very challenging. There is a necessity nowadays to
annotate with 3D ground-truth scans the vastly available in-the-wild facial imagery data. This has been
tackled so far by researchers using machine learning techniques, e.g. unsupervised/semi-supervised
learning, or by creating pseudo-annotations with the best available lightweight passive capture tools
[337, 289, 323, 43]. This still requires the effort to perform the large-scale dataset collection and
annotation, which are both time consuming and laborious. Eventually, this has the potential of
enhancing the performance of the cheap lightweight capture techniques on this task with the aid of
deep learning techniques. Due to the lack of large-scale in-the-wild datasets with 3D facial data, we
collect and annotate during the course of this thesis a dataset composed of 12000 videos of human
facial performances. The generated annotations are in the form of per-frame: 1) 68 facial landmarks,
2) dense 3D facial shape mesh, 3) camera parameters, 4) dense 3D flow maps. For more details about
our collected and annotated dataset, please read chapter 3.

dataset

format and resolucoverage
tion

no. samples

scanner

Spacetime faces [330]

triangle mesh (23k
vertices, consistent
topology)

inner
only

1 individual × 384
frame
dynamic
sequence

structured
light

CASIA
3D
Database [317]

640×480 depth map
and texture image

face, neck, 123 individuals × 37Minolta
sometimes
38 scans (expression,
Vivid910
ears
pose, illumination)

Face

face

BU-3DFE [321]

triangle mesh (20kface, neck,
35k triangles), two
100 individuals × 25
sometimes
texture images (1,300
expressions
ears
× 900)

3dMD

BU-4DFE [320]

triangle mesh (35k face, neck, 101 individuals × six
vertices), texture im- sometimes
100 frame expression
age (1,040 × 1,329)
ears
sequences

Dimensional
Imaging

Bosphorus [247]

1, 600 × 1, 200 depth
map and texture image

inner
only

face

York 3D Face Database
[135]

depth map containing
5k-6k points, texture
image

inner
only

face

105 individuals × up
to 35 expressions per
subject + 13 poses

Inspeck
Mega
Capturor
II

350 individuals × 15
expressions

projected
pattern
stereo
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B3D(AC)ˆ2 [91]

raw scan: triangle
mesh (55k vertices),
780 × 580 texture image; processed: tri- inner
angle mesh (23k ver- only
tices, consistent topology), 1,024 × 768 UV
texture map

Florence 3D Faces [17]

triangle mesh (60k80k triangles), 4 face, neck,
53 individuals
MPixel
texture, sometimes
additonal 2D HD ears
video

D3DFACS [61]

triangle mesh (30k
vertices), 1,024 ×
1,280 UV texture map

10 individuals ×
face, neck,
around 52 dynamic
sometimes
sequences,
FACS
ears
coded

3DRFE [264]

triangle mesh (1.2M
vertices), 1,296 ×
1,944 diffuse and
specular albedo maps
and hybrid normal
maps

inner
neck

face

14 individuals × structured
around 80 dynamic se- light
quences (speech-4D) stereo

face, 23 individuals × 15
expressions

3dMD

3dMD

light
stage

Hi4D-ADSIP [201]

triangle mesh (20k
inner
vertices), texture imonly
age

80 individuals ×
around 42 dynamic
sequences

Dimensional
Imaging

BP4D-Spontaneous
[331]

triangle mesh (30kface, neck, 41 individuals × eight
50k vertices), texture
sometimes
one minute dynamic
image (1,040 ×
ears
sequences
1,329)

Dimensional
Imaging

3D Dynamic Database
for Unconstrained Face
Recognition
[4]

3.5k vertices for dynamic, 50k vertices inner
for static, texture im- only
age

face

face

58 individuals × one
static scan + seven dy- Artec
namic sequences
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FaceWarehouse [48]

raw: 640 × 480
RGBD; processed: triangle mesh (11k vertices, consistent topology)

MMSE [332]

triangle mesh (30kinner
50k vertices), 1,040 ×
only
1,392 texture image

Headspace [65]

triangle mesh (180k
vertices), 2,973 ×
3,055 UV texture map

4DFAB [54]

triangle mesh (60k180 individuals × 4k- Dimensional
face, neck
75k vertices), UV tex16k frames of dy- Imagand ears
ture map
namic sequences
ing

CoMA [232]

triangle mesh (80k140k vertices), texture
images (avg resolufull head in- 12 individuals × 12
tion 3, 700 × 3, 200),
cluding face, extreme expression se- 3dMD
six raw camera images
neck, ears
quences
(each 1, 600 × 1, 200),
alignments in FLAME
topology

VOCASET [62]

triangle mesh (80k140k vertices), texture
images (avg resolution 3, 700 × 3, 200),
six raw camera images
(each 1, 600 × 1, 200),
alignments in FLAME
topology

full head in12 individuals × 40
cluding face,
dynamic sequences
neck, ears,
(speech-4D)
speech

3dMD

LSFM [31, 33]

triangle meshes (53k
vertices)

face, neck,
10,000 individuals
ears

3dMD

face

150 individuals × 20
expressions

Microsoft
Kinect

140 individuals × four
dynamic sequences

Dimensional
Imaging

full head including face, 1,519 individuals
neck, ears

Table 2.2 Publicly available 3D facial scans of shape and/or appearance [83]

3dMD
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Fig. 2.8 Examples of 3D facial scans. Four levels of intensity are visualised for two different
expressions: happiness (left block) and surprise (right block). a-a’ are raw models; b-b’ are
cropped facial regions. c-c’ are two views’ textures. Taken from [321]

2.7

Conclusion

In this chapter, we have briefly reviewed the literature related to monocular facial performance
capture and modelling, expression recognition, monocular 3D facial motion estimation and full-head
reenactment. We make the following observations:
• Even though the literature has several approaches tackling the monocular 3D facial reconstruction approaches ( see section 2.2), there is still a big gap in quality between the expensive 3D lab
scanners and the lightweight cheap passive reconstruction techniques. This leaves considerable
space for more research to be conducted to reduce this gap and enhance the quality of 3D
reconstruction methods that can deal with challenging monocular input taken under challenging
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conditions, e.g. poor illumination, low resolution, noise, occlusions, etc. There is also a need
to design ad hoc 3D reconstruction methods for monocular videos, taking advantage of the
rich temporal information accompanying this type of input rather than applying off-the-shelf
image-based methods on a frame-by-frame basis. We take one step towards reducing this gap
and propose in chapter 4 a robust framework for the monocular video-based facial performance
capture from in-the-wild data.
• The facial behaviour analysis field is growing rapidly nowadays. Most of the facial expression
recognition methods can not generalise very well to challenging images. That is, they fail
to disambiguate the facial emotion from other factors contributing to the image formation,
e.g. shape, appearance, illumination, pose, occlusion, etc., in a space that is invariant to
all of these factors. Tackling this robustly and in real time will be indispensable in various
human-computer intelligent interaction applications and many others. In chapter 5, we propose
a real-time and 3D-based facial expression framework for monocular RGB images taken
under uncontrolled settings. Our framework was trained on a large scale dataset of videos
of our own collection (see chapter 3), making it robust to the various challenging capture
conditions encountered commonly in in-the-wild images. This is validated by the extensive set
of quantitative and qualitative experiments conducted in chapter 5. We also demonstrate the
promising performance of our framework in the very challenging task of stress detection.
• The vast majority of available 3D motion estimation methods can not deal accurately with a
delicate specific class of objects, like the human face, as they are mostly trained on synthetic
generic data. The 3D motion estimation field still largely lacks a highly-faithful method
for estimating the complex facial motion in 3D from monocular sequences taken under no
controlled settings. The ability of accurately tracking this motion in the real world and very
fine details is very essential to enhance the monocular facial performance capture, modelling
and analysis. We put forward in chapter 6 a robust, fast, and highly-accurate framework,
called DeepFaceFlow for the dense estimation of 3D non-rigid facial flow between pairs of
monocular images. DeepFaceFlow was trained and tested on two very large-scale facial video
datasets and is the first to tackle the fine-scale 3D human facial motion estimation.
• There is an increasing number of works targeting the facial reenactment problem (see section
2.5 for a summary of these methods) due to its potential applications. However, only a very few
shy attempts have been made to re-target the full human head in monocular sequences. This
is understandable as reenacting the full-head is considerable more challenging and requires
generating head motions consistent with the upper-body part and background, compared to
dealing with only the inner facial region. On the other hand, Generative Adversarial Networks
(GANs) [117] have demonstrated an epic performance in the realistic image synthesis task.
Nonetheless, methods using conditional GANs for the facial reenactment have not fully
harnessed their ability and combined them with the adequate conditional signals for this
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problem. We leverage the 3D geometry of faces and Generative Adversarial Networks (GANs)
to design a novel deep learning architecture for the task of full-head reenactment. Our method
is different to purely 3D model-based approaches, or recent image-based methods that use
Deep Convolutional Neural Networks (DCNNs) to generate individual frames. For more details
about our method please read chapter 7.

Chapter 3
Large-scale Dataset Creation
Most of the traditional computer vision algorithms are designed to deal with clean data captured under
controlled settings. When applied to real-world data, these algorithms mostly fail, indicating the urgent
need for more research on data captured in real-world scenarios, also known as in-the-wild conditions.
The vast availability of commodity cameras nowadays in smart devices and laptops has resulted in an
abundance of data in the format of images and videos available on the Internet. Researchers in the
Computer Vision field have been interested in utilising these data to build robust facial performance
analysis algorithms, among many others, applicable to real-world data. The vast majority of the data
widely accessible in the public domain are taken under uncontrolled settings, also known as in-the-wild
conditions, and mostly are noisy and of low resolution. This makes them a perfect candidate for
training advanced CV algorithms able to deal with challenging real-world acquisitions. In this thesis,
a particular attention has been paid to in-the-wild images and videos which were utilised to develop
3D personalisation, 3D motion capture, video re-writing and expression recognition algorithms that
are tailored to these challenging capture scenarios. Towards that goal, we construct Face3DVid, a
large-scale dataset of monocular RGB videos, and utilise for research purposes during the course of
this thesis. This chapter goes through the details of collecting, preprocessing and annotating such
a dataset that was utilised for designing and benchmarking the various facial performance analysis
algorithms developed in this thesis. To validate the quality of our annotations, we assess the ability of
our designed 3D face reconstruction stage in producing high-quality estimations on in-the-wild-videos
in section 3.4.

3.1

Objectives

The desire for having such a large-scale videos dataset of facial performances emerges from several
needs related to the research questions raised in section 1.6 of chapter 1. In more details, in this thesis
we target several challenges related to facial performance analysis and aim to solve these problems
given images/videos taken in real-world scenarios under no controlled set-ups. Therefore, there is
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Fig. 3.1 Sample frames of the collected Face3DVid dataset during the course of this thesis.
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Fig. 3.2 Face3DVid dataset’s collection and annotation pipeline.
a need to study closely this kind of data by having a large-scale dataset depicting the variety in the
challenging capture conditions expected in in-the-wild data. We choose to collect such a dataset
during this thesis from the internet and focus on facial performances taken as videos due to the wide
variety and rich facial dynamics contained in such videos. Following the collection, our next goal is
to annotate each frame of this facial videos dataset with: 1) 68 sparse facial landmarks (following the
MULTI-PIE markup scheme [122], 2) bounding boxes around detected and tracked faces, 3) camera
and 3D pose parameters, 4) a dense 3D facial reconstruction in the form of a triangular mesh, 5) the
identity and expression parameters of the 3DMM utilised during the reconstruction process, 6) dense
3D flow/motion maps between pairs of frames. The annotations created stem from the obligation
to train deep neural networks to solve challenges related to expression recognition, monocular 3D
motion estimation and full-head reenactment. Theses networks are data-needy and generalise better
when trained on a large representative sample of the attacked problem.

3.2

Collection, Preprocessing and Annotation

To create our large scale facial performance dataset (Face3DVid), we start from a collection of
12,000 RGB videos with 19 million frames in total and 2,500 unique identities. Those videos were
downloaded from YouTube and were selected from various channels of vloggers, make-up artists,
news channels, politicians and celebrities. Therefore, most of the collected videos show TV reporters,
press conferences, interviews, vlogs, beauty youtubers, etc. The videos have at least one person acting
in front of a single monocular camera and none of them was shot from more than one camera at the
same time. Moreover, those videos have faces of variable resolutions and were taken under different
conditions and set-ups. Figure 3.1 visualises a single frame of some randomly selected videos of the
collected Face3DVid dataset. The examples shown in 3.1 present some of the collected frames in their
full original resolution. For all the experiments we carry out in this thesis, we do not use all the pixels
in a given frame as they mostly contain irrelevant/useless information. We only care about the facial
region, which represents a very small part of each frame. This facial region, when cropped and resized
to a higher resolution, degrades significantly in terms of quality, introducing blur and some artifacts.
The challenges of the in-the-wild videos we collected in this thesis emerge from multiple facts: 1)
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very low-resolution of the facial region in some videos, 2) variety of poses, with some showing only
part of the face and therefore introducing self-occlusions, 3) various illumination conditions, with
same faces appearing darker in some frames but brighter in others due to the capturing camera’s view
angle, 4) lack of camera parameters capturing each video . All these challenges can be observed when
looking closely at figure 3.1.
Our collection and annotation pipeline is demonstrated in Fig. 3.2 . In every frame of every video
of our video collection, we applied the method of [73] to detect faces and extract from each detected
face a set of 68 landmarks, according to the MULTI-PIE markup scheme [122]. Afterwards, we
applied the following steps to ensure the quality of our annotations:
False detections removal: This was implemented by tracking each detected face in the first frame
throughout the processed video. A face is kept if its bounding box (BB) stays within a reasonable
margin, chosen experimentally to be half the width of the BB, compared to its location in the
previous frame. We pruned videos in which we lost track of the face for K consecutive frames
(chosen experimentally to be 5) before reaching the desired number of tracked frames F (chosen
experimentally to be 2000). This step helped to remove false detections arising due to a failure in the
face detector or out-of-context detections, e.g. a facial photo in the background of a video, faces that
pop in/out of the camera viewing angle, etc. This step resulted in pruning 1000 videos (8.34% of the
initial dataset).
Temporal smoothing: Extracted landmarks were temporally smoothed using cubic splines. This
was performed to alleviate the effects of the potential jitters in the extracted landmarks between
consecutive frames and to fill in the possible gaps (frames with lost tracking) that persisted for less
than K frames.
3D facial reconstruction from videos: For every video, we followed the process described in Sec. 3.3
and estimated the 3D face reconstruction using sparse landmarks fitting approach of 3D Morphable
facial Models (3DMM).
Error pruning: With such a large number of videos, there will be some cases of videos where 3D
reconstruction has failed. This is an unavoidable byproduct of the fact that the adopted landmark
localization, even though very robust, might not be sufficiently accurate for cases of extremely
challenging facial videos. Our approach compensates for that by two pruning stages: a) Automatic
pruning: We are based on the fact that under the adopted 3D face modelling (see section 3.3), the
coordinates of the estimated identity vector i of each video are assumed independent, identically
distributed random variables that follow a normal distribution. Therefore, ∥i∥2 yields a squared
Mahalanobis distance between the current identity shape and the mean identity (following a chisquare distribution). This is a measure of plausibility of the estimated identity vector under the
assumed face model. We thus classify as outliers and automatically prune the videos that correspond
to an estimated value of ∥i∥2 above a threshold θ . We select θ so that ∥i∥2 is expected to be less than
θ with a very high probability (e.g. 99%), under the assumed multi-variate normal distribution of i.
Figure 3.3 shows t-SNE [196] visualization of the the estimated 3DMM identity parameters of our
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Fig. 3.3 (Left) t-SNE visualization of the estimated 3DMM identity parameters (i) of the
collected dataset videos. (Right) Estimated probability density function of the L2 norm of
normalized i, see equation 1 of our paper.
dataset of videos along with the estimated probability density function (PDF) of their Mahalanobis
distance. This resulted in automatically pruning 750 more videos (6.25% of the initial dataset).
b) Manual pruning: There might be a few problematic videos that “survived” the automatic
pruning. For that reason, we inspected the reconstructions of all remaining videos and manually
flag and prune videos where it is evident that the 3D face reconstruction has failed. In this step we
manually pruned 500 videos (around 4.18% of the initial dataset).
To conclude, our constructed training set consists of videos of our collection that survived the
aforementioned steps of video pruning. It consists of 9750 videos (81.25% of the initial dataset) with
1600 different identities and around 12.5M frames.

3.3

3D Faces Generation

In this section, we present more details about annotating the dataset with 3D reconstructions. After the
collection and preprocessing stages of the Face3DVid, the aim was to generate quickly and accurately
pseudo ground-truth 3D reconstructions to be utilised for both facial expression recognition and 3D
motion capture applications in this thesis.

3.3.1

3D Face Reconstruction From Videos

Following several recent methods [323, 72, 171, 105], we model the 3D face geometry using
3DMMs and an additive combination of identity and expression variation. In more detail, let
x = [x1 , y1 , z1 , ..., xN , yN , zN ]T ∈ R3N be the vectorized form of a 3D facial shape consisting of N 3D
vertices. We consider that any facial shape x can be represented using the following model of shape
variation:
x(i, e) = x̄ + Uid i + Uexp e
(3.1)
where x̄ ∈ R3N is the overall mean shape vector, given by x̄ = x̄id + x̄exp , where x̄id and x̄exp are
the mean identity and mean expression shape vectors respectively. Uid ∈ R3N×ni is the orthonormal
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basis with ni = 157 principal components (ni ≪ 3N) , Uexp ∈ R3N×ne is the orthonormal basis with
the ne = 28 principal components (ne ≪ 3N), and i ∈ Rni , e ∈ Rne are the identity and expression
parameters. In the adopted model (3.1), the 3D facial shape x is a function of both identity and
expression coefficients (x(i, e)). Additionally, the expression variations are effectively represented as
offsets from a given identity shape.
The identity part of the model, {x̄id , Uid }, originates from the LSFM [31] built from approximately
10,000 scans of different people, the largest 3DMM ever constructed, with varied demographic
information. In addition, the expression part of the model, {x̄exp , Uexp } originates from the work of
Zafeiriou et al. [323], who built it using the blendshapes model of Facewarehouse [48] and adopting
Nonrigid ICP [55] to register the blendshapes model with the LSFM model.
To create effective pseudo-ground truth, we need to perform 3D face reconstruction on an
especially large-scale video dataset that is both efficient and accurate. For this reason, we choose to fit
the adopted 3DMM model on the sequence of facial landmarks over each video of the dataset. Since
this process is intended for the creation of pseudo-ground truth on a large collection of videos, we
are not constrained by the need of online performance. Therefore, we adopt the approach of [72]
(with the exception of the initialization stage, as described next), which is a batch approach that takes
into account the information from all video frames simultaneously and exploits the rich dynamic
information usually contained in facial videos. This is an energy minimization approach to fit the
combined identity and expression 3DMM model on facial landmarks from all frames of the input
video simultaneously. We utilise the so-called 3D-aware 2D landmarks which we extract with [12].
The localised 68 landmarks with this method correspond to projections of their corresponding 3D
points on the 3D face.
Following [72], we exploit the fact that the current state of the art in facial landmarking can
achieve highly-reliable landmark localization and therefore fuse the landmarks information with
high-quality 3D face models to achieve robust and accurate 3D face reconstruction results. We assume
that the camera performs scaled orthographic projection (SOP) and that the identity parameters i are
fixed (but unknown) over all the frames, letting however the expression parameters e f as well as the
camera parameters (scale and 3D pose) to vary from frame to frame. In brief, for a given sequence of
frames, we minimise a cost function that consists of three terms, see (3.2) : a) a sum of squared 2D
landmark reprojection errors over all frames (El ), b) a shape priors term (E pr ) that imposes a quadratic
prior over the identity and per-frame expression parameters and c) a temporal smoothness term (Esm )
that enforces smoothness of the expression parameters in time, by using a quadratic penalty of the
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second temporal derivatives of the expression vector.
E(i, e) = wl El (i, e) + w pr E pr (i, e) + wsm Esm (e)


F L
(l )
(l )
El (i, e) = ∑ ∑ Π f x̄(l j ) + Uidj i + Uexpj e − ℓ j, f

2

f =1 j=1

(3.2)

T

E pr (i, e) = aid ||i||2 + aexp ∑ ||et ||2
t=1

T −1

Esm (e) =

∑ ||et−1 − 2et + et+1 ||2

t=2

In addition, to deal with outliers (e.g. frames with strong occlusions that cause gross errors in
the landmarks), we also impose box constraints on the identity and per-frame expression parameters.
Assuming that the camera parameters (Π f ) in (3.2) have been estimated in an initialisation stage, the
minimisation of the cost function results in a large-scale least squares problem with box constraints,
which we solve efficiently by using the reflective Newton method of [59].

3.3.2

Initialization Stage of Camera Parameters Estimation

To estimate the camera parameters during initialization, we assume that the shape to be recovered
remains rigid over the whole video. This is a simplistic yet effective assumption. Given this
assumption, we seek to estimate the identity i and expression e parameters of the rigid facial shape as
well as the per-frame camera parameters expressed as the SOP camera projection matrix Π f ∈ R2×3
for every frame f (Π f corresponds to the first 2 rows of the rotation matrix multiplied with the scale
parameter). This estimation is implemented by solely considering and minimising the reprojection
error term (El ) of the overall cost function described in equation 3.2, which is the only term that
depends on the camera parameters. This minimisation can be written as:
minimise Eland (Π1 , .., Πn f ; i, e) =


F L
(l )
(l )
∑ ∑ Π f x̄(l j ) + Uidj i + Uexpj e − ℓ j, f

2

(3.3)

f =1 j=1

where ℓ j, f ∈ R2 is the 2D location of the j-th facial landmark ( j = 1, .., L) in the f -th frame of the
(l )
(l )
input video ( f = 1, .., F ). In addition, x̄(l j ) ∈ R3 , Uidj ∈ R3×ni and Uexpj ∈ R3×ne are the 3 rows of
x̄, Uid and Uexp respectively that correspond to the x, y and z coordinates of the vertex of the dense
facial shape with index l j , which is associated with the j-th landmark. In addition, as in the main 3D
face reconstruction, we impose box constraints on the shape parameters i and e.
We solve the above problem by adopting an alternating minimisation approach, with respect to
shape parameters {i, e} and camera parameters {Π1 , .., Πn f }. We initialise the alternation by setting
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i and e to zero vectors, which corresponds to the mean shape x̄. Then, we alternate between the
following two steps:
1. Keeping the shape parameters {i, e} fixed, we update the camera parameters {Π1 , .., Πn f } by
minimising Eland (3.3) with respect to {Π1 , .., Πn f }. This minimisation is decoupled for every
frame and is approximated by using the extended POS approach of Bas et al. [21].
2. Keeping the camera parameters {Π1 , .., Πn f } fixed, we update the shape parameters {i, e} by
minimising Eland (3.3) with respect to {i, e} under the imposed box constraints. This is again
a least squares optimisation with box constraints, which we solve efficiently by using the
reflective Newton method of [59].
We have empirically observed that it is sufficient to apply only a few number of the above alternation
iterations (e.g. 5), since after that we achieve convergence with negligible updates on the estimated
parameters. As the final processing step for this initialisation step, the sequence of estimated camera
parameters (in the form of scale, rotation angles and translation parameters) is temporally smoothed
using cubic smoothing splines. Please note that the estimation of the rigid shape parameters {i, e}
in this initialisation stage plays only an auxiliary role, to facilitate the estimation of the camera
parameters, which is the main goal and the final output of this stage.

3.4

Annotation Results and Evaluation

In this section, we provide details on the evaluation of the intermediate step of creating pseudo-ground
truth for training by using our approach on 3D face reconstruction. In more detail, the aim of this
experiment is to assess the ability of our designed 3D face reconstruction in producing high-quality
estimations on in-the-wild videos, and consequently validate the quality of pseudo-ground truth
annotations in Face3DVid dataset. For that, we test our 3D reconstruction method on the 4DFAB
dataset [54], which contains ground truth information, in the same way followed on the Face3DVid
dataset. Since the Face3DVid dataset has in-the-wild videos and 4DFAB was taken under lab
(controlled) conditions, we added noise to the extracted landmarks from the videos of [54] based
on the mean of the Cumulative Error Distribution (CED) reported in [72]. Next, we compute the
vertex-to-vertex distance between our produced 3D reconstructions and the ground-truth 3D scans
of [54]. This distance (error) was normalised by the inter-ocular distance of the neutral face of
each sequence. We then compare our results with: 1) a baseline approach following a linear shape
model fitting proposed in [143, 142], and 2) ITW [32], a state-of-the-art 3D reconstruction method
from in-the-wild images. Figure 3.4 visualises the CED curves obtained by our method, ITW [32]
and a baseline [143, 142]. We observe that our 3D face reconstruction approach achieves a better
performance than the compared methods, with a mean normalised vertex to vertex error of 0.06. Some
frames selected randomly from the Face3DVid dataset along with their generated 3D pseudo-ground
truth can be visualised in Figures 3.5, 3.6, 3.7, 3.8 and 3.9.
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Fig. 3.4 Mean (over all vertices of every mesh) vertex-to-vertex error between the 3D
reconstructions produced by our method, ITW and a baseline and the ground-truth 3D
meshes of the 4DFAB dataset.

Fig. 3.5 Example frames from the collected Face3DVid dataset along with their 3D annotations. Top row shows frames from different videos, while the generated 3D reconstructions
are in the bottom row.

50

Large-scale Dataset Creation

Fig. 3.6 Randomly selected frames from the collected Face3DVid dataset along with their
3D-aware 2D landmarks and 3D reconstructions. Order of presentation per frame: input
frame, cropped face based on the estimated bounding box, estimated 3D shape and pose
visualized from 3 different views (camera view, side and top views with respect to the
camera).
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Fig. 3.7 Randomly selected frames from the collected Face3DVid dataset along with their
3D-aware 2D landmarks and 3D reconstructions. Order of presentation per frame: input
frame, cropped face based on the estimated bounding box, estimated 3D shape and pose
visualized from 3 different views (camera view, side and top views with respect to the
camera).
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Fig. 3.8 Randomly selected frames from the collected Face3DVid dataset along with their
3D-aware 2D landmarks and 3D reconstructions. Order of presentation per frame: input
frame, cropped face based on the estimated bounding box, estimated 3D shape and pose
visualized from 3 different views (camera view, side and top views with respect to the
camera).
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Fig. 3.9 Randomly selected frames from the collected Face3DVid dataset along with their
3D-aware 2D landmarks and 3D reconstructions. Order of presentation per frame: input
frame, cropped face based on the estimated bounding box, estimated 3D shape and pose
visualized from 3 different views (camera view, side and top views with respect to the
camera).
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Summary and Conclusion

In this chapter, we present Face3DVid, a large-scale facial videos dataset (9750 videos in total) of our
own collection and annotation. We discuss the motivation behind the collection of this dataset and
the need to annotate it accurately so that it can be uitilised for training deep Convolutional Neural
Networks (CNNs) for in-the-wild and monocular: 1) facial expression recognition, 2) 3D motion
estimation, and 3) sequence-to-sequence based full-head reenactment. For each frame of this dataset,
the following annotations were produced: 1) 68 sparse facial landmarks, 2) bounding boxes around
detected and tracked faces, 3) camera and 3D pose parameters, 4) a dense 3D facial reconstruction in
the form of a triangular mesh, 5) the identity and expression parameters of the 3DMM utilised during
the reconstruction process, 6) dense 3D flow/motion maps between pairs of frames. To assess the
quality and usefulness of our annotations, we conduct both quantitative and qualitative experiments
evaluating our generated annotations and comparing our adopted pipeline against other state-of-the-art
approaches.

Chapter 4
Combining Model-free and Model-based
approaches for 4D Face Reconstruction
Monocular 4D face reconstruction is a challenging problem, especially in the case that the input video
is captured under unconstrained conditions, i.e. “in the wild”. The term 4D refers to the problem of 3D
reconstructing and tracking throughout the input sequence of frames, i.e. 3D+time. The majority of
the state-of-the-art approaches build upon 3D Morphable Models (3DMM), which have proven to be
more robust than model-free approaches such as Shape from Shading (SfS) or Structure from Motion
(SfM). While offering visually plausible shape reconstruction results that resemble real faces, 3DMM
adhere to the model space learned from exemplar faces during the training phase, often yielding facial
reconstructions that are excessively smooth and look too similar even across captured faces with
completely different facial characteristics. This is due to the fact that 3DMM are typically used as
hard constraints on the reconstructed 3D shape. To overcome these limitations, in this chapter we
propose to combine 3D Morphable Models (3DMM) with Dense Nonrigid Structure from Motion
(DNSM), which is sensitive to capture settings but has the potential of reconstructing fine details and
capturing the subject-specific facial characteristics of every input. We effectively combine the best
of both worlds by introducing a novel dense variational framework, which we solve efficiently by
designing a convex optimisation strategy, due to the convexity of the formulated energy functional. In
contrast to previous methods, we incorporate 3DMM as a soft constraint, penalizing both departure
of reconstructed faces from the 3DMM subspace and variation of the identity component of the
3DMM over different frames of the input video. As demonstrated in the qualitative and quantitative
experiments of this chapter, the suggested method is highly invariant to the uncontrolled acquisition
settings of input videos, accurately estimates the 3D facial shape over time and outperforms other
state-of-the-art methods of 4D face reconstruction.
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Fig. 4.1 Our proposed framework marked by the different designed stages

4.1

Proposed Framework

The method we put forward in this chapter (henceforth referred to as DSfM-3DMM, short for Dense
Structure from Motion-3D Morphable Models) benefits from two combined schemes, namely: 1)
multi-frame subspace flow, where motion flow field is estimated from the input frames starting from a
reference image, and 2) a 3D Morphable Model that plays a key role in the initialisation and final
energy formulation of the entire framework.
Fig.4.1 demonstrates the different stages adopted in our DSfM-3DMM approach for doing the
dense 3D reconstruction and tracking task. After parsing the input video into a sequence of frames,
two steps are carried out concurrently: 1) following the Multi-Frame Subspace Flow (MFSF) work of
R. Garg et al. [99], dense optical flow is computed from a reference frame, not necessarily the first
frame, to each of the other frames in the input sequence (section 4.1.3 ), 2) a Large Scale Facial Model
(LSFM) [33, 31], the largest-scale 3D morphable model of facial identity learned from around 10,000
scans of different individuals, is used to provide a rigid estimation of the human face captured in the
input video, with the aid of 68 facial landmarks (section 4.1.1), as well as an estimation of the camera
pose parameters. Next, a correspondence is established in our approach between the rigid estimation,
represented in the 3DMM space, and the dense 2D optical flow extracted with [99] (section 4.1.5). In
the final step, we aim to minimise an energy function we formulate in section 4.1.6, so that we can
densely reconstruct in 3D and track the subject’s face appearing in the input monocular video. Our
contribution lies in extending the dense variational formulation of [98] by adding face-specific priors.
In contrast to previous 3DMM-based methods, the priors are incorporated as soft constraints, allowing
deviations from the 3DMM subspace, so that the solution can capture facial shapes that cannot be
represented by the face model. With the proposed framework, we achieve dense 4D reconstructions
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that not only are robust to in-the-wild conditions but also include fine details and facial shape and
dynamics that are specific to the captured face.

4.1.1

3D Morphable Models (3DMM)

For the identity part of the utilised 3DMM in this chapter, Large Scale Morphable Model (LSFM)
[33, 31], which was built from approximately 10,000 scans of different people with varied demographic
information, was adopted. Additionally, the blendshapes model of Facewarehouse [48] was used for
the expression. We refer the reader to section 2.2.2 for more details about 3DMM.

4.1.2

UV Mapping and Model Space Sub-Sampling

The objective (energy) functional formulated in this chapter (as detailed later in section 4.1.6) has
a term Ereg that works as an edge-preserving spatial regularizer. Such a term is defined based on
an unwrapped version of the 3D shape S f we need to estimated for each frame. The aim of the
unwrapping is, therefore, to establish a one-to-one mapping f (v) : R3 → R2 that maintains a 3D to
2D correspondence between each 3D face vertex (vi ) and a 2D point on an image grid. Towards that
goal and following [34], we choose to perform an optimal cylindrical unwrapping of the 3DMM mean
face (x̄) in the UV space, a space in which the manifold of the face is flattened into adjoining 2D
atlas. This results in a 3-channel image/UV-map (U ) such that U (ci ) = vi , where ci is a point on this
unevenly distributed map. After placing the center of mass of the mean 3DMM face shape (x̄) at the
origin, ci = [θi , z′i ]T = f (vi ) is computed as follows:
x
θi = arctan( ), z′i = y
z

(4.1)

where vi = [x, y, z]T is the corresponding vertex on the 3DMM mean face x̄.
A key advantage of defining this bijective mapping is that neighbouring vertices on the mesh will
be neighbours in UV space, resulting in a shared topology T , where T = [tT1 , tT2 , ..., tTm ], ti = [t1i ,t2i ,t3i ],
t ij ∈ {Z+ |t ij ≤ N}, given that ti is the ith triangle index and T is provided with the utilised 3DMM.
For the sake of making this step non video-specific, we define a fixed regular grid G overlaid
on top of the UV map (U ) computed from x̄ and find its corresponding 3D face shape, call it x̄s ,
by subsampling the 3DMM space. By adopting such an approach, the dependency of the UV map
is decoupled from the input video, leading to a predetermined correspondence between G and any
reconstructed 3D face xs in the subsampled 3DMM.
With a step size: Dz = rDθ , the 2D grid G is pre-computed, given that r is the radius of the
optimal unwrapping cylinder, computed as in [34] based on annotations, and Dθ is chosen so that 2D
grid points density is comparable to the original 3DMM resolution N.
Since the computed UV map (U ) shares the same topology as the 3DMM mean face (x̄), 3D
vertices corresponding to the 2D grid (G) points are computed as the barycentric coordinates of the
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triangles defined in T and overlaid on top of grid in the UV space. This gives rise to a sub-sampled
3DMM mean face shape (x̄s ∈ R3×Q , Q being the sub-sampled face resolution) derived as follow:
x̄s = [v1 , ..., vQ ] = x̄B

(4.2)

B = [B1 , ..., BQ ] ∈ RN×Q is the matrix storing the barycentric coordinates Bi ∈ RN of a vertex vi that
corresponds to 2D grid point lying inside a triangle t j = [t1j ,t2j ,t3j ] in G. Bi is actually a sparse vector
(having at least N − 3 zeros) with Bi (t1j ), Bi (t2j ), Bi (t3j ) amounting to the barycentric coordinates of vi .
To adjust the incorporated 3DMM model in section 4.1.1 accordingly, we sample Uid and Uexp in the
same manner based on B, producing the following subsampled 3DMM:
xs = x̄s + Us id i + Us exp e

(4.3)

where x̄s , Us id , Us exp denote the sub-sampled mean face, identity and expression bases, respectively.
Henceforth, this sub-sampled model will be used and referred to in this chapter, even though we
omit the superscript s in equation 4.3 and consider Q ≈ N. It is worth noting that after subsampling
both Uid and Uexp we need to orthonormalise them again to be used in our Edmm and Eid terms of the
energy functional we formulate in equation 4.7. We choose to orthonormalise both bases as follows:
SV D(Us exp Us Texp ) = Ũsexp Λexp ŨsT
exp

(4.4)

s
sT
s
Ũsid Λid ŨsT
id = SV D((I3Q×3Q − Ũexp Ũexp )U id )

(4.5)

noting that SV D(.) is the singular value decomposition operator, Ũsid , and Ũsexp are the orthonormalised
versions of the sub-sampled identity and expression bases, respectively, and Λid , Λexp are their
corresponding eigenvalues .

4.1.3

Multi-Frame Subspace Flow

Starting from the observation that 2D trajectories of various points on the same non-rigid surface
exhibit high degree of correlation over time, R. Garg et al. put forward in [99] a procedure for the
computation of optical flow from a reference frame to all other frames in a sequence. Their key
remark is that the amount of correlation existing between moving points (pixels) on a non-rigid surface
over time can be expressed in a compact form as a linear combination of a low-rank motion basis.
This results in a subspace constraint acting as a spatial regularisation term, along with a brightness
consistency term, in their formulated energy functional. The final outcome is a reduction in the
notoriously high-dimensionality associated with this kind of problems, and a temporally smooth
estimation.
While generating the motion field estimation results in our framework, we incorporate the gradient
of pixel intensities, rather than their absolute values, in the brightness consistency term suggested
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in [99] for more robust performance, given our test videos are challenging (in-the-wild), of varying
resolutions and affected by noise.

4.1.4

3D Rigid Initialisation Using 3DMM

In this chapter, we opt for computing the rigid 3D face shape initialisation of our framework using
3DMM. This is mainly due to the fact that relying on Rigid Structure from Motion (RSfM) techniques,
as it is done usually in similar frameworks, for the rigid initialisation computation has significant
shortcomings in some challenging scenarios: 1) human faces captured in the input video should exhibit
enough rotation for the SfM to work robustly, 2) no significant occlusion can be present, 3) 2D facial
features should be tracked quite accurately among input frames sequence. All the aforementioned
issues can be encountered quite often in in-the-wild videos. Hence, a powerful alternative approach is
to use 3DMM fitting on sparse facial landmarks, leading to a plausible face reconstruction suitable as
an initialisation and overcoming the previously stated barriers.
A two-step procedure was followed to produce the rigid 3D shape estimation. While in the first
camera parameters are estimated, the second step tackles the calculation of identity and expression
parameters (i and e), assumed in our rigid case to be fixed over all input frames sequence. This
procedure is identical to the initialization stage we follow in section 3.3.2 while annotating our
Face3DVid dataset. For more details on this procedure, please check section 3.3.2 of chapter 3. Note
that the 3DMM parameters (i and e) estimated at the end of this step are constant over all the input
frames f of a given video, complying with our postulated assumption about the rigidity of estimated
face at this stage. The facial shape rigidity assumption throughout the whole video is rather tight.
However, as verified experimentally in [323], once provided with a significant number of frames, it
provides a very robust initialisation of the camera parameters even in cases of large facial deformation.

4.1.5

2D-3D Correspondence Establishment

Having obtained a sequence of 2D tracks (W2D ∈ R2n f ×K , K being the number of dense 2D image
points tracked between frames) lying on the subject’s face (section 4.1.3) and a rigid initialisation
(x = x̄ + Uid i + Uexp e) of its 3D shape (section 4.1.4), a correspondence between these 2D tracks and
the rigid 3D shape vertices should be constructed.
Using the estimated camera matrix of the reference frame, say Π f ⋆ , the rigid shape x ∈ R3N is
projected first onto the reference frame f ⋆ , after being rearranged as a matrix x′f ⋆ ∈ 3 × N with (x, y, z)
coordinates of each vertex placed in a column-wise order:
P(Π̂ f ⋆ , x′f ⋆ ) = x̂f⋆ = Π̂ f ⋆ x′f ⋆

(4.6)

where P: R3×N → R2×N is a linear view transformation mapping 3D to 2D points, Π f ⋆ is a 2 × 3
camera matrix of the reference frame f ⋆ , estimated in section 4.1.4, and x′f ⋆ ∈ R2×N is the projected
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vertices of the rigid 3D face on the reference frame f ⋆ . Let
wf⋆

"
x1 ⋆
= 1f
yf⋆

#
... xKf⋆
∈ R2×K
... yKf⋆

represent the traced face dense 2D points in the reference frame f ⋆ , with W2D = [wT1 , ..., wTn f ]T ∈
R2n f ×K . A correspondence between w f ⋆ and x′f ⋆ is created by choosing the nearest neighbour
(column), based on the euclidean distance, in w f ⋆ for each vertex (column) in x′f ⋆ . This results in
a matrix, say wnn
f ⋆ , of size 2 × N, where N is the resolution (number of vertices) of the utilised and
sub-sampled 3DMM (see section 4.1.2). Since the dense point tracks are known with respect to the
reference frame, the matrix W2D is updated by adding the track of each point in w f ⋆ , resulting in a new
nn . Following an iterative approach, W nn is used again for refining the rigid estimation
matrix, call it W2D
2D
(Π̂ and x) obtained in section 4.1.4, but this time using all dense 2D tracks N, which have been put in
correspondence with the rigid 3D estimation, rather than the 68 facial landmarks employed in the first
iteration. Experimentally, we found that 2-3 iterations is enough for most of the tested videos.

4.1.6

Energy Formulation

Let I1 , ...., IF be the input video frame sequence to be densely reconstructed in 3D and tracked, F the
number of frames, Ire f the reference frame, N the number of pixels tracked starting from the reference
frame after establishing the correspondence with the utilised sub-sampled 3DMM as described in
section 4.1.5. With the aim of 3D dense reconstruction and tracking from monocular videos in mind,
we compose an objective function of the form:
E(R, S) = λ Edata (R, S) + Ereg (S) + τEtrace (S) + cdmm Edmm (S) + cid Eid (S)

(4.7)

Data term (Edata ). This term is a geometric data term that aims at minimising the reprojection
of reconstructed shapes into input frames. This term takes the following quadratic form, with ||.||F
denoting Frobenius norm:
1
Edata = ||W − RS||2F
(4.8)
2
where W is the 2D tracks matrix of size 2F × N, storing N tracked points on Ire f throughout the input
sequence (see W2D section 4.1.5), R is 2F × 3F reprojection matrix with diagonal 2 × 3 elements
implementing the per-frame reprojection, S is 3F × N matrix stacking vertically per-frame 3D shapes
Sf
 1

x f ... xNf


S f = y1f ... yNf 
z1f ... zNf
with columns having the x, y, z coordinates of each 3D shape vertex.
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Regularisation term (Ereg ). It is an edge-preserving spatial regularization on the dense 3D
trajectories that comprise the columns of S. Consider Sif as the ith (i = 1, 2, 3) row of a frame f 3D
shape S f . Ereg is defined as a total variation term:
F

Ereg =

3

F

3

N

∑ ∑ TV {Sif } = ∑ ∑ ∑ ||∇Sif (p)||

f =1 i=1

(4.9)

f =1 i=1 p=1

with Sif representing a discrete 2D image of the same size as the 2D grid (mask) G defined in section
4.1.2 and ∇Sif (p) denoting the gradient of Sif at pixel p. Since each vertex in Sif gives rise to a pixel
on I f , reshaping Sif , based on G, as a 2D discrete image holds valid and allows the computation of
the gradient as forward differences in both horizontal and vertical directions (interested readers are
referred to [51] for more details).
Trace term (Etrace ). As the name implies, this term favours a smaller rank of the time-evolving shape
matrix, minimising the number of principal components needed to represent such a shape over time.
min(F,3N)

Etrace = ||P(S)||⋆ =

∑

Λj

(4.10)

j=1

given that ||.||⋆ is the nuclear norm and P(S) is an F × 3N matrix, with row-wise per-frame shapes.
Additionally, we propose to add two new terms (Edmm and Eid ) that are face-specific and act as a
soft constraint on: 1) departure of S f from our 3DMM space, and 2) deviation from the mean identity
in the input frame sequence, respectively.
Distance from 3DMM space (Edmm ). This term penalises the deviation of reconstructed shapes
from the 3D Morphable Model space. It is formulated as a quadratic cost between the per-frame
reconstructed shapes and their projection onto the subspace spanned by the 3DMM.
Edmm =

1
2

F

∑ cdmm ||(I − ŨŨT )(S f − x̄)||2

(4.11)

f =1

given that x̄ is the mean 3DMM shape of size 3N, I is a 3N × 3N identity matrix, Ũ = [Ũid Ũexp ]
is a 3N × (np + nq) combined basis comprised of the orthonormalised and subsampled version of
Large Scale Morphable Model (LSFM) [33, 31] and Facewarehouse [48], respectively, as explained
in section 4.1.2. np + nq symbolises the principal components kept for explaining the identity and
expression of reconstructed faces in the 3DMM subsapce.
Identity unification (Eid ). With the objective of consolidating identity of reconstructed 3D shapes
(S f ) throughout the input sequence, this term focuses on keeping the projection of each obtained 3D
shape on the identity basis of our 3DMM subspace as close as possible to the mean projections onto
the same basis over all frames. Mathematically, this term is put together as below:
1
Eid = cid
2

F

∑ ||ŨTid (S f − x̄) − d¯id ||2

f =1

(4.12)
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1
d¯id =
F

F

∑ ŨTid (S f − x̄)

(4.13)

f =1

Optimisation of the Formulated Energy
To minimise the proposed energy functional in equation (4.7), we adopt a similar minimisation
procedure to the one suggested in [98]. We alternate between the estimation of the motion matrix R
and the shape matrix S, maintaining the other unalterable.
Minimising equation (4.7) w.r.t R while fixing S is fairly straightforward, boiling down to
minimising the only dependent term (Edata ) using Levenberg-Marquardt. On the other hand, in a
second step, estimating S while keeping R constant is a non-trivial task. Basically, the problem can
be divided into two sub-problems, with the aim of decoupling the nuclear norm and TV regularisation
terms of the energy, as demonstrated in equations (4.14) and (4.15).
min
S

1
λ
||S − S̄||2F + ||W − RS||2F + ∑ ||∇Sif (p)||+
2θ
2
f ,i,p

cdmm
2
cid
2

F

∑ ||(I − ŨŨT )(S f − x̄)||2 +

(4.14)

f =1

F

∑ ||ŨTid (S f − x̄) − d¯id ||2

f =1

min
S̄

1
||S − S̄||2F + τ||P(S̄)||⋆
2θ

(4.15)

where θ has the role of a quadratic relaxation parameter that is relatively small so that the optimal S
and S̄ are similar. Although equation (4.14) is convex, it is non-differentiable due to the presence of
the edge-preserving spatial regularisation term (Ereg ). Circumventing such a problem can be achieved
by dualising the regularization term in (4.14) and rewriting the corresponding minimisation in its
primal-dual form. Algorithm 1 summarises the approach for minimising (4.14).
In Algorithm (1), we chose to decouple overall 3D shapes estimation into per-frame independent
problem, so that it is feasible to solve it in parallel using GPU (Graphics Processing Unit). Note
that, in Algorithm 1, R̂ = (R f (2×3) ⊗ IN×N ) is a 2N by 3N matrix which implements the orthographic
projection of S f (3N×1) onto the corresponding frame resulting in W f (2N×1) , given that N is the
resolution of the subsampled 3DMM, which is also equivalent to the number of tracked points in each
input frame after establishing the correspondence as explained in section 4.1.5.
To minimise equation 4.15, we use the soft impute algorithm, see [204] for more details.

4.2

Experimental Results

In this section, we present the results obtained while conducting both quantitative and qualitative
experiments to evaluate our method against other state-of-the-art methods, namely: 4Dface [141],
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Algorithmus 1: Primal dual algorithm for Eq. (4.14)
Input: Measurement matrix W, current motion matrix estimates R̂, low rank shapes
S̄, combined 3DMM basis comprised of identity and expression respectively
Ũ = [Ũid Ũexp ]
Output: Spatial smooth shapes S
Parameters: λ , θ , and step size σ of dual update
Initialise: the dual variable q using the estimates from the previous iteration of this
algorithm (0 in the first)
while not converge do

 ⋆ 1
∇ q1 (1) .. q11 (N)


.
..
.

Dq = 


.
..
.
∇⋆ q3F (1) .. ∇⋆ q3F (N)
for f = 1 to F do
S f (3N×1) = (λ R̂T R̂ + θ1 I3N×3N + cid Ũid ŨTid + cdmm ŨŨT )−1 (λ R̂T W f (2N×1) +
S̄ f
θ

+ cdmm ŨŨT x̄ + cid Ũid ŨTid x̄ + cid Uid d̄id − Dfq(3×N) );

for f = 1 to F, i = 1 to 3, p = 1, to N do
qif (p) =

qif (p)+σ ∇Sif (p)
max(1,||qif (p)+σ ∇Sif (p)||)

;

3DMMedges [21], DV-NRSfM [98]. We use the code provided by the authors for the methods
we compare against without any modifications. As stated before, our 3DMM model of choice is a
combination of the Large Scale Facial Model (LSFM) and Facewarehouse [48], which is composed
of 150 individuals aged 7-80 from various ethnic backgrounds, for the expression. The LSFM and
Facewarehouse models were registered using Nonrigid ICP [55] algorithm. Motion field estimation
was generated in our framework using the code provided by the authors of [99], but with incorporating
gradient information computed from input frames sequence in addition to the direct intensity values.

4.2.1

Quantitative Results

To quantitatively evaluate our presented method, we generated two synthetic videos each consisting
of 440 frames and exhibiting various natural expressions and head pose variations. Those two videos
were acquired from high-resolution face scans generated by a DI4DTM face scanner, with the (virtual)
camera undergoing a periodic rotation. Such videos facilitate the quantitative evaluation of the 4D
face reconstructions for every tested frame. Fig. 4.2 shows 3 selected frames with different poses and
expressions from each of the synthetic videos we produce. The original size of each frame including
the black background is 512 × 512 pixels.
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Fig. 4.2 Three frames, showing dissimilar facial expressions, from the two synthetic videos
we generate in this chapter. Top row: video 1, bottom row: video 2. These are used for
quantitative evaluation.

Fig. 4.3 Quantitative evaluation of the compared methods on synthetic video 1 (top) and 2
(bottom).
To evaluate our per-frame reconstructed 3D faces against the ones produced by 4Dface [141],
3DMMedges [21], and DV-NRSfM [98], we calculate a per-frame error representing the average
per-vertex discrepancy between the recovered mesh and the corresponding ground truth. While
generating the results, the same 68 facial landmarks were made available as an input for all the tested
methods, including ours. In addition, all generated faces were aligned with the ground truth meshes
before calculating any quantitative comparative measures. Fig. 4.3 demonstrates the cumulative error
across all frames with four different methods. Our method (termed as DSfM-3DMM) outperforms the
other three methods in both videos, followed by 3DMMedges, 4Dface, and DV-NSfM, respectively.
The performance of DV-NSfM is the worst, since it struggles to reconstruct faces in the lack of proper
camera rotation around the synthesised faces in the videos. On the other hand, our initialisation proves
its robustness in such a challenging scenario.

4.2 Experimental Results
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Fig. 4.4 Quantitative evaluation of our method against some of its variants, produced by
deleting some terms of Eq. 4.7, on 1000 synthetic frames.

4.2.2

Effect of Edmm and Eid Terms

To appraise the decisive role of incorporating Edmm and Eid terms in the final energy equation 4.7, we
generated around 1000 synthetic frames with 2 different subjects, a male and a female, exhibiting
various facial expressions while the synthetic camera is rotating around them incrementally, left to
right. We tested our method, along with some variants of which, on those frames and computed
the per-vertex error for each reconstructed frame. The final result is demonstrated in Fig.4.4 as a
cumulative error across all frames reconstructed using:
1. DSFM − 3DMM: our proposed method in this paper, with all the energy terms in equation 4.7.
2. DSFM − Edmm our proposed method without the Eid term in equation 4.7.
3. DSFM: equation 4.7 without Edmm and Eid .
4. 3DMM: classical 3DMM fitting using sparse landmarks only, see section 4.1.4
Analysing Fig. 4.4 reveals that, as argued earlier, using 3D Morphable Models (3DMM) alone
limits the reconstruction results in terms of capturing the fine scale details, vindicated in the figure
with the smallest area under the corresponding curve. Using a dense nonrigid structure from motion
(DSFM) produces more accurate reconstructions compared to using 3DMMs alone, as can be seen in
Fig. 4.4. Combining DSfM with 3DMM fitting approaches leads to better reconstructions as we claim
in this paper, which can be justified in the results visualised in Fig. 4.4. The combination of Edmm
and Eid proves fruitful when compared against relying on only the distance from the learned 3DMM
manifold (Edmm term).

4.2.3

Qualitative Results

For the qualitative evaluation, in-the-wild videos from the 300VW [252] dataset were selected. The
aforementioned dataset is characterised by challenging videos accompanied with noise, occlusions,
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Fig. 4.5 Reconstruction results produced by our method on four dissimilar videos concatenated column-wise along with the generated 3D faces. Each row depicts a frame from one
video and to its right is the corresponding reconstructed 3D face.
and low resolution, rendering the process of reconstruction very demanding. Fig. 4.6 reveals a
qualitative comparison between the reconstructed faces from two test videos by our scheme (DSfM3DMM), 3DMMedges [21], 4Dface [141], and DV-NRSfM [98]. Looking at Fig. 4.6 in more details,
some apparent trends can be noticed. First, DV-NRSfM produces the worst results with several
noticeable deformations, which can be attributed to the fact that both videos have low-resolution and
lack enough camera rotation for this method. Shapes obtained by our method look more similar to
the actual subjects and are marked by person-specific characteristics, e.g. the nose shape and eye
closure (middle and bottom frames) in the male video, and the rise of the eyebrows in the female
video (middle frame). 3DMMedges and 4Dface methods generate faces of less similarity to the
captured subjects compared to ours. 3DMMedges method fails sometimes completely in estimating
the correct subject’s pose, e.g bottom frame of the female-video. Fig. 4.5 presents the reconstruction
results obtained by our proposed method when applied on some videos from in-the-wild 300VW
[252] dataset.

4.3

Summary and Conclusion

In this chapter, we propose a solution for the problem of 4D face reconstruction and tracking from
monocular videos. Our suggested framework capitalises on both Dense Nonrigid Structure from
Motion (DNSfM) and 3D Morphable Models (3DMM). The result is a more robust and accurate
methodology when dealing with challenging (in-the-wild) videos that have low-resolution and lack
proper camera rotation around the subject’s face, which affects considerably the DSfM when used
alone. At the same time, this combination produces 3D shapes that have somewhat the freedom
to depart from the 3DMM space and capture details that cannot be expressed by the incorporated

4.3 Summary and Conclusion
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3DMM. We have validated the potential of our proposed approach both quantitatively, using a set of
synthetic videos we generated, and qualitatively, on the 300VW [252] dataset for in-the-wild videos,
and outperformed other state-of-the-art methods tested on the same videos. The effect of adding the
two energy terms (Edmm and Eid ) acting as soft constraints on the 3DMM manifold were evaluated
separately on a synthetic set of videos and shown to offer a rewarding combination.
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Fig. 4.6 Reconstruction results generated from our method, 3DMMedges [21], 4Dface [141],
and DV-NRSfM [98] on a male and female in-the-wild videos with 80 and 100 interocular
resolution, respectively. Only 3 selected frames with their results are shown from each video.

Chapter 5
Facial Expression Recognition and Stress
Analysis
Human emotions analysis has been the focus of many studies, especially in the field of Affective
Computing, and is important for many applications, e.g. human-computer intelligent interaction,
stress analysis, interactive games, animations, etc. Solutions for the automatic analysis of facial
expressions of human emotions have also benefited from the development of deep learning approaches
and the availability of vast amount of visual facial data on the internet. In this chapter, we propose
a novel method for the human emotion recognition from a single RGB image. With the aid of our
large-scale Face3DVid dataset, see chapter 3, which is rich in facial dynamics, identities, expressions,
appearance and 3D pose variations, a deep Convolutional Neural Network (CNN) was trained for
estimating expression parameters of a 3D Morphable Model and combined with an effective back-end
emotion classifier. Our proposed framework runs at 50 frames per second and is capable of robustly
estimating parameters of 3D expression variation and accurately recognizing facial expressions from
in-the-wild images. We present extensive experimental evaluation that shows that the proposed method
outperforms the compared techniques in estimating the 3D expression parameters and achieves stateof-the-art performance in recognising the basic emotions from facial images, as well as recognising
stress from facial videos.

5.1

Methodology

The proposed approach capitalises on the recent advancements in 3D face reconstruction from
monocular videos and Convolutional Neural Networks (CNNs) architectures that proved effective in
the CV field. Our method is driven by the idea of disentangling the subject’s expression from identity
with the aid of 3D Morphable Models (3DMM) [27]. Given a single image, we regress a vector
representing the 3D expression of the depicted subject with the help of a novel Deep Convolutional
Neural Network (DCNN), which we call DeepExp3D. This expression vector is ideal as a feature
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Fig. 5.1 Proposed framework of Facial Expression Recognition (FER) from images. Top:
FaceVid annotation process (chapter 3). Middle: training of DeepExp3D (sec. 5.1.1).
Bottom: final framework for FER (sec. 5.1.2). Vectors e, i, c estimated in the annotation
process (top) represent facial expression, identity and camera parameters, respectively.
vector since it achieves various invariances (with respect to the individual’s facial anatomy, 3D head
pose and illumination conditions), and we show that an emotion classifier trained on this feature can
recognise expressions reliably and robustly. Figure 5.1 demonstrates an overview of the proposed
framework.
Motivated by the progress in the 3D facial reconstruction from images and the rich dynamic information accompanying videos of facial performances, we utilise 5,000 videos from the Face3DVid
dataset (see chapter 3) to train the proposed DeepExp3D network in a supervised manner for regressing the expression coefficients vector e f from a single input image I f (section 5.1.1). As a final step,
a classifier was added to the output of the DeepExp3D to predict the emotion of each estimated facial
expression, and was trained and tested on standard benchmarks for FER ( section 5.1.2).

5.1 Methodology

5.1.1
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DeepExp3D Network

The Face3DVid dataset, detailed in chapter 3, is rich in the facial expressions that are viewed
from different angles and under various illumination conditions throughout the video, as well as
in identities. This substantially facilitates the process of training a Convolutional Neural Network
(CNN) N : I → e, aiming at regressing the 3DMM facial expression coefficients (referred to as e
in equation (3.1)) from a given RGB image I. The network N (I) learns during the training phase
how to map from the image space to the facial expression space irrespective of the subject’s identity
shown in image I. This is achievable by the virtue of the utilized facial 3DMM which represents the
reconstructed face as a summation of identity and expression parts on top of the model mean face
(x̄), see equation (3.1). We extract vectors e from 5000 videos (1,500 identities) of our Face3DVid
dataset as a result of the fitting approach explained in chapter 3 and use them as pseudo annotations
for training N in a supervised manner. However, to avoid teaching N the exact behaviour of our
linear model-based fitting approach for estimating the facial expression parameters, we fine-tune our
DCNN (N ) on the 4DFAB dataset [54]. The 4DFAB dataset is a large-scale database of dynamic
high-resolution 3D faces (more than 1.8M 3D face) with subjects displaying both spontaneous and
posed facial expressions. The ResNet [127] network architecture was selected as the backbone of
the DeepExp3D stage. RseNet has been adopted as it is a State-Of-The-Art (SOTA) network that
has reported a top performance on multiple challenging benchmarks (COCO, ImageNet, ILSVRC)
[127]. Our DeepExp3D was trained after replacing the output softmax layer by a linear regression
layer of ne = 28 neurons. Before starting the training, dataset frames were aligned to a template of
size 224 × 224 having the 68 points mark-up [244] projected from the mean 3D face x̄ into the image
space. In total, the trained DeepExp3D is a mapping: R 224×224 → R 28 . Note finally that 70% of
the utilised 5,000 videos were used for training and the rest were halved for testing and validation.
While training, the network minimises the ℓ2 norm error between the output and the ground-truth
facial expression parameters.

5.1.2

Back-end Emotion Classifier

To classify the generated facial expression vectors e ∈ R 28 produced by the DeepExp3D network
N , Error Correcting Output Codes (ECOC) method [76] was utilised to solve this 7-class (neutral
+ six basic emotions) classification problem. ECOC strategy combines multiple binary learners to
solve the multi-class classification problem. Our binary learner of choice is Support-Vector Machines
(SVM). The reason we opted for SVMs is that they are one of the most robust and accurate among the
other classification algorithms. To validate that, we compare SVMs against K-Nearest-Neighbour
(KNN), Fandom Forests (RF), Discriminant Analysis (DA), and a fully-connected non-layer attached
to the output of our DeepExp3D network to perform the classification task. We notice that SVMs
outperformed all the previous alternatives with ≥ 3% of accuracy on all tested benchmarks in this
chapter. 10-fold cross validation with the one-versus-all [212] coding scheme were implemented
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Dataset
RadFD [173]
KDEF [194]
RAF-DB [183]

# images
8040
4900
29672

# subjects
67
70
N/A

Emotions
7 B+ 1 N
6 B+ 1 N
6 B+ 1 N, 12 C

Elicitation
Resolution
posed
681 × 1024
posed
562 × 762
posed& spon- web images
taneous
CFEE [81]
5060
230
6 B+ 1 N, 15 C posed
1000 × 750
CK+[193]
327×(10 to 210
7 B+ 1 N
posed& spon- 640 × 480
60 )
taneous
Table 5.1 Public databases of emotions utilised in this paper. B, N, C stand for basic, neutral
and compound emotions, respectively.

to train/test the emotion classifier. The SVM hyper-parameters were optimized using the Bayesian
optimization approach [263]. 68-landmarks were extracted from the images of all the employed
emotion datasets in table 5.1 and used to register them to the mean face template, as done in section
5.1.1.

5.2

Experimental Results

In this section, we present extensive qualitative and quantitative evaluations and comparisons of our
pipeline, as well as its intermediate steps. For the quantitative part, we report the achieved accuracies
and confusion matrices by our proposed method against all the other SOTA frameworks we compare
against. Such metrics are the standard performance measure metrics for facial expression recognition
reported in all the other methods we compare with, so we follow these metrics to be consistent with the
other methods and provide a fair comparison. The presented confusion matrices provide an additional
good insight on the performance in terms of True Positive Rate (TPR), True Negative Rate (TNR),
False Positive Rate (FPR), and False Negative Rate (FNR) which most of other available metrics can
be driven from.
Implementation and runtimes. Our method uses the ResNet [127] CNN structure with 50
layers, implemented in TensorFlow [1]. For both training and testing, we use a machine with Nvidia
Tesla V100 GPU and Intel(R) Xeon(R) CPU E5-1660 v4@3.20GHz. Our overall FER framework
achieves 20ms of total processing time per image (i.e. 50 fps when applied on videos). Using the
same machine, we also ran methods that solve the same (FER) or closely-related problems (3D shape
estimation with disentanglement of identity and expression) using single-image input, see Table 5.2.
We observe that our method is at least 4 to 320 times faster than the other tested methods. This is
mainly due to the particularly compact and descriptive representation of facial expressions that is
achieved in our framework.
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Table 5.2 Comparison of required run-time to produce estimations of facial expression from
a single image.
Method
Time (sec)

ITW [32]
6.4

SfM3DMM [171]
3.0

3DDFA [335]
0.6

ExpNet [52]
0.088

Ours
0.02

Fig. 5.2 Confusion matrices generated by our emotion classifier when running 10-fold cross
validation on RadFD[173] on only frontal images (left) and one of the semi-profile images
(right) of each subject.

Fig. 5.3 Confusion matrices generated by our emotion classifier when running 10-fold cross
validation on the KDEF dataset on only frontal images (left) and only one of the semi-profile
images (right) of each subject.

5.2.1

Facial Expression Recognition

To evaluate our FER method, 5 publicly available datasets for emotion recognition were used, namely:
Radboud [173], KDEF [194], RAF-DB [183], CFEE [81], CK+ [193]. All five datasets have basic
emotion [85] annotations (happy, sad, fearful, angry, surprised, disgusted), as well as the neutral
expression. Presentation of results per dataset follows:
First of all, the Radboud dataset [173] has 67 subjects imaged from 5 different angles each at
the same time. To test the performance of our network on recognising an emotion from dissimilar
view angles, we run two experiments. In the first, the frontal image of each subject showing a
specific emotion was kept (67 × 7 = 469 images in total), while in the second experiment one of the
semi-profile faces (captured from 45/135 degrees) of each subject was selected randomly and used for
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10-fold cross validation. Figure 5.2 reports the confusion matrices and accuracies obtained in both
cases. The average MSE of expression parameters generated from semi-profile and frontal images is
0.008 over all the subjects. The comparable generated accuracies in figure 5.2, as well as the small
MSE, demonstrate the ability of the DeepExp3D in producing view-angle independent expression
estimations. As shown in table 5.3, our proposed approach produces the highest accuracy (97.63%)
on the RadFD [173] dataset compared to recent state-of-the-art methods.
The KDEF dataset [194] is similar in structure to RadDF [173] where each of the 70 subjects
was pictured from five different angles at the same time (0◦ , 45◦ , 90◦ , 135◦ , 180◦ ). Each subject was
asked to elicit the same emotion twice, only one thereof was picked randomly. Only frontal images
(7 × 70 = 490 in total) were employed in the reported results in table 5.3. We attain the best accuracy
compared to other state-of-the-art methods (92.24%), revealing the power of our DeepExp3D in
generating separable facial expressions according to their basic emotion label. Figure 5.3 demonstrates
the confusion matrices generated by our emotion classifier on either frontal images (left) or semiprofile (45◦ ) images (right). Both reported confusion matrices emphasize the high separability of
happy and disgusted labels from the rest of the emotions (100% and 97.1%, respectively), while it
seems that the sad and neutral expressions tend to group closely (78.6% and 84.3% for frontal, and
71.4% and 78.6% for semi-profile images, respectively).
The CFEE dataset [81] was collected from 230 subjects with two groups of labelled images, basic
and compound. Images labelled with basic emotions (total of 1836) were passed to the DeepExp3D
and then for training/testing our emotion classifier. Our obtained average accuracy per class is
comparable to the state-of-the-art on this dataset by Du et al. [81], see table 5.3.
The RAF benchmark [183] is the most challenging among all utilised FER datasets in this
paper. This dataset was collected from the internet, no lab-controlled conditions. The authors of
[183] sought the help of well-trained annotators for segregating the dataset into basic and compound
emotion images. We use the basic emotion images, which are 13395 in total, and estimate their facial
expressions using DeepExp3D. The train/test splits provided by the authors of [183] were used for
training/testing our emotion classifier. Our produced average accuracy per class is comparable to
the highest accuracy reported on this dataset (82.06 vs 83.27).
On the Extended Cohn-Kanade (CK+) [193] dataset, our method manages to generate the
highest accuracy (96.45%) compared to other methods. This dataset has 327 sequences of frontal
images originating from 210 subjects. Similar to [52], we keep the peak frame of each sequence and
associate it with the label of this sequence.
Overall, quite similarly in all experimented benchmarks, the trained emotion classifier recognises
the happy, fearful, surprised and disgusted emotions better than the rest (neutral, sad, angry). This can
be mainly referred to two essential factors: 1) intensity of the related action units when deconstructing
each emotion according to the Emotional Facial Action Coding System (EFACS) [96], 2) ability of
employed expression basis (Uexp ) in capturing the relevant action units. The trained DeepExp3D
tends to capture well mouth- jaw- and cheeks-related motions (action units 6, 12, 14, 15, 16, 20, 26
[96]), e.g. lip corner puller/depressor, lower lip depressor, lip stretcher, jaw drop, etc., which are
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essential in characterising the happy, surprised, disgusted and fearful emotions. On the other hand,
subtle details around the eyes, like inner brow raiser, brow lowerer, upper lid raiser, lid tightener, etc.,
which are judgmental for discerning emotions like sadness and anger, appear to be more challenging
for the DeepExp3D. This can be explained by the fact that action units 6, 12, 14, 15, 16, 20, 26 are
better represented in the original FaceWarehouse model utilised to annotate our collected dataset of
videos presented in section 3.2, as well as the 4DFAB dataset [54] used for the fine-tuning stage.
Additionally, the extracted landmarks might degrade the results largely if they fail to annotate the 68
targeted locations on the face with good accuracy.

5.2.2

Emotional Stress Analysis

In this section, we investigate the ability of our proposed framework (see figure 5.1 bottom) in detecting
stress conditions using only facial videos. Stress is widely conceived as a complex emotional state
which can be identified by biosignals [109]. However, their recording may not always be convenient
and practical for daily monitoring, thus research community pursuits stress identification only using
facial cues, which constitutes a quite challenging task. Related literature is limited regarding the
combination of biosignals with deep learning frameworks [146, 115], or only visual cues [111, 114].
In this chapter, we evaluate the performance of our method against other state-of-the-art methods in
stress identification. Towards that end, we utilize the dataset (SRD’15) used in [111] which has 24
subjects (with age 47.3±9.3 years) and 288 videos in total. Each subject performed 11 experimental
tasks (either neutral or stressful). The whole experiment was divided into 4 phases: 1) social exposure,
2) Emotional recall, 3) stressful images/mental task, 4) stressful videos.
The frames of each recorded video were labeled as either ’stressful’ or ’non-stressful’, according
to the task under investigation. Next, our method was used to perform facial expression recognition
from each frame and a 5-fold cross validation was carried out, while making sure frames coming from
the same subject do not exist in both training and testing folds at the same time. The experiments
were repeated 10 times and the average stress recognition accuracy of each phase is reported in table
5.4. Note that the first phase (social exposure) was not taken into account as it contains a task with
speech which affects ‘per se’ head motility compared to a neutral non speech task as explained in
[112]. For comparisons, we have also followed the same protocol and applied the method of [111]
which uses head motility and the method of [115] which uses heart activity signals (IBI), with their
results also shown in table 5.4. We observe that the proposed method achieves high accuracy and
outperforms the other tested methods. This is an especially promising result for stress analysis, as our
method uses only non-invasive and frame-based visual features.

5.2.3

Evaluation of our Framework’s Intermediate Steps

Even though the final output of our proposed pipeline is the emotion class, we have also conducted
detailed experiments to evaluate the intermediate steps of our framework. First of all, we qualitatively
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Acc.(%)
75.00
85.00
85.97
94.52
95.71
95.78
96.93
97.57±1.33
97.65±1.00
62.50
96.43± 1.1
96.84±9.73

Dataset

RAF-DB

Approach
ExpNet [52]
Li& Deng [182]
Lin et al. [187]
Fan et al. [90]
Gosh et al. [108]
Shen et al. [251]
Vielzeuf et al. [296]
Deng et al. [71]
Ours
Li et al. [185]

Acc.(%)
55.20
74.20
75.73
76.73
77.48
78.60
80.00
81.83
82.06±0.73
83.27

Dataset

KDEF

CK+

Approach
ExpNet [52]
Zavarez et al. [325]
Ali et al. [11]
Ruiz-Garcia et al. [242]
Yaddaden et al. [319]
Ours
ExpNet [52]
Wang et al. [303]
Jung et al. [154]
Ours

Table 5.3 Comparison of facial expression recognition accuracies on 5 widely-used benchmarks.
Dataset
Approach
ExpNet [52]
Ali et al. [11]
Zavarez et al. [325]
Jiang& Jia [152]
RadFD
Mavani et al. [202]
Wu& Lin [315]
Sun et al. [267]
Yaddaden et al. [319]
Ours
ExpNet [52]
Ours
Du et al.[81]
CFEE

Acc.(%)
71.00
72.55
78.00
86.73
90.62
92.24±0.70
61.17
86.3
92.35
96.45± 0.8
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Table 5.4 Stress detection accuracy comparison on dataset used in [111]
Phase
Emotional Recall
Stressful images
Stressful videos
Average

Head motility [111]
82.99 %
85.42 %
85.83 %
84.75 %

DWNet1D [115]
83.50 %
92.60 %
85.90 %
87.33 %

Ours
86.70 %
88.42 %
88.83 %
87.98 %

Fig. 5.4 Estimated expressions (second row) from selected test images (first row) of our
dataset with the Ground Truth (GT) expressions (bottom row). Both estimated and GT
expressions are visualized with the 3D GT identity.
and quantitatively evaluate the accuracy of estimating the 3D expression parameters, which is the
intermediate pipeline step taken as output of DeepExp3D. We test its performance on the test split of
our FaceVid dataset both qualitatively and quantitatively. First of all, Figure 5.4 presents qualitative
results of the proposed method as compared to the Ground Truth (GT) reconstructions. We show
both the estimated and GT expressions on top of the mean face and the GT identity parameters. We
observe that the estimations provided by our method are visually very close to the GT. Furthermore,
we compare our DeepExp3D with: 1) a baseline approach following a linear shape model fitting
proposed in [143], and 2) ITW, a state-of-the-art 3D reconstruction method from in-the-wild images
[32]. We provide both methods with the same facial expression model (FaceWarehouse [48]) and
compute the average of the Mean Squared Error (MSE) between the estimations and the ground truth
over the test split. Our method achieves by far the lowest (best) MSE with 0.007, while ITW [32] and
the baseline [143] obtain 0.026 and 0.098, respectively.
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Fig. 5.5 Cumulative Error function of the mean squared error (MSE) between the facial
expression coefficients estimation on the test split of Face3DVid dataset by DeepExp3D,
ITW [32], and baseline [143, 142] methods, and the ground truth. The average MSE values
are 0.007, 0.026, 0.098 for the DeepExp3D, ITW, and baseline respectively.
Figure 5.5 depicts the cumulative distribution function (CDF) of the Mean Squared Error (MSE)
resulting from comparison between obtained facial expression parameters using our trained CNN
(DeepExp3D), ITW [32], and baseline [143, 142] on the test split of the Face3DVid dataset and the
ground truth. Some of these results using the aforementioned three methods are shown in figure
5.6 when added to the mean face of the model, making the facial expression vector e as the only
difference, see equation (3.1). Viewing all the 3D reconstructions closely, it can be noticed that our
method generates more accurate visual results capturing the eyes opening/closure and eyebrows/mouth
movements, unlike the ITW and baseline approaches which fail to do so and generate sometimes stiff
results.
Facial expressions estimated by our trained DeepExp3D on RadFD[173], KDEF[194], RAFDB[183], CFEE[81] can be viewed in figures 5.7 and 5.8. Inspecting those results in more details, it
is noticeable that our proposed approach succeeds in capturing the facial expressions irrespective of
the identity, which can be seen when paying close attention along each column. This largely helps the
emotion classifier in robustly segregating the tested images based on their basic emotion, thanks to
the salient facial expression features extracted by our DeepExp3D. However, due to the intensity of
the posed emotion by the subject, it might be tricky, even for humans, to recognise the same emotion
elicited by different subjects.

5.3 Summary and Conclusion

5.3
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Summary and Conclusion

In this chapter, we have proposed a framework for the automatic recognition of human emotions from
monocular images. Our framework utilises a well-trained deep CNN (termed as DeepExp3D), of
our own implementation, capable of estimating the 3D facial expression parameters from a single
image, even in challenging scenarios. We have extensively evaluated the performance of our trained
DeepExp3D and compared it with state-of-the-art methods for 3D reconstruction from in-the-wild
images. Our DeepExp3D demonstrates a superior performance in regressing the facial expression
coefficients when trained on the same facial expression model as the competitors. We have also
extensively tested the potential of the trained DeepExp3D in recognising facial expressions when
combined with an mSVM classifier on 5 widely-used benchmarks (taken under either controlled or
in-the-wild conditions). Our reported emotion recognition results reveal the competitive performance
of our proposed framework when compared with recent state-of-the-art approaches on the same
datasets. We report the highest accuracy on the KDEF [194] (92.24%), RadFD [173] (97.63%), CK+
[193] (96.45%) datasets, and the second best on CFEE [81] and RAF-DB [183] (with 0.41% and
1.21% difference from the best, respectively).
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Fig. 5.6 Facial expression estimations generated by DeepExp3D, ITW [32], and baseline
[143, 142] on some images selected randomly from the test split of Face3DVid. The order
of results visualisation is input image, DeepExp3D, ITW, baseline. All expressions were
visualised on top of the mean face of the 3DMM.
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Fig. 5.7 Facial expression estimations generated by DeepExp3D on some randomly selected
images from the RadFD [173] dataset. All expressions were visualised on top of the mean
face x̄ of the 3DMM. The order of visualised emotions from the left is angry, disgusted,
fearful, happy, neutral, sad, surprised
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Fig. 5.8 Facial expression estimations generated by DeepExp3D on some randomly selected
images from the CFEE [173], and RAF-DB[183] datasets. All expressions were visualised
on top of the mean face x̄ of the 3DMM. The order of visualised emotions from the left is
angry, disgusted, fearful, happy, neutral, sad, surprised.

Chapter 6
In-the-wild Dense 3D Facial Motion
Estimation
Dense 3D facial motion capture from only monocular in-the-wild pairs of RGB images is a highly
challenging problem with numerous applications, ranging from facial expression recognition, facial
motion capture and facial reenactment. In this chapter, we propose DeepFaceFlow, a robust, fast,
and highly-accurate framework for the dense estimation of 3D non-rigid facial flow between pairs
of monocular images. Our DeepFaceFlow framework was trained and tested on two very largescale facial video datasets, Face3DVid and 4DFAB, with the aid of occlusion-aware and 3D-based
loss function. We conduct in this chapter comprehensive experiments probing different aspects
of our approach and demonstrating its improved performance against state-of-the-art flow and 3D
reconstruction methods. Given registered pairs of images, our framework generates 3D flow maps at
∼ 60 fps.

6.1

Overview

In this chapter, we seek to estimate the 3D motion field of human faces from in-the-wild pairs of
monocular images, see Fig. 6.1, without utilising any additional sensors or markers. The output
in our method is the same as in scene flow methods, but the fundamental difference is that we use
simple RGB images instead of stereo pairs or RGB-D images as input. Furthermore, our method is
tailored for human faces instead of arbitrary scenes. For the problem that we are solving, we use the
term “3D face flow estimation”. Our designed framework delivers accurate flow estimation in the 3D
world rather than the 2D image space. As discussed in chapter 1, we focus on the human face and
the modelling of its dynamics due to its centrality in myriad of applications, e.g. facial expression
recognition, head motion and pose estimation, 3D dense facial reconstruction, full head reenactment,
etc. Human facial motion emerges from two main sources: 1) rigid motion due to the head pose
variation, and 2) non-rigid motion caused by elicited facial expressions and mouth motions during
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Fig. 6.1 We propose a framework for the high-fidelity 3D flow estimation between a pair of
monocular facial images. Left-to-right: 1 and 2) input pair of RGB images, 3) estimated 3D
facial shape of first image rendered with 3D motion vectors from first to second image, 4)
warped 3D shape of (1) based on estimated 3D flow in (3), 5) color-coded 3D flow map of
each pixel in (1). For the color coding, see the Supplementary Material.

Fig. 6.2 Proposed DeepFaceFlow pipeline for the 3D facial flow estimation. First stage
(left): 3DMeshReg works as an initialisation for the 3D facial shape in the first frame. This
estimation is rasterized in the next step and encoded in an RGB image, termed as Projected
Normalised Coordinates Code (PNCC) storing the x-y-z coordinates of each corresponding
visible 3D point. Given the pair of images as well as the PNCC, the second stage (right)
estimates the 3D flow using a deep fully-convolutional network (DeepFaceFlowNet).
speech. The reliance on only monocular and in-the-wild images to capture the 3D motion of general
objects makes the problem considerably more challenging. Alleviating such obstacles can be made
by injecting our prior knowledge about this object, as well as constructing and utilising a large-scale
annotated dataset. The approach we follow starts from employing the Face3DVid dataset, discussed
in chapter 3, in the training process of our entire framework. Different from other scene flow methods,
our framework requires only a pair of monocular RGB images and can be decomposed into two main
parts: 1) a shape-initialization network (3DMeshReg) aiming at densely regressing the 3D geometry
of the face in the first frame, and 2) a fully convolutional network, termed as DeepFaceFlowNet
(DFFNet), that accepts a pair of RGB frames along with the projected 3D facial shape initialization
of the first (reference) frame, provided by 3DMeshReg, and produces a dense 3D flow map at the
output.
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6.2

Proposed Framework

Our overall designed framework is demonstrated in figure 6.2. We expect as input two RGB images
I1 , I2 ∈ RW ×H×3 and produce at the output an image F ∈ RW ×H×3 encoding the per-pixel 3D optical
flow from I1 to I2 . The designed framework is marked by two main stages: 1) 3DMeshReg: 3D
shape initialisation and encoding of the reference frame I1 , 2) DeepFaceFlowNet (DFFNet): 3D
face flow prediction. The entire framework was trained in a supervised manner, utilising the collected
and annotated dataset, see section 3.2, and fine-tuned on the 4DFAB dataset [54], after registering
the sequence of scans coming from each video in this dataset to our 3D template. Input frames were
registered to a 2D template of size 224 × 224 with the help of the 68 mark-up extracted using [123]
and fed to our framework.

6.2.1

Creation of 3D Flow Annotations

Given a pair of images I1 and I2 , coming from a video of the Face3DVid dataset, and their corresponding 3D shapes S1 , S2 and pose parameters R1 , t3d1 , R2 , t3d2 , the 3D flow map of this pair is
created as follows:
F(x, y) = fc2 · (R2 [S2 (t1j ), S2 (t2j ), S2 (t3j )] b+t3d2 )
(x,y)∈M

t j ∈{T|t j is visible from pixel (x,y) inI1 }

− fc1 · (R1 [S1 (t1j ), S1 (t2j ), S1 (t3j )] b+t3d1 ),

(6.1)

t j ∈{T|t j is visible from pixel (x,y) inI1 }

where M is the set of foreground pixels in I1 , S ∈ R3×N is the matrix storing the column-wise x-y-z
coordinates of the N-vertices 3D shape of I1 , R ∈ R3×3 is the rotation matrix, t3d ∈ R3 is the 3D
translation, fc1 and fc2 are the scales of the orthographic camera for the first and second image,
respectively, t j = [t1j ,t2j ,t3j ] (tij ∈ {1, .., N}) is the visible triangle from pixel (x, y) in image I1 detected
by our hardware-based renderer, T is the set of all triangles composing the mesh of S, and b ∈ R3
is the barycentric coordinates of pixel (x, y) lying inside the projected triangle t j on image I1 . All
background pixels in equation 6.1 are set to zero and ignored during training with the help of a masked
loss. It is evident from equation 6.1 that we do not care about the visible vertices in the second frame
and only track in 3D those were visible in image I1 to produce the 3D flow vectors. Additionally,
with this flow representation, the x-y coordinates alone of the 3D flow map (F(x, y)) designate the 2D
optical flow components in the image space directly.

6.2.2

3D Shape Initialisation and Encoding

To robustly estimate the per-pixel 3D flow between a pair of images, we provide the DFFNet
network, section 6.2.3, not only with I1 &I2 , but also with another image that stores a Projected
Normalised coordinates Code (PNCC) of the estimated 3D shape of the reference frame I1, i.e.
PNCC ∈ RW ×H×3 . The PNCC codes that we consider are essentially images encoding the normalised
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x,y, and z coordinates of facial vertices visible from each corresponding pixel in I1 based on the
camera’s view angle. The inclusion of such images allows the CNN to better associate each RGB value
in I1 with the corresponding point in the 3D space, providing the network with a better initialisation
in the problem space and establishing a reference 3D mesh that facilitates the warping in the 3D space
during the course of training. Equation 6.2 shows how to compute the PNCC image of the reference
frame I1 .
PNCC(x, y) = V(S, c) = P(R[S(t1j ), S(t2j ), S(t3j )]b + t3d ),
(x,y)∈M

t j ∈{T|t j is visible from(x,y)}

(6.2)

where V(., .) is the function rendering the normalised version of S, c ∈ R7 is the camera parameters,
i.e. rotation angles, translation and scale (R, t3d , fc ), and P is a 3 × 3 diagonal matrix with main
diagonal elements ( Wfc , Hfc , Dfc ). The multiplication with P scales the posed 3D face with fc to be first
in the image space coordinates and then normalises it with the width and height of the rendered
image size and the maximum z value D computed from the entire dataset of our annotated 3D shapes.
This results in an image with RGB channels storing the normalised ([0, 1]) x-y-z coordinates of the
corresponding rendered 3D shape. The rest of the parameters in equation 6.2 are detailed in section
6.2.1 and utilised in equation 6.1.
3DMeshReg. The PNCC image generation discussed in equation 6.2 still lacks the estimation of
the 3D facial shape S of I1 . We deal with this problem by training a deep CNN, termed as 3DMeshReg,
that aims at regressing a dense 3D mesh S through per-vertex 3D coordinates estimations. We use our
collected dataset (Face3DVid) and the 4DFAB [54] 3D scans to train this network in a supervised
manner. We formulate a loss function composed of two terms:
L (Φ) =

1
1 N GT
||si − si ||2 +
∑
N i=1
O

O
2
∑ ||eGT
j − e j || .

(6.3)

j=1

The first term in the above equation penalises the deviation of each vertex 3D coordinates from the
corresponding ground-truth vertex (si = [x, y, z]T ), while the second term ensures similar edge lengths
between vertices in the estimated and ground-truth mesh, given that e j is the ℓ2 distance between
vertices v1j and v2j defining edge j in the original ground-truth 3D template. Instead of estimating
the camera parameters c separately, which are needed at the very input of the renderer, we assume a
Scaled Orthographic Projection (SOP) as the camera model and train the network to regress directly
the scaled 3D mesh by multiplying the x-y-z coordinates of each vertex of frame i with fci .

6.2.3

Face Flow Prediction

Given I1 , I2 and PNCC images, the 3D flow estimation problem is a mapping F : {I1 , I2 , PNCC} ∈
RW ×H×9 → FW ×H×3 . Using both the annotated Face3DVid detailed in chapter 3 and 4DFAB [54]
datasets, we train a fully convolutional encoder-decoder CNN structure (F ), called DeepFaceFlowNet (DFFNet), that takes three images, namely: I1 , I2 and PNCC, and produces the 3D flow
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Fig. 6.3 Architecture of our designed DFFNet for the purpose of estimating the 3D flow
between a pair of RGB images.
estimate from each foreground pixel in I1 to I2 as a W × H × 3 image. The designed network follows
the generic U-Net architecture with skip connections [237] and was inspired particularly by FlowNetC
[79], see figure 6.3. Distinguished from FlowNetC, we extend the network to account for the PNCC
image at the input and modify the structure to account for the 3D flow estimation task, rather than 2D
optical flow. We propose the following two-term loss function:
L

2
L (Ψ) = ∑ wi ||FGT
i − Fi (Ψ)||F + α||I1 − W (F, PNCC; I2 )||F

(6.4)

i=1

The first term in Eq. (6.4) is the endpoint error, which corresponds to a 3D extension of the standard
error measure for optical flow methods. It computes the frobenius norm (||.||F ) error between the
estimated 3D flow F(Ψ) and the ground truth FGT , with Ψ representing the network learnable weights.
Practically, since at the decoder part of our DFFNet each fractionally-strided convolution operation,
aka. deconvolution, produces an estimation of the flow at different resolutions, we compare this
multi-resolution 3D flow with the downsampled versions of the FGT , up until the full resolution at
stage L, and use the weighted sum of the frobenius norm error as a penalisation term. The second
term in Eq. (6.4) is the photo-consistency error, which assumes that the colour of each point does
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not change from I1 to I2 . The warping operation was done with the help of the warping function
W (., .). This function warps the 3D shape of I1 encoded inside the PNCC image using the estimated
flow F and samples I2 at the vertices of the resultant projected 3D shape. The warping function in
equation 6.4 was implemented by a differentiable layer detecting the occlusions by the virtue of our
3D flow, and sampling the second image (backward warping) in a differentiable manner at the output
stage of our DFFNet. The scale α is used for the sake of terms balancing while training.

6.3

Experiments

In this section, we compare our framework with state-of-the-art methods in optical flow and 3D face
reconstruction, namely: FlowNet [79], FlowNet2 [148], SpyNet [231], LiteNet [145], UnFlow[206],
PWC-Net [266], ITWMM [32], DNSfM-3DMM [171]. Application-wise, we measure the quality
and usefulness of our 3D flow practically in the video-to-video facial synthesis task. We ran all the
experiments on an NVIDIA DGX1 machine.

6.3.1

Datasets

Although the collected Face3DVid dataset has a wide variety of facial dynamics and identities
captured under plenitude of set-ups and viewpoints depicting the in-the-wild scenarios of videos
capture, the dataset was annotated with pseudo ground-truth 3D shapes, not real 3D scans. Relying
only on this dataset, therefore, for training our framework could result in mimicking the performance
of the 3DMM-based estimation, which we want ideally to initialise with and then depart from. Thus,
we fine-tune our framework on the 4DFAB dataset [54]. The 4DFAB dataset is a large-scale database
of dynamic high-resolution 3D faces with subjects displaying both spontaneous and posed facial
expressions with the corresponding per-frame 3D scans. We leave a temporal gap between consecutive
frames sampled from each video if the average 3D flow per pixel is <= 1 between each pair. In total,
the entire Face3DVid dataset and 500K from the 4DFAB (175 subjects) were used for training/testing
purposes. We split the Face3DVid into training/validation vs test (80% vs 20%) in the first phase of
the training. Likewise, 4DFAB dataset was split into training/validation vs test (80% vs 20%) during
the fine-tuning.

6.3.2

Architectures and Training Details

Our pipeline consists of two networks (see Fig. 6.2):
a) 3DMeshReg: The aim of this network is to accept an input image (I1 ∈ R224×224×3 ) and regress
the per-vertex (x, y, z) coordinates describing the subject’s facial geometry. ResNet50 [127] network
architecture was selected and trained for this purpose after replacing the output fully-connected (fc)
layer with a convolutional one (3 × 3, 512) and then a linear fc layer with ∼ 1.5k × 3 neurons. This
network was trained initially and separately from the rest of the framework on the Face3DVid dataset
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Fig. 6.4 Training schedule for the learning rate used while training our network and other
state-of-the-art approaches for 3D flow estimation. The first 20 epochs for all methods were
ran on Face3DVid dataset and the next 20 on 4DFAB. Each training epoch on Face3DVid
and 4DFAB is composed of 18.75 · 104 and 3.13 · 104 iterations, respectively, each with batch
size of 16.
and then fine-tuned on the 4DFAB dataset [54]. Adam optimizer was used [164] during the training
with learning rate of 0.0001, β1 = 0.9, β2 = 0.999, and batch size 32.
b) DFFNet: Figure 6.3 shows the structure of this network. Inspired by FlowNetC [79], this network
has similarly nine convolutional layers. The first three layers use kernels of size 5 × 5 and the rest have
kernels of size 3 × 3. Where occurs, downsampling is carried out with strides of 2 and non-linearity is
implemented with ReLU layers. We extend this architecture at the input stage by a branch dedicated
for processing the PNCC image. The feature map generated at the end of the PNCC branch is
concatenated with the correlation result between the feature maps of I1 and I2 . For the correlation
layer, we follow the implementation suggested by [79] and we keep the same parameters for this
layer (neighborhood search size is 2*(21)+1 pixels). At the decoder section, the flow is estimated
from the finest level up until the full resolution. While training, we use a batch size of 16 and the
Adam optimization algorithm [164] with the default parameters recommended in [164] (β1 = 0.9
and β2 = 0.999). Figure 6.4 demonstrates our scheduled learning rates over epochs for training
and fine-tuning. We also set wi = 1 and α = 10 in equation 6.4 and normalise input images to the
range [0, 1]. While testing, our entire framework takes only around 17ms (6ms (3DMehsReg)+ 6ms
(rasterization &PNCC generation) + 5ms (DFFNet)) to generate the 3D dense flow map, given a
registered pair of images.
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Fig. 6.5 2D color map used to encode the 2D flow. The white central pixel indicates no
motion, while every other pixel’s color encodes the vectorial displacement with respect to
the central pixel.

6.3.3

Flow Color Coding

2D flow color-coding. Figure 6.5 illustrates the color map we sample from while encoding our
color-coded 2D flow results. Following Butler et al. [47], we compute the magnitude and direction
of the 2D flow vector and use 1) the magnitude as the intensity, and 2) the direction as the hue. Our
flow map is different from [47] in only the flow in the y-axis (flipped vertically), where ours follows
the standard image axes (y values are zero in top-left corner of the image and increase when moving
downwards). The color of each motion is selected after mapping the motion vector to figure 6.5, with
the tail of this vector starting in the middle white pixel and the head samples the color. We normalise
the intensity of the color (magnitude of motion) for all pairs of images shown in our experimental
section with one global value to make motions comparable among different pairs.
3D flow color-coding. In order to encode each 3D flow vector with a distinctive color, we first
convert the x-y-z coordinates produced by our framework at the output to spherical coordinates, see
equation (6.5) below.
p
x2 + y2 + z2
y
θ = arctan( )
x
z
φ = arctan p
2
x + y2
r=

(6.5)

We thereafter map the HSV color model to a normalised sphere surface by regarding r as the
value, φ as the saturation and θ as the hue, after we normalise the three of them to the range [0, 1].
Figure 6.6 demonstrates the color sphere rendered from three different view angles. This sphere shows
the color map we sample from for a fixed motion magnitude and changing direction. For a given 3D
flow vector, the corresponding color is selected with the tail of this vector at the centre of the sphere
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Fig. 6.6 Sphere representing the color model we use for encoding the estimated 3D flow.
Three different view angles of the same sphere are shown. This sphere corresponds to a
single specific value of the normalised motion magnitude (r), see equation 6.5.

Fig. 6.7 Three different 3D-flow-color-coding spheres with 3 distinct normalised motion
magnitude values, i.e. left-to-right r = 1, r = 0.75, and r = 0.12.
representing the same motion magnitude and the head samples the color. Figure 6.7 shows the color
sampling sphere rendered this time with three different motion magnitudes (r) and same view angle.
As it is evident in figure 6.7, small motions correspond to darker colors, with black color meaning no
motion.

6.3.4

Evaluation of 2D Flow Estimation

The aim of this experiment is to probe the performance of our framework in estimating the 2D optical
facial flow between a pair of facial images by keeping only the displacements produced at the output
in the x and y directions while ignoring those in the z direction. We separate the comparisons in this
section into two parts. Firstly, we evaluate our method against generic 2D flow approaches using their
best performing trained models provided by the original authors of each. Secondly, we train the same
architectures from scratch on the same datasets we train our framework on, namely the training splits
of Face3DVid and 4DFAB, using a learning rate of 1e-4 that drops 5 times each 10 epochs. We keep
the same network design as provided by each paper’s authors and only train the network to minimise
a masked loss composed of photo-consistency and data terms. The masked loss is computed with
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Fig. 6.8 Color-coded 2D flow estimations. Rows are random samples from the test split of
the Face3DVid and 4DFAB datasets and their 2D flow estimations. The first two columns of
each row show the input pair of RGB images. For the color coding, see section 6.3.3
the help of a foreground (facial) mask for each reference image provided with our utilised datasets.
Table 6.1 presents the obtained facial Average End Point Error (AEPE) metric values by our proposed
approach against other state-of-the-art optical flow prediction methods on the test splits of Face3DVid
and 4DFAB datasets. As can be noted from table 6.1, our proposed method always achieves the
smallest (best) AEPE values on both employed datasets. As expected, the AEPE values decrease
when training the other methods on our dataset for the specific task of facial 2D flow estimation.
However, our method still produces lower errors and outperforms the compared against methods on
this task. The ‘ours_depth’ variant of our network comes as the second best performing method on
both datasets. This variant was trained in a very similar manner to our original framework but with
feeding the DFFNet with I1 , I2 and only the z coordinates (last channel) of the PNCC image while
ignoring the x and y (first two channels). Figure 6.8 demonstrates some qualitative results generated
by the methods reported in table 6.1, as well as ours.

6.3.5

Evaluation of 3D Flow Estimation

In this section, we both quantitatively and qualitatively evaluate the ability of our approach in
estimating the 3D flow. As there exist no other methods for 3D scene flow from simple RGB
images, we adapt existing methods that solve closely-related problems so that they produce 3D flow
estimation. In more detail, we use two 3D reconstruction methods (ITWMM [32] and DNSfM-
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Table 6.1 Comparison between our obtained 2D flow results against state-of-the-art methods
on the test splits of the 4DFAB and Face3DVid datasets. Comparison metric is the standard
Average End Point Error (AEPE). ‘original models’ refers to trained models provided by the
authors of each, and ‘trained from scratch’ indicates that the same architectures were trained
on the training sets of both Face3DVid and 4DFAB to estimate the 2D facial flow.
Method
FlowNetS [79]
SpyNet [231]
FlowNetC [79]
UnFlow [206]
LiteNet [145]
PWC-Net[266]
FlowNet2 [148]
ours_depth
ours

original models
4DFAB
1.832
1.31
1.212
1.163
1.16
1.159
1.15
0.99
0.941

Face3DVid
5.1425
3
2.6
2.6553
2.6
2.625
2.6187
1.176
1.096

trained
scratch
4DFAB
1.956
1.042
1.061
1.055
1.018
1.035
1.063
0.99
0.941

from
Face3DVid
2.6
1.5
1.498
1.45
1.268
1.371
1.352
1.176
1.096

Fig. 6.9 Color-coded 3D flow estimations of random test pairs from the Face3DVid and
4DFAB datasets. Left-to-right: pair of input RGB images, Ground Truth, ours, ours_depth,
compared methods. For the color coding, see section 6.3.3
3DMM [171]) (discussed in chapter 4), as well as four optical flow methods after retraining them
all specifically for the task of 3D flow estimation. The four optical flow methods include the best
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performing methods in table 6.1 on our datasets (LiteNet&FlowNet2) as well as two additional
baselines (FlowNetS&FlowNetC).
To estimate the 3D flow by ITWMM and DNSfM-3DMM, we first generate the per-frame dense 3D
mesh of each test video by passing a single frame at a time to the ITWMM method and the entire
video for the DNSfM-3DMM as it is a video-based approach, for more details about this method
please see chapter 4. Then, following our annotation procedure discussed in 6.2.1, the 3D flow values
for each pair of test images were obtained.
Since the deep learning-based methods we compare against in this section were proposed as 2D flow
estimators, we modify the sizes of some filters in their original architectures so that their output flow
is a 3-channel image storing the x-y-z coordinates of the flow and train them on our 3D-facial-flow
datasets with the learning rate schedules reported in figure 6.4. The reason we end up a different
Learning Rate (LR) per network is that LR is a hyper-parameter whose optimal value depends on
various design choices, e.g. optimisation algorithm, size of network, types of layers, etc, so different
models might end up with dissimilar optimal learning rates. FlowNet2 is a very deep architecture
(around 160M parameters) composed of stacked networks. As suggested in [148], we did not train
this network in one go, but instead sequentially. More specifically, we fused the separately trained
individual networks (FlowNetS, FlowNetC, and FlowNetSD [148]) on our datasets together and
fine-tuned the entire stacked architecture, see 6.4 for the learning rate schedule. The other frameworks
we compare against were modified as follows:
FlowNetS&FlowNetC&FlowNet2. To produce 3D flow, we mainly modify the refinement stage of
these networks, please see [79] and [148] for more details of these networks. We change the size of
each deconvolutional, flow prediction, and upsampling filters so the the output is a 3-channel image of
the flow map. For FlowNet2, we stack the modified flowNetS and FlowNetC and modify FlowNet-SD
in the same manner.
LiteNet. We modify basically the NetE part of [145]. More specifically, we change the size of the
convolutional filters of each of the cascaded flow inference and regularization stages so that they
expect and produce 3-channel flow maps instead of 2-channel’s. The warping stage was still carried
out based on the first two channels (x and y coordinates) of the produced 3D flow map.
Table 6.2 shows the generated facial AEPE results by each method on the Face3DVid and 4DFAB
datasets. Our proposed architecture and its variant (‘ours_depth’) report the lowest (best) AEPE
numbers on both datasets. Figures 6.9 and 6.10 visualise some color-coded 3D flow results produced
by the methods presented in table 6.2. To color-code the 3D flow, we convert the x-y-z estimated flow
coordinates from Cartesian to spherical coordinates and normalise them so that they represent the
coordinates of an HSV coloring system, as discussed in section 6.3.3. It is noteworthy that the 3D
facial reconstruction methods we compare against fail to produce as accurate tracking of the 3D flow
as our approach. Their result is not smooth and consistent in the model space, resulting in a higher
intensity motion in the space. This can be attributed to the fact that such methods pay attention to the
fidelity of the reconstruction from the camera’s view angle more than the 3D temporal flow. On the
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Table 6.2 Comparison between our obtained 3D face flow results against state-of-the-art
methods on the test splits of the 4DFAB and Face3DVid datasets. Comparison metric is the
standard Average End Point Error (AEPE)
Method

4DFAB(↓)

Face3DVid(↓)

ITWMM [32]
DNSfM-3DMM [171]
FlowNetS [79]
FlowNetC [79]
FlowNet2 [148]
LiteNet [145]
ours_depth
ours

3.43
2.8
2.25
1.95
1.89
1.5
1.6
1.3

4.1
3.9
3.7
2.425
2.4
2.2
1.971
1.77

Fig. 6.10 3D flow color-coded results generated by our method and other state-of-the-art
approaches on some in-the-wild pairs of images.
other hand, the other deep architectures we train in this section are unable to capture the full facial
motion with same precision, with more fading flow around cheeks and forehand.

6.4

Summary and Conclusion

In this chapter, we put forward a novel and fast framework for densely estimating the 3D flow of
human faces from only a pair of monocular RGB images. The framework was trained on a very
large-scale dataset of in-the-wild facial videos (Face3DVid) and fine-tuned on a 4D facial expression
database (4DFAB [54]) with ground-truth 3D scans. We conduct extensive experimental evaluations
that show that the proposed approach: a) yields highly-accurate estimations of 2D and 3D facial flow
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from monocular pair of images and successfully captures complex non-rigid motions of the face and
b) outperforms many state-of-the-art approaches in estimating both the 2D and 3D facial flow, even
when training other approaches under the same setup and data. We additionally reveal the promising
potential of our work in a full-head facial manipulation application that capitalises on our facial flow
to produce highly loyal and photo-realistic fake facial dynamics indistinguishable from real ones.

Chapter 7
Deep Facial Attributes Re-Targeting
Monocular facial video re-targeting is a challenging problem aiming to modify the facial attributes in
a monocular input sequence of a target subject seamlessly with the aid of another driving monocular
sequence. We leverage the 3D geometry of faces and Generative Adversarial Networks (GANs) to
design a novel deep learning architecture for the task of facial and head reenactment. Our method
is different than pure 3D model-based approaches and recent image-based methods that use Deep
Convolutional Neural Networks (DCNNs) to generate individual frames. We manage to capture the
complex non-rigid facial motion from the driving monocular performances and synthesise temporally
consistent videos, with the aid of a sequential Generator and an ad-hoc Dynamics Discriminator
network. We conduct a comprehensive set of quantitative and qualitative tests in this chapter and
demonstrate experimentally that our proposed method can successfully transfer facial expressions,
head pose and eye gaze from a source video to a target subject’s video, in a photo-realistic and faithful
fashion, better than other state-of-the-art methods. Most importantly, our system performs end-to-end
full-head reenactment in nearly real-time speed (18 fps).
Various recent methods attempt to transfer the entire head motion [311, 161, 324]. Despite their
promising results, these methods have limitations in terms of how realistic the reenactment result
looks. As frames are synthesised independently from each other, there are cases where videos exhibit
temporal incoherence between the generated frames, especially in the mouth region. The proposed
approach in this chapter overcomes the current limitations of other state-of-the-art approaches and
fully transfers the pose, facial expression and eye gaze movement from a source to target video, while
preserving the identity of the target and maintaining a consistent motion of the upper body part. Given
that people easily detect mistakes in the appearance of a human face (uncanny valley effect), we
give special attention in the details of the mouth and teeth. Our system generates photo-realistic and
temporally consistent videos of faces.
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Background

Image and video synthesis has received a rapidly increasing amount of attention in Computer Vision
and Deep Learning research, as "synthetic" data appear more and more realistic, as well as especially
promising for real-world applications. Video editing, film dubbing, social media content creation,
teleconference and virtual assistance are some indicative examples. However, generating artificial
human faces indistinguishable from real ones is a very challenging task, particularly when it comes to
video data. Adding the extra dimension of time, might give rise to the so-called problem of temporal
incoherence. As the uncanny valley effect suggests, people are extremely perceptible in unnatural
facial and head movements, thus even small discontinuities can expose a synthetic video.
Over the past years, various methods that target human faces have emerged, taking advantage
of different modalities, such as audio [270, 311] and video [282, 161, 167] to drive synthesis and
dictate the movements of the generated subject. Facial reenactment is a widely-studied approach
[281, 282, 280], which aims to transfer the facial expressions from a source to a target subject, by
conditioning the generative process on the driving video of the source. In most cases [282, 280], this
is done by modifying the deformations solely within the internal facial region of the target identity and
placing the manipulated face back to the original target frames, using an image interpolation method.
Given that face reenactment systems offer no control over the target’s head pose and eye gaze, there
might be cases where the person’s expressions do not match with the overall head movement and
therefore seem unnatural. Even so, face reenactment can be very useful for specific applications, such
as video dubbing [101], which aims to alter the mouth motion of the target actor to match the audio
track spoken by the dubber.
A more holistic approach on reenactment involves generating all pixels within frames, including
the upper body, hair and background of the target identity. In contrast to video manipulation techniques,
such as face reenactment, full head reenactment methods [161, 324] aim to transfer the entire head
motion from a source identity to a target one, along with the eye blinking and gaze, providing complete
control over the target subject. Most head reenactment approaches fall into two categories: a) Warpingbased methods [191, 100, 311], which are mainly learning-based and do not involve computing priors
such as facial landmarks or 3D face models, b) object-specific methods [282, 161, 324, 300], which
assume knowledge (e.g. 3D reconstruction, 68 landmarks) of the source and target faces. On the one
hand, warping-based methods usually suffer from distortions in the face and background [311]. On
the other hand, object-specific methods relying on facial keypoints are affected from the so-called
identity preservation problem. As keypoints encapsulate identity attributes of the source (e.g, head
geometry), the more the identity of the source diverges from that of the target, the more distorted the
head shape of the generated subject might appear. On the contrary, 3D morphable models (3DMMs)
[171, 32] have proven to be a reliable means of decoupling expression and identity from each other.
Deep Video Portraits (DVP) [161] is a full head reenactment system that capitalises on 3DMMs and
utilises a neural network to translate 3D face reconstructions to realistic frames. Nonetheless, DVP, as
a purely image-based model, does not take into account temporal dependencies between frames.
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Fig. 7.1 Our Head2Head++ pipeline for head reenactment. First, the facial region of interest
is extracted from both the source and target original videos. Next, 3D Facial Recovery is
performed. The average identity parameters (s̄i ) of the target, along with the expression (ste )
and camera (pt ) parameters of the source for each time-step t, are passed to the Normalised
Mean Face Coordinates (NMFC) renderer, which produces the NMFC video. At the same
time, the eye landmarks of the source are used to detect the pupils and sketch the eyes video,
which represents eyes movements. Finally, the combined NMFC and eyes video is given
as conditional input to the Video Rendering Network, which computes the generated video
(reenactment result). The Video Rendering Network is a person specific model, as it is trained
using footage of the target person. During training, the source video coincides with the target
video, enabling us to perform self-reenactment and get access to ground truth data.

7.2

Methodology

Our Head2Head++ framework proposes a solution for the largely ill-posed full head reenactment
problem. Our method is capable of transferring the time-varying head attributes (pose, expression,
eye gaze) and mainly consists of two subsequent modules: a) 3D Facial Recovery (Sec. 7.2.1), and
b) a Video Rendering Network (Sec. 7.2.4). Our video rendering network capitalises on a carefully
designed GAN-based framework. Please refer to Fig. 7.1 for an overview of our Head2Head++
pipeline.

7.2.1

3D Facial Recovery

We aim to generate a reliable estimation of the facial 3D geometry, capturing the temporal dynamics,
while separating the identity and expression contributions of the pictured subject in each frame. We
utilise this separability to effectively disentangle the human head characteristics in a transferable and
photo-realistic way between different videos. Towards that aim, we benefit from the prior knowledge
in our problem space and harness the power of 3DMMs [27] for reconstructing the faces that appear
in the input monocular sequences. Given a sequence of T frames F1:T = { ft | t = 1, . . . , T }, the 3D
reconstruction stage produces two sets of parameters: 1) shape parameters S = {st | st ∈ IRni +ne ,t =
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1, ..., T }, and 2) camera parameters P = {pt | pt ∈ IR6 ,t = 1, ..., T }, depicting rotation, translation
and orthographic scale.
Shape representation. Using 3DMMs, a 3D facial shape xt = [x1 , y1 , z1 , ..., xN , yN , zN ]⊤ ∈ IR3N
can be written mathematically as:
xt = x(sti , ste ) = x̄ + Uid sti + Uexp ste

(7.1)

where x̄ ∈ IR3N is the mean shape of the morphable model, given by x̄ = x̄id + x̄exp , with x̄id and
x̄exp standing for the mean identity and expression of the model, respectively. Uid ∈ IR3N×ni is the
identity orthonormal basis with ni principal components (ni ≪ 3N), Uexp ∈ IR3N×ne is the expression
orthonormal basis with the ne principal components (ne ≪ 3N) and sti ∈ IRni , ste ∈ IRne are the identity
and expression parameters of the morphable model. We designate the joint identity and expression
⊤
e⊤ ]⊤
parameters at time-step t by st = [sti , st . In the adopted model (7.1), the 3D facial shape x is
a function of both identity and expression coefficients (x(sti , ste )), where expression variations are
effectively represented as offsets from a given identity shape.
Video-based 3D reconstruction. The video fitting approach followed to annotate the Face3DVid
dataset, discussed in chapter 3, is based on a set of sparse landmarks extracted from the entire input
sequence. This method, while works well for the offline annotations of a large-scale dataset like
Face3DVid, has three main drawbacks: 1) the fidelity of the 3D reconstruction relies heavily on the
accuracy of extracted landmarks which are also sparse (68 in total), 2) it might require a large number
of frames with enough reconstruction cues (various rotations) to produce good accuracy, 3) it makes a
quite strong assumption in the initialisation stage about the rigidity of the face to estimate the camera
parameters. To overcome these limitations, we propose to perform the 3D facial reconstruction in this
work using the 3DMeshReg network explained in chapter 6 to produce a dense 3D facial mesh from
a single RGB frame. We use the dense 3D vertices (∼5K) estimated by the 3DMeshReg on each
video frame to: 1) estimate the camera parameters, 2) generate the 3DMM identity and expression
coefficients by projecting the dense shape onto the 3DMM bases. For all our experiments in this work,
we use the same 3DMMs utilised throughout the course of this thesis, see chapter 3.
The analysis-by-synthesis approach, which is used by many state-of-the-art approaches [161, 282],
estimates a lot of parameters (e.g. illumination, reflectance, shape, etc) and solves a highly ill-posed
problem for fitting 3DMMs to images. On the contrary, our facial reconstruction stage is a fast
CNN-based approach (6ms test runtime) trained on a large number of in-the-wild videos. The facial
representation extracted with our method is informative enough to synthesise photo-realistic and
temporally smooth videos, eliminating the need for more elaborate and slower 3D facial reconstruction
techniques.
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7.2.2

Facial Semantic Representation - NMFC Rendering

Our video rendering network receives as an input a facial semantic representation of the target subject,
with the head pose and facial expression guided by the source frames. This representation disentangles
identity from expression, allowing us to train our video rendering network on a specific target person.
During test, we are able to transfer the expression and pose of any source, with different head
characteristics, to the target. Given the recovered identity and expression parameters (facial shape)
⊤
e⊤ ]⊤
st = [sti , st
and camera parameters pt , at frame t, we rasterize the 3D shape, producing a visibility
W ×H
mask (M ∈ IR
) in the image space. Each pixel of M, stores the index of the corresponding visible
triangle on the 3D face seen from this pixel. Thereafter, we store the normalised x-y-z coordinates of
the centre of this triangle in the NMFC ∈ IRW ×H×3 image, which is the facial semantic representation
that is utilised as conditional input to the video rendering network. Equation (7.2) details this process.
NMFCt = E (R(xt (sti , ste ), pt ), x̄),

(7.2)

where R is the rasterizer, E is the encoding function and x̄ is the normalised version of the 3DMM
mean face (see (7.1)), so that the x-y-z coordinates of this face belong in [0, 1]. The NMFC image
generation relies not only on the 3D reconstructed face and camera parameters of the current frame but
also on an always-fixed normalised mean face (x̄) of the employed 3DMM. The (x, y, z) coordinates
of the normalised mean face are used as constant colors to texture the 3D face of the current input
frame ft . The NMFC image of a frame ft is generated then by rendering the corresponding textured
3D mesh. Since we texture any reconstructed 3D mesh with always a fixed set of distinctive colors,
the same semantic point, say the tip of the nose, in any NMFC image (regardless of the subject and
the target video) will always have the same color. This is why we refer to NMFCs as semantic images.
The main advantage of using NMFCs over a UV 2D parameterisation is that it proved experimentally
to be easier for the video renderer to learn the mapping to the output RGB images, since both the
NMFCs and the output are in the same space. Additionally, this representation is more compact and
easy-to-interpret by our video rendering network, since it associates well with the corresponding
RGB frame to be generated, pixel by pixel, and, subsequently, leads to a realistic and novel video
synthesis. Note that during test time, the expression coefficients ste and camera parameters pt are
estimated from the source video at frame t, while the identity coefficients si are the average identity
parameters estimated using all frames of the target video (see Fig. 7.1).

7.2.3

Eye Pupils Detection

We choose a real-time operating method for the extraction of the eye movements from the source
frames, which does not require fitting an eye model [313], but is based on 68 facial landmarks [163].
Given the subset of landmark points Leye ∈ IR6×2 that correspond to the left or right eye, we estimate
one more landmark l pupil ∈ IR2 , which corresponds to the eye pupil. The eye pupil is obtained as
the centre of mass within the set of pixels Ω that are bounded by the polygon formed with the eye
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landmarks Leye by computing a weighted sum, using the inverse intensity of pixels in Ω as weights.
Following [246], we are based on the assumption that eye pupils are the "darker" areas within the eye
region in terms of pixel intensity. Mathematically, the eye centre of mass is given as
l pupil =

∑ p∈Ω I(p)p
,
∑ p∈Ω I(p)

(7.3)

where I(p) is the inverse intensity of pixel p in the source frame. In this way, l pupil corresponds
to the center of "darker" pixels within the eye region.
Once the eyes and pupils landmarks are estimated, we create the eyes video E1:T , which is a
sequence of T RGB frames of size 256 × 256 × 3. An example of these frames is shown in Fig. 7.1.
We connect the eye landmarks with white edges to create an outline of each eye. Then, two red
circles are drawn on the same plane, using as centres the eye pupil coordinates of each eye, in order to
indicate eye gaze.

7.2.4

Deep Video Rendering Neural Network

Our carefully-designed video rendering network receives as conditional input two sequences of
images, namely: the NMFC video NMFC1:T and the corresponding eye video E1:T , collectively as
X1:T ≡ {Xt = (NMFCt , Et )}t=1,...,T , with Xt ∈ IRH×W ×6 . With this input, the video rendering network
yields a highly realistic and temporally coherent output video Ỹ1:T picturing the target actor mimicking
exactly the same expressions, head pose and eyes reflected in X1:T . While training, we follow a
self reenactment setting where the source and target videos are the same footage. In this way, the
reenacted video in the output should be a replication of the RGB training target video Y1:T , which
serves as a ground truth. Our video rendering network is trained within a GAN-based structure
with: 1) a Generator G, which is the video rendering network itself, 2) an Image Discriminator DI ,
3) a multi-scale Dynamics Discriminator DD enforcing the temporal coherence and realism of the
produced facial performance, and 4) a dedicated Mouth Discriminator DM , which further improves
the visual quality of the mouth area.
Generator G. To successfully synthesise smooth and convincing temporal facial performances,
we condition the synthesis of the t-th frame Ỹt not only on the conditional input Xt , but also on the
previous inputs Xt−1 and Xt−2 , as well as the previously generated frames Ỹt−1 and Ỹt−2 , thus:
Ỹt = G(Xt−2:t , Ỹt−2:t−1 ).

(7.4)

The Generator is applied sequentially, producing the output frames one after the other, until the entire
output sequence has been created. It consists of two identical encoders, operating in parallel, as well
as a decoder. The first encoder receives the concatenated NMFC and eye images Xt−2:t , while the
second is given the two previously generated frames Ỹt−2:t−1 . The two extracted feature maps are first
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added and then passed through the decoder, which brings the output Ỹt in a normalised [-1,+1] range,
using a tanh activation function.
Image Discriminator DI and Mouth Discriminator DM . Both of these networks aim at telling
real and synthesised frames apart, and are used only during training. At time-step t, the Image Discriminator DI processes the real pair (Xt ,Yt ) and the fake one (Xt , Ỹt ). Concurrently, the corresponding
mouth regions (Xtm ,Ytm ) and (Xtm , Ỹtm ) are cropped and sent to the Mouth Discriminator DM .
Dynamics Discriminator DD . With the aim of learning complex facial dynamics in mind, we
further equip our GAN framework with a Dynamics Discriminator DD . During training, DD receives
a set of three consecutive real frames Yt:t+2 or fake frames Ỹt:t+2 . They are passed to DD after being
associated with the optical flow W1:T −1 , computed from the real frames (training video Y1:T of target
subject). Following this, the Generator is encouraged to create fake frames showing the same flow
(dynamics) as the corresponding real ones. The Dynamics Discriminator learns to differentiate
between the real (Wt:t+1 ,Yt:t+2 ) and fake (Wt:t+1 , Ỹt:t+2 ) pairs. In practice, we employ a multiple-scale
Dynamics Discriminator, which operates in three different temporal scales. The first scale receives
frame sequences in the original frame rate. Then, the two extra scales are formed by sub-sampling the
frames by a factor of two for each scale.
Objective function: In order to train our Generator to synthesise samples as real as possible,
we formulate an adversarial loss. More specifically, we use LSGAN [198] with labels a = c = 1 for
fake samples and label b = 0 for real ones, resulting in the following adversarial objective for the
Generator:
1
G
Ladv
= IEt [(DD (Wt:t+1 , Ỹt:t+2 ) − 1)2 ]
2
1
+ IEt [(DI (Xt , Ỹt ) − 1)2 + (DM (Xtm , Ỹtm′ ) − 1)2 ].
2

(7.5)

G
We add two more losses in the learning objective function of the Generator: 1) a VGG loss Lvgg
and 2) a feature matching loss L fGeat , first proposed in the work of Xu et al. [318]. Our feature
matching loss term is based on the activations of both the Image and Dynamics Discriminators. Given
a ground-truth frame Yt and the synthesised frame Ỹt , we use the VGG network [257] to extract visual
features in different layers for both frames and compute the VGG loss as in [301] and [300]. Likewise,
the feature matching loss is computed by extracting features with the two Discriminators DI and DD
and computing the ℓ1 distance of these features for a fake frame Ỹt and the corresponding ground truth
I
Yt . For the computation of the overall feature matching loss, we compute a loss term L fG−D
eat using
G−DD
features extracted by DI , as well as another loss term L f eat , using the dynamics discriminator DI
G−DD
I
and then we add them: L fGeat = L fG−D
eat + L f eat . The total objective for G is given by:
G
G
L G = Ladv
+ λvgg Lvgg
+ λ f eat L fGeat

(7.6)

To achieve a balance between the loss terms above, we set λvgg = λ f eat = 10. The Image, Mouth and
Dynamics Discriminators are optimised under their corresponding adversarial objective functions. In
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more details, the Image Discriminator DI is optimised under the objective:
1
DI
Ladv
= Et [(DI (Xt ,Yt ) − 1)2 ]
2
1
+ Et [(DI (Xt , Ỹt ))2 ].
2

(7.7)

DI
The mouth discriminator DM is optimised under a similar adversarial loss with Ladv
, which
results by replacing the whole images in (7.7) with the cropped mouth areas.

1
DM
Ladv
= Et [(DI (Xtm ,Ytm ) − 1)2 ]
2
1
+ Et [(DI (Xtm , Ỹtm ))2 ].
2

(7.8)

We note that we perform image cropping around the center of the mouth on the real Yt , fake Ỹt
and conditional input images (eyes and NMFC), ending up with images Xtm ,Ytm , Ỹtm of size 72 × 72.
Finally, the dynamics discriminator is trained to minimise the adversarial loss:
1
DD
Ladv
= Et [(DD (Wt:t+1 ,Yt:t+2 ) − 1)2 ]
2
1
+ Et [(DD (Wt:t+1 , Ỹt:t+2 ))2 ].
2

(7.9)

Facial dynamics. One key factor to consider while designing the Dynamics Discriminator is how
it could learn the complex realistic facial muscular interactions observed in monocular videos of facial
performances. As discussed and validated experimentally in chapter 6, off-the-shelf state-of-the-art
optical flow methods solve this problem without any prior knowledge, since they target any moving
objects in the scene. When applied to faces captured in the wild, the estimated flow does not reflect
faithfully the non-rigid and composite facial deformations. To tackle this, we employ a state-of-the-art
network, termed as FlowNet2, for the optical flow estimation [148]. The authors of [148] trained
this network on publicly available images after rendering them with synthesised chairs modified
by various affine transformations. Starting from the pretrained models of [148], we fine-tune their
network on the 4DFAB dataset [54]. This dataset has dynamic high-resolution 4D videos of subjects
eliciting spontaneous and posed facial behaviours. Our fine-tuned FlowNet2 network is therefore
utilised to estimate the optical flow matrix W referred to in equation 7.9.

7.3
7.3.1

Experiments
Dataset and Implementation Details

We train and test Head2Head++ on part of the Face3DVid dataset, consisting of eight different
individuals. A randomly selected frame from each of these videos is shown in Fig. 7.2. Each
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individual is depicted in one video, which is at least 10 minutes long and presents the target in diverse
head poses and facial expressions. First, we apply face detection on each video, as a pre-processing
step. We utilise [328] to obtain a bounding box per frame, and then we compute the average bounding
box throughout frames. We extract the facial ROI of 256 × 256 pixels for each frame, according to
this fixed bounding box. This way, the background remains as stable and unchanged as possible, from
the beginning of the video until the end. Finally, the frames of each subject are split into a training
and a test set. More details are present in table 7.1.

Fig. 7.2 Our dataset of experimentation in this chapter consists of eight different target
identities (chosen from the Face3DVid), exhibiting various facial expressions and head
poses.
Table 7.1 Number of frames in the training and test split, for each one of the eight target
videos in our dataset.
Target
Identity
Lagarde
Macron
Von Der Leyen
Trump
Mitsotakis
Johnson
Sanchez
Tusk

Number of
test frames
1948
1498
1648
3568
1732
1904
1998
998

Number of
training frames
10800
16400
16600
28800
9200
14100
16350
8550

Following the SOTA sequence-to-sequence architecture [300], the Generator has the following
architecture: let ck denote a 7 × 7 Convolution2D, BatchNorm, ReLU layer with k filters and unitary
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Fig. 7.3 Head reenactment aims at transferring the expressions, pose and eye movements
from the driving sequence to the target identity.
stride. dk represents a 3 × 3 Convolution,BatchNorm,ReLU layer with k filters, and stride 2. uk
denotes a 3 × 3 transpose Convolution2D, BatchNorm, ReLU layer with k filters, and stride of 12 .
Then, the encoding architecture is c64, d128, d256, d512, R512, R512, R512, R512 and the decoding
architecture is R512, R512, R512, R512, R512, u256, u128, u64, conv, tanh.
All discriminators have the same architecture, adopted by pip2pixHD [301]. We train a separate
person- and video-specific Video Rendering Network for each one of the eight target identities. Each
trained model at the end is dedicated for the target video used during training and does not generalise
to synthesise the same target person under different cloths and backgrounds (only video specific).
Given a target video footage of 10 minutes, extracting the eyes and NMFC conditional input sequences
and training the GAN framework requires around 20 hours. Networks are optimised with Adam
[164] for 40 epochs with an initial learning rate η = 2 · 104 , β1 = 0.5, β2 = 0.999 on a single NVIDIA
GeForce RTX2080 Ti. During test time, our Head2Head++ pipeline performs head reenactment from
web-camera captures in nearly real-time speeds (18 fps). The entire framework has been trained with
the objective function formulated in section 7.2.4 and was implemented in PyTorch [219].

7.3.2

Supported Reenactment Methods

As already mentioned, we have chosen to use 3DMMs for the retrieval of 3D facial shapes from the
source and target videos in order to address the target identity preservation problem, allowing us to
disentangle expression from identity seamlessly. Therefore, Head2Head++ can be used both for
full head reenactment and simple facial reenactment, depending on which set of camera and pose
parameters (target or source) are used during the creation of the conditional NMFC sequence.
Head Reenactment. This is the main functionality of our method and arguably the most challenging, since it involves transferring the complete head motion from any driving video to the desired
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Fig. 7.4 Facial reenactment: only the expressions (inner facial movements) are passed on to
the target.
target subject. A head reenactment example is demonstrated in Fig. 7.4. Given the driving sequence
(Johnson), our method synthesises a highly photo-realistic and temporally coherent video of the
targeted identity (Trump).
Face Reenactment. Instead of transferring all head movements from the source video, we can
simply pass the facial expressions to the target identity. This is done by utilizing the original camera
parameters, estimated from the target training sequence. In this case, we use the original eye landmarks
extracted from the training sequence to drive synthesis. The advantage of face reenactment is that
our Generator has encountered the same head poses and positions during training, which is beneficial
when it comes to synthesising the hair, background and upper body areas, where no conditional
information is available in the input. Although prior works have mainly used it as a manipulation
method [282, 280], we perform face reenactment by generating all pixels within frames, not only a
masked area of the face.
Self Reenactment. During self reenactment, the source identity coincides with the target one.
This is extremely useful for training and evaluating our model, since we are given access to the ground
truth frames. Note that the driving sequences used during test have not been seen during training,
since they belong to the test data split. Fig. 7.5 shows a self reenactment experiment. Ideally, the
generated frames should be identical with the source ones. For the evaluation of the reconstructive
ability of models in the experiments that follow, we use metrics such as the average pixel distance
(APD) or masked average pixel distance (MAPD) between the synthesised and ground truth frames.
In Sec. 7.3.3, we provide more details on APD and MAPD.
Cycle Reenactment. Instead of testing the reconstructive ability of our neural video renderer
only under a self reenactment setting, we also perform the cycle reenactment experiment, originally
proposed in [170]. This involves performing full head reenactment and then using the generated video
as a driving sequence to generate to initial source, who is now treated as the target identity. The results
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Fig. 7.5 Self reenactment is used for evaluating the performance of models. Here, the source
identity coincides with the target one. We display Average Pixel Distance (APD) and Masked
Average Pixel Distance (MAPD) between the generated and ground truth frames, in the form
of RGB heatmaps. Please refer to Sec. 7.3.2 for more details on those metrics.
illustrated in Fig. 7.6 show the robustness of our method to maintain the pose, gaze and expression of
the source after applying reenactment twice, and especially after using a synthetic sequence to drive
the system the second time.

7.3.3

Quantitative Evaluation Metrics

We evaluate the performance of our system both qualitatively and quantitatively. Most experiments
were performed under self reenactment. That is, given a set of test frames Y (i) for each target identity
i in the dataset, we generated the corresponding synthetic frames Ỹ (i) and used Y (i) as ground truth.
We assessed our method’s reconstructive ability, target identity preservation, pose and expression
transferability as well as the photorealism of generated frames, using the metrics below:
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Fig. 7.6 Cycle reenactment involves two head reenactments, aiming at reconstructing the
initial source.
Average Pixel Distance (APD): is computed as the average L2-distance of RGB values across
all spatial locations and frames, between the ground truth and generated data.
Masked Average Pixel Distance (MAPD): similar to APD, it tests the reconstructive performance. A mask computed from NMFC frames is used to constrain the metric on the facial area, where
conditional information is available.
Distance between Average Identities (DAI): after performing 3D face reconstruction on Y (i)
and Ỹ (i) sequences, we compute the average identity coefficients for each sequence, and then the
L1-distance between those average identities.
Average Expression Distance (AED): after reconstructing the fake and ground truth sequences,
we measure the average L1-distance between the expression coefficients across frames.
Average Rotation Distance (ARD): this metric is used to measure pose transferability. Using the
estimated camera parameters from the generated and ground videos, we compute the Euler angles that
correspond to head poses. Then, the average Euler angles discrepancy across sequences is determined
in terms of degrees.
Fréchet Inception Distance (FID): this is a widely used metric for evaluating the visual quality
of individual frames, originally proposed in [136]. We use [70] as a feature extractor and we report
the mean FID throughout the experiments.
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w/o Dynamics
Discriminator

Full model

Maximum Mean Discrepancy (MMD2 ): is a very useful metric for measuring the discrepancy
between real and fake frames [268].

w/o Dynamics
Discriminator

Full model

(a) Hair consistency

w/o Dynamics
Discriminator

Full model

(b) Background consistency

(c) Upper body consistency

Fig. 7.7 Significance of Dynamics Discriminator. Supervising the Generator by such a
network increases the temporal coherence and smoothness across frames. Without the
Dynamics Discriminator, various discontinuities might appear in the hair, background and
upper body, which are even more prominent when watching the generated videos.
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Ablation Study

w/o Mouth
Discriminator

Full model

7.3.4

Fig. 7.8 Significance of Mouth Discriminator.
We conducted an ablation study, in order to assess the significance of several "key" components of
our Head2Head++ system. First, we evaluate numerically the contribution of the two reconstructive
loss terms, namely the feature matching and VGG loss. As can be seen in the first two rows of
Table 7.2, all metrics demonstrate the contribution of these loss terms on the quality of the generated
samples. The next row of the table validates the importance of a sequential Generator, as opposed to
its non-sequential variation (“w/o seq. G”). The results indicate that considering previously generated
frames in the Generator has a very positive effect on the visual quality of samples. Finally, the
majority of metrics show that removing the Dynamics Discriminator (“w/o DD ”) might slightly
improve the quality of frames, when seen as individual images. We believe this is due to the fact
that the proposed metrics analyse solely the spatial content of frames and do not evaluate temporal
information. Removing DD network would actually reduce the temporal stability and coherence
of videos. Such behaviour is more apparent in areas where no conditional information is available
(e.g. hair, background, upper body). In Fig. 7.7, we illustrate the significance of the Dynamics
Discriminators in the quality of generated frames, in terms of temporal coherence and continuity.
In areas were no conditional information is available, such as hair, background and upper body, the
Dynamics Discriminators helps to ensure smooth transitions.
Arguably, the eyes and the mouth, are the facial areas that might be the first to expose the
"fakeness" of a synthetic video. In Fig. 7.8, we illustrate the importance of the dedicated Mouth
Discriminator, initially proposed in [170]. As can be seen in the second row of Fig. 7.8, when the
Mouth Discriminator is not included in GAN training, teeth details make the generated video appear
less realistic, as opposed to the results in the first row, where the Generator was supervised by DM
network. Fig. 7.9 demonstrates the significance of conditioning the Generator on the eyes input
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Fig. 7.9 Significance of conditioning on the eyes. The blinking of the source is successfully
transferred to the target when using eye landmarks to condition synthesis. On the contrary,
conditioning solely on NMFC frames is not sufficient for transferring eye gaze and blinking.
Table 7.2 Ablation study results under the self reenactment setting, averaged across all
eight target identities in our dataset. For all metrics, lower values indicate better quality or
performance. Bold and underlined values correspond to the best and the second-best value of
each metric, respectively.
×102

×105

Variations

APD

MAPD

AED

ARD

FID

MMD2

w/o L fGeat

17.62

16.70

0.627

0.539◦

6.98

13.23

G
w/o Lvgg

15.74

13.95

0.514

0.452◦

5.40

9.42

w/o seq. G

15.71

13.63

0.486

0.436◦

4.98

9.06

w/o DD

15.09

13.03

0.456

0.408◦

3.95

5.57

Full model

14.82

13.06

0.467

0.412◦

4.15

6.50

sequence. Given that NMFCs do not adequately reflect eye gaze and blinking, conditioning solely on
the NMFC input sequence does not provide substantial information to the Generator, for transferring
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Table 7.3 Ablation study of the effect of
Mouth Discriminator DM and conditioning on the eyes in Head2Head++.
Variations
w/o DM
w/o Eyes input
Full model

APD
13.43
12.32

AELD
1.52
1.06

Table 7.4 Ablation study of the effect of
Sequential Generator and Dynamics Discriminator in Head2Head++.
Variations
w/o seq. G
w/o DD
Full model

FVD
74.42
66.48
57.46

the eye movements of the source to the target. Additionally, we quantitatively evaluate the significance
of the mouth discriminator and the eye gaze conditioning. Table 7.3 presents the numeric measures
obtained when assessing their effect. In the second column of Table 7.3, we report the average
pixel distance (APD) within the mouth area under self-reenactment, between the generated and
ground truth regions of interest, for all eight identities in our dataset. As can be seen, the numeric
results agree with the qualitative ones, in Fig. 7.8. In the third column of Table 7.3, we assess the
importance of conditioning the Generator on the Eyes input (Eyes Video sketch shown in Fig. 7.1).
For that, we use the landmarker to extract eye landmarks, both from the ground truth and synthetic
frames, created under self-reenactment. Then, we compute the average eye landmarks L2-distance
(AELD), between real and generated frames, across all eight identities and report the results in the
Table 7.3. We observe that conditioning on the eyes helps to synthesise faces that better follow the
eye movement and gaze appearing in the source video.
Lastly, in order to evaluate the importance of the Dynamics Discriminator DD on the temporal
consistency of generated frames, we use the Fréchet Video Distance (FVD) [293]. We also provide the
FVD score for the non-sequential variation of Head2Head++ (w/o seq. G). The results of Table 7.4
indicate that our full model with a sequential Generator trained alongside a Dynamics Discriminator
outperforms both variations by a significant margin.

114

7.3.5

Deep Facial Attributes Re-Targeting

Effect of Training Video Length
1K

2K

4K

8K

16K

Ground Truth

Fig. 7.10 Significance of training video length. We show the same image generated with a
GAN trained on 1K, 2K, 4K, 8K and 16K frames, as well as the ground truth (last image).
Fig. 7.11 displays the influence of training footage duration on the generative performance of the the
Video Rendering Network. For that experiment, we trained five separate models per target identity.
Each model was trained on frame sequences of different length: one, two, four, eight, up to sixteen
thousand frames. We found that FID and MMD2 scores, which indicate visual quality, are the metrics
affected the most by the number of training frames. Furthermore, it is visible that there is still room
for improvement in the performance of our Video Rendering Network, provided that even longer
training videos are available. However, this would require additional footage with enough head pose
variability, which in practice does not scale linearly with the number of training frames available.

APD
MAPD

24
14

AED
ARD

1.1

0.4
12 4 8
16
number of frames
(in thousands)
(a)

FID
MMD2

32.2

4
12 4 8
16
number of frames
(in thousands)
(b)

12 4 8
16
number of frames
(in thousands)
(c)

Fig. 7.11 The effect of the number of training frames on the quality of generated frames. All
metrics were computed for the subset of four target identities (Macron, Sanchez, Trump, Von
Der Leyen).
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2K

4K

w/o pre-train

w/ pre-train

Ground Truth

1K

Fig. 7.12 The effect of pre-training the Video Rendering Network on Face Forensics++
dataset. The importance of pre-training is very prominent when a limited number of training
frames (1K, 2K) is available.
In Fig. 7.10, we demonstrate the impact of training video length on the visual quality of synthetic
frames. We observe visually that as the number of available training frames increases, artifacts
become less severe and eventually disappear. This behaviour comes in agreement with the decrease of
evaluation metrics, shown in Fig. 7.11.

7.3.6

Pre-training on Face Forensics++ Dataset

We further explore how the generative performance of the Video Rendering Network can be improved
in the case of limited video footage, for instance when training sequences are less than four thousand
frames (about 2.5 minutes). To that end, we pre-trained Head2Head++ on the large-scale Face
Forensics++ dataset [238], containing 1000 different identities. At this stage, the Generator learned
to create a “average identity”, since there is no mechanism to dictate which identity to be synthesised
over this multi-person dataset. As a next step, we fine-tuned eight person-specific models, one for
each target identity in our dataset, using a subset of their available footage (1K, 2K or 4K frames).
In Table 7.5, we report a quantitative evaluation with and without pre-training on [238] data. As
suggested by the results, pre-training on Face Forensics++ data appears advantageous, especially for
shorter sequences (1K or 2K frames). This could be explained if we consider pre-training as a head
start for the GAN, where the Generator is already capable of creating a realistic “average identity”
and then it remains to learn a specific one. The same trend can be seen in Fig. 7.12. Especially for a
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Table 7.5 Effect of pre-training GAN on Face Forensics++ dataset, when training video
footage is limited, namely less than 4K frames. All metrics are averaged across all eight target
identities in our dataset. For all metrics, lower values indicate better quality or performance.
Number of

×102

×105

train frames

APD

MAPD

AED

ARD

FID

MMD2

1K

22.62

20.32

0.844

0.955◦

16.01

39.59

w/ pre-train

21.95

19.02

0.575

0.562◦

15.93

39.76

2K

20.41

18.27

0.719

0.737◦

11.04

24.83

w/ pre-train

20.17

17.84

0.526

0.516◦

11.22

24.93

4K

18.87

17.46

0.610

0.577◦

7.41

15.08

0.483

◦

7.80

15.63

w/ pre-train

18.90

16.71

0.453

training footage of 1K or 2K frames, the quality of generated frames is clearly inferior in comparison
with samples created with pre-training.

7.3.7

Comparison with the State of the Art

We compare our Head2Head++ system with the image-based method of DVP [161] and a video-based
variant of our network that is different in two aspects: 1) it uses the 3D reconstruction approach
explained in chapter 3, and 2) it adopts the eye gaze estimator of [218]. We call this variant Head2Head,
which we proposed and published first in [170]. This comparison is done by performing a full head
reenactment experiment on the same source and target video footage. First, we trained our method
and Head2Head on the target sequence, which was kindly provided by the authors of [161], and then
we used the same source to drive synthesis. In Fig. 7.13 we display some examples, in which our
method outperforms DVP in terms of head pose and expression transferability.
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Head2Head

Ours

Source

Fig. 7.13 Comparison of our method with DVP. In many cases our method outperforms DVP,
especially in terms of head pose transferability.

Fig. 7.14 Comparison of our Head2Head++ method with Head2Head [170] on eye region
synthesis. We synthesise more photo-realistic eyes in comparison to [170].
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Table 7.6 Quantitative comparison with DVP and Head2Head under full head reenactment.
For all metrics, lower is better.
×102

×105

AED

ARD

DAI

FID

MMD2

AELD

DVP

2.089

2.54◦

23.01

15.94

61.32

0.85

Head2Head

1.426

0.70◦

9.56

39.35

186.11

0.72

Ours

1.509

0.83◦

8.86

12.42

39.15

0.71

X2Face

FOMM

Ours

Source
(Ground Truth)

Method

Fig. 7.15 Comparison with X2Face and FOMM. Our method exhibits better photo-realism.
In many cases, the results of X2Face appear distorted, while FOMM’s performance drops
significantly for poses distant from the one provided in the target image.
For a quantitative comparison of the three methods, we performed 3D face reconstruction on
the two synthetic videos and computed the average expression distance (AED) and average rotation
distance (ARD) across frames, between the source video and the three generated videos. Then, we
applied 3D face reconstruction on the target video and computed the distance between the average
identities extracted from this real and each one of the three fake sequences. Finally, we used the FID
and MMD2 scores as a photo-realism metric, both computed between the fake videos and a set of
frames from the target’s original footage. For the eye region, where significant visual improvements
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Table 7.7 Quantitative comparison with X2Face and FOMM, using all eight target identities
in our dataset, under self reenactment.
Method

APD

FID (×102 )

MMD2 (×105 )

X2Face [311]

30.54

63.3

253.2

FOMM [255]

22.43

24.6

90.3

Ours

14.82

4.2

6.5

have been made over Head2Head, we computed the average eye landmarks L2-distance (AELD),
between source and generated videos.
The results presented in Table 7.6 suggest that our method outperforms DVP on every single
metric and Head2Head in several. More specifically, data samples produced by Head2Head++ exhibit
significantly lower FID and MMD2 scores, when compared to these created by Head2Head++. This
can be explained by the fact that the network (ArcFace [70]) we employ to extract facial features for
FID and MMD2 is very sensitive to the shape of the eyes and thus imperfections and inconsistencies
in the eyes region generated by Head2Head are reflected in both photo-realism metrics. Considering
the AELD metric, the difference between the two methods is very small, which can be justified by the
fact that the eye tracker used in Head2Head is quite reliable and the video mostly frontal, therefore
differences with Head2Head++ can be better understood in terms of photo-realism. In Fig. 7.14, we
show that our new eye motion extraction method results in more reliable eye synthesis, compared to
Head2Head [170], in terms of photo-realism and eye shape. We observe that the eye regions generated
by Head2Head seem unnatural, while Head2Head++ has successfully rendered photo-realistic eyes.
The AED, ARD and DAI metric values obtained for Head2Head seem to be slightly better than
Head2Head++. We attribute these results to the fact that Head2Head is equipped with a video-based
3D reconstruction approach that relies on all video frames to generate the 3D faces, taking a few
minutes compared to few milliseconds in the case of Head2Head++. Nonetheless, we strongly
believe that performing 3D face recovery in nearly real-time outweighs the small disadvantage we
noticed in terms of facial expression accuracy.
We further compare our method with the warping-based X2Face method [311] as well as the
one-shot, image-based First Order Motion Model for Image Animation (FOMM) [255] system. As
suggested visually in Fig. 7.15 and the quantitative results in Table 7.7, Head2Head++ outperforms
both few-shot methods by a large margin. Such a discrepancy can be explained by the fact that we
train an individual person-specific model for each target identity, instead of relying on a few image
samples of the subject. On the other hand, methods such as first order motion model capitalise on a
single image to generate the target person, which results in the inherent ambiguity when the desired
head pose is very different from the one displayed on that single reference image. Unavoidably, this
makes the identity preservation problem more prominent in one-shot models.
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Source

Ours

vid2vid

Target Identity

Fig. 7.16 Comparison with vid2vid conditioned on facial landmarks. Here, the identity
preservation problem of landmarks is evident, as the head geometry of the source is reflected
on the generated target.
In order to demonstrate the significance of the NMFC representation, we conducted a head
reenactment experiment conditioning on landmarks. To that end, we trained vid2vid [300] on the task
of landmark-to-RGB video translation. We demonstrate the results in Fig. 7.16. As can be seen, the
facial shape of the source has been transferred along with the pose and expression to the generated
target.

7.3.8

Automated Study

The progress recently made by generative deep learning methods is so impressive to the extent
that manipulated videos (deepfakes) by such approaches are indistinguishable from the real ones.
Consequently, a new research topic has emerged to tackle the detection of what is commonly known
as ‘deepfakes’. A recent attempt in that direction is the Face Forensics++ [238]. The authors of [238]
collected a dataset of 1000 YouTube videos and manipulated them with graphics-based [282, 199]
and learning-based [285, 280], facial reenactment methods. With this dataset, a CNN was trained to
outrank the performance of human observers in detecting manipulated videos. Such a network was
trained on 1.8 million facially manipulated frames and reached a very high detection accuracy on the
test split of their dataset (around 99%). We use their pre-trained best-performing network and fine-tune
it on around 14K frames synthesised from eight different subjects by our Head2Head++ approach
and another 14K frames synthesised by Head2Head. While fine-tuning, we set the learning-rate
to 0.0001 and batch-size to 32. Adam optimiser [164] was also used with the default parameters.
We then test the fine-tuned network on 3.2K frames generated by Head2Head++ and Head2Head
methods (1.6K frames each) and not seen during training. The trained network reports an accuracy
of 76% vs 80.2% of fake frames detection for Head2Head++ and Head2Head, respectively. This
indicates that the fine-tuned forgery detection network finds it easier to spot fake frames generated by
Head2Head compared to Head2Head++. Moreover, the same network performs way better (around
99%) in detecting fake frames synthesised by any of the four head-reenactment methods tested in
[238]. Thanks to our carefully designed Head2Head++ framework, the trained forgery detection

121

7.3 Experiments

(a)

(b)

Fig. 7.17 User study results. (a) The predictive performance of participants against random
selection (Binomial distribution on n = 15 independent Bernoulli trials with success probability p = 1/3). (b) The fake detection accuracy of participants on each triplet of video
samples.
network finds it harder to identify our fake frames, which can be attributed to the increased realism of
our results.

7.3.9

User Study

We further evaluate the photo-realism of our generated videos, by conducting a user study. For that,
we synthesised five videos of 75 frames (3 seconds) each, using different reenactment methods (head,
face and self reenactment). Then, we coupled each fake video with two real ones, with the same
duration and same target identity, forming triplets of videos. Next, we asked 50 participants on MTurk
to detect the fake sample of each triplet. We presented the video triplet to the participants, allowing
them to watch them only once.
Our recorded results indicate a human fake detection accuracy of 43.1%, which demonstrates
the strong photo-realism of samples created by our Head2Head++ system. In Fig. 7.17a, we show
the relative frequency of participants on the number of fake videos that were successfully detected.
As can be seen, the majority managed to spot between 4 and 8 out of the 15 synthetic samples we
displayed. The comparison of our statistics with a Binomial distribution (red curve) indicates that
user study participants performed slightly better than random selection. Nonetheless, a significant
percentage of them, around 18%, managed to detect 9 or more fake samples. Finally, Fig. 7.17b
displays the predictive accuracy of participants on each video triplet. It is evident that self reenactment
samples were indistinguishable from real ones, with just 32.8% predictive accuracy. Videos generated
under face and head reenactment were identified a little more successfully, with an accuracy of 47.2%
and 49.2% respectively.
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Ethical Considerations

While our proposed approach paves the way towards several practical use-cases, ranging from video
editing to movie-dubbing, social media content creation, teleconferencing and virtual assistance, there
is a potential misuse of such a framework. Such misuse might take the form of falsifying a personal
statement or slandering prominent individuals. The possible misuse carries out a serious threat and we
do not condone employing our work to generate fake contents of any person with any bad intention
in mind. On the other hand, there have been some recent efforts in the literature to develop some
digital forensics to identify manipulated images/videos [284]. As a community, we believe we should
continue developing these forensics to counter any potential misuses. As part of our responsibility, we
are happy to share the fake videos we generated while working on our framework and to even create
more fake videos to help train a method that can detect manipulated videos by our approach and
others. These safeguarding measures might reduce any potential misuses while allowing for creatvie
applications of our approach.

7.5

Summary and Conclusion

We proposed Head2Head++, a pipeline consisting of a novel 3D facial reconstruction system and a
Video Rendering Network, able to perform full head reenactment from a source to a target identity.
Our new 3D face recovery and eye tracking methods allow our system to operate in nearly real-time
speeds. The extensive set of experiments we performed demonstrated the generative abilities of
our system, as well as the significance of its components. Furthermore, qualitative and quantitative
comparisons suggest that Head2Head++ outperforms other state-of-the-art methods, in terms of
photo-realism, expression and pose transferability, as well as target identity preservation. For future
work, we aim to make the network trainable in a few-shot manner, reducing the training time and
eliminating the need for learning a different model per person. Additionally, we plan to transfer the
facial expressions from the source in a way that preserves the target’s speaking style.

Chapter 8
Conclusions and Future Works
This final chapter draws conclusions about the research conducted in this thesis. We start with mainly
highlighting the contributions made in each chapter of this thesis and then showing some promising
future directions that are worth pursuing.

8.1

Thesis Summary

In this thesis, we have presented a set of novel algorithms for 3D facial shape modelling, analysis and
synthesis tailored for the human face, given its centrality in a plethora of real-world applications. 3D
facial modelling was always utilised as a basic building block and a significant informative cue to
improve state-of-the-art methods in 3D face reconstruction and tracking, monocular 3D facial motion
estimation, expression recognition, and full-head reenactment. In summary, the following goals have
been pursued in this thesis:
1. Combining model-free and model-based parametric approaches for improved 4D facial reconstruction from monocular videos.
2. Achieving real-time facial expression recognition “in the wild” by disentangling 3D expression
from identity with the aid of 3D Morphable Models (3DMM).
3. Densely and faithfully capturing the 3D facial motion from monocular in-the-wild pairs of
RGB images.
4. High fidelity and photo-realistic sequence-to-sequence video translation customised to human
faces.
In summary, the following contributions have been made:
Chapter 3. We collect Face3DVid, a large-scale facial videos dataset from YouTube composed of
12,000 RGB videos. This dataset is very rich in variety of faces present with numerous challenging
acquisition conditions and facial dynamics. The Face3DVid was annotated during the course of this
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thesis with: 1) 68 sparse facial landmarks, 2) bounding boxes around detected and tracked faces, 3)
camera and 3D pose parameters, 4) a dense 3D facial reconstruction in the form of a triangular mesh,
5) the identity and expression parameters of the 3DMM utilised during the reconstruction process, 6)
dense 3D flow/motion maps between pairs of frames. This dataset has been utilised in this thesis for
training deep Convolutional Neural Networks (CNNs) for the tasks of in-the-wild and monocular: 1)
facial expression recognition, 2) 3D motion estimation, and 3) sequence-to-sequence based full-head
reenactment.
Chapter 4. We put forward a novel framework for the 4D reconstruction (3D+temporal) of human
faces from monocular RGB sequences captured under uncontrolled settings. Our solution combines
the best of model-free (Dense Nonrigid Structure from Motion- DNSfM) and model-based approaches
(3D Morphable Models- 3DMM) to tackle robustly such a highly ill-posed problem. We formulate an
energy functional incorporating the 3DMM as a soft constraint. This combination produces expressive
3D shapes that cannot be obtained otherwise using only linear models such as 3DMM. At the same
time, when the input video is very challenging (characterised by sever occlusions and high noise) and
lacking the enough reconstruction cues (proper camera rotation) required by DNSfM, our method
produces plausible face-like results. We have validated the potential of our proposed approach both
quantitatively, using a set of synthetic videos we generated, and qualitatively, on the 300VW [252]
dataset for in-the-wild videos, and outperformed other state-of-the-art methods tested on the same
videos.
Chapter 5. We suggest a method for the automatic recognition of human emotions from a single
RGB image. For that, we train rigorously a deep Convolutional Neural Network (CNN), termed as
DeepExp3D, with the aid of a large-scale dataset of facial videos of our own collection and annotation
(Face3DVid, see chapter 3). Given a single RGB facial image and irrespective of the pictured identity,
our trained DeepExp3D network is capable of regressing the 3D facial expression parameters of a
3D morphable model that disentangles the identity from expression. We have extensively evaluated
the performance of our trained DeepExp3D and compared it with state-of-the-art methods for 3D
reconstruction from in-the-wild images. Our DeepExp3D demonstrates a superior performance in
regressing highly expressive facial expression coefficients when trained on the same facial expression
model as the competitors. We have also extensively tested the potential of the trained DeepExp3D in
recognising facial expressions when combined with an mSVM classifier on 5 widely-used benchmarks
(taken under either controlled or in-the-wild conditions). Our reported emotion recognition results
reveal the competitive performance of our proposed framework when compared with recent stateof-the-art approaches on the same datasets. We also test the ability of our designed system in stress
recognition and reveal its promises in that direction.
Chapter 6. We propose a novel and fast approach for the high quality monocular 3D facial motion
capture. More specifically, we design an end-to-end framework for the dense estimation of the 3D
flow of human faces from only a pair of monocular RGB images. Our suggested framework was
trained on a very large-scale dataset of in-the-wild facial videos (Face3DVid) and fine-tuned on a
4D facial expression database (4DFAB [54]) with ground-truth 3D scans. We conduct extensive
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experimental evaluations that show that the proposed approach: a) yields highly-accurate estimations
of 2D and 3D facial flow from monocular pair of images and successfully captures complex non-rigid
motions of the face and b) outperforms many state-of-the-art approaches in estimating both the 2D
and 3D facial flow, even when training other approaches under the same setup and data. We also show
the rewarding capacity of our work in a full-head facial manipulation application that capitalises on
our facial flow to produce highly loyal and photo-realistic fake facial dynamics indistinguishable from
real ones.
Chapter 7. We introduce a novel neural pipeline (we call Head2Head++) for the monocular
sequence-to-sequence translation tailored to human faces. Our method is composed of a novel
3D facial reconstruction system and a Video Rendering Network, together capable of performing
a high-fidelity full head reenactment from a source to a target identity in nearly real time from
either commodity web cameras or prerecorded videos. The extensive set of experiments carried
out demonstrate the generative abilities of our system, as well as the significance of its components.
Furthermore, qualitative and quantitative comparisons suggest that Head2Head++ outperforms other
state-of-the-art methods, in terms of photo-realism, expression and pose transferability, as well as
target identity preservation.

8.2

Future Work

The work presented in this thesis can be expanded in multiple directions.
3D face reconstruction and tracking. The combination of a parametric face model and model-free
approach has proved very promising in terms of the accuracy achieved in our proposed framework.
As an initialisation step, we use a 3D Morphable Model (3DMM) and we fit it to monocular image
sequences based on a set of extracted facial landmarks only, i.e. sparse landmarks fitting approach. To
make this initialisation step more robust to in-the-wild conditions, one interesting future direction
is to incorporate a statistical texture model, such as the recent morphable face albedo model of W.
Smith et al [260]. This will also make the estimated geometry more accurate and result in estimating
the texture of the face appearing in the input video as well. For the non-parametric facial recovery
part, we notice that the dense motion field estimation step is very critical for the overall quality of the
recovered facial geometry in each frame. Therefore, one possible future work is to use our own dense
3D facial motion estimation system proposed in chapter 6. This has the advantage of tracking the
facial motion more accurately and directly in the 3D space, rather than in the 2D image space.
Facial expression recognition. Although our FER system achieves SOTA results on several benchmarks, a possible future step to improve the accuracy further is to utilise a more expressive expression
model capable of representing more extreme expressions that are typical of in-the-wild images mostly
available on the internet. Another important future work is to expand our expression estimation
temporally. This would help to produce temporally consistent expression estimations from a sequence
of frames rather than on a frame-by-frame basis, which might result in less accurate and more flutter-
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ing expressions. An intriguing future work is to target the compound expressions that emerge as a
combination of more than one basic emotion with different intensities. Such emotions are frequently
encountered in real-world applications.
3D dense facial flow estimation. The accurate 3D facial motion capture from only monocular RGB
pairs is very challenging and associated with many ambiguities. Our DeepFaceFlow is the first to
address this problem robustly with promising results. We believe DeepFaceFlow could be extended
in two aspects: 1) eliminating the 2D registration step, making the inference faster, and 2) estimating
the 3D flow for occluded 3D vertices that are non-visible in the reference frame, i.e densely in the 3D
space rather than in the 2D image space. We believe that these two steps are sensible future works
that would boost further a multitude of applications ranging from facial expression recognition, 4D
face reconstruction, video-to-video facial translation, etc. It would also useful for some applications
to extend the 3D flow estimations to a sequence of input frames, rather than a pair, with respect to a
reference frame, say the first. This would eliminate the need for a post-processing step to accumulate
the estimations from each consecutive pair of frames.
Full-head reenactment. Our Head2Head++ pipeline is both video and person specific. This means
that we need to train a new model from scratch for each video we would like to reenact. Even though
it still has several reenactment use cases, this might limit the ability of our system in some scenarios
where there is a need to perform this task for unknown target videos on the fly. Therefore, an important
future direction is to make the network trainable in a few-shot manner, reducing the training time
and eliminating the need for learning a different model per person [80]. Additionally, transferring
the facial expressions from the source in a way that preserves the target’s speaking style is worth the
investigation.
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