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Abstract

Analysis of the full human head in the context of computer vision has been
an ongoing research area for years. While the deep learning community has
witnessed the trend of constructing end-to-end models that solve the problem
in one pass, it is challenging to apply such a procedure to full human heads.
This is because human heads are complicated and have numerous relatively
small components with high-frequency details. For example, in a high-quality
3D scan of a full human head from the Headspace dataset, each ear part only
occupies 1:5% of the total vertices. A method that aims to reconstruct full
3D heads in an end-to-end manner is prone to ignoring the detail of ears.
Therefore, this thesis focuses on the analysis of small components of the
full human head individually but approaches each in an end-to-end training
manner. The details of these three main contributions of the three individual
parts are presented in three separate chapters. The rst contribution aims
at reconstructing the underlying 3D ear geometry and colour details given
a monocular RGB image and uses the geometry information to initialise a
model- tting process that nds 55 3D ear landmarks on raw 3D head scans.
The second contribution employs a similar pipeline but applies it to an eye-
region and eyeball model. The work focuses on building a method that has
the advantages of both the model-based approach and the appearance-based
approach, resulting in an explicit model with state-of-the-art gaze prediction
precision. The nal work focuses on the separation of the facial identity and
the facial expression via learning a disentangled representation. We design an
autoencoder that extracts facial identity and facial expression representations
separately. Finally, we overview our contributions and the prospects of the
future applications that are enabled by them.
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Introduction

Understanding and reconstructing the full human head in the context of
computer vision and graphics has been an active research area for decades.
The recent advancement of deep learning technologies has enabled a learning
methodology that has strong feature extraction abilities, thus deep learning
methods have been one of the most popular, e cient and high performance
tools for analysis of human-related shapes and structures in computer vi-
sion. As a broad and ongoing topic, analysis of the full human head's shape
and appearance has numerous unsolved problems that are needed to be ad-
dressed. There are a number of components that compose the full human
head, including ears, nose, eyes, mouth, face, eyeballs and cranium. As some
components of human heads are movable, to represent full heads, the varia-
tions introduced by eye gaze, facial expressions and head movement should
be taken into consideration. The nature of human heads implies various dif-
culties for solving the problem. For multiple sub-components, one issue as
pointed out by [4, 5] is that methods that learn the full head as a whole
may have less variance to express the sub-parts. Capturing additional vari-
ations challenges the capacity of the learning model and can signi cantly
reduce the reliability of some methods€g. facial expression can make the

face identi cation task extra di cult).

The ultimate goal of the topic of analysis of the full head is that given a
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very high quality scan of a subject's head either in 2D or 3D forms, the al-
gorithm is able to extract semantically meaningful properties and alter those
properties. An enormous amount of applications can be enabled by this anal-
ysis. These include medical applications - such as ear reconstruction surgery,
entertainment - such as face reenactment, forensics, the understanding of
human face perception, tiredness detection in autonomous driving, design of
wearables - such as VR/AR headsets and spectacles, biometrics - such as 3D
face recognition, and so on. To de ne this in the context of this thesis, we ap-
proach analysis by means of analysis-by-synthesis, which aims to understand

the raw inputs by reproducing them via models.

To achieve the ultimate goal, we propose a plan in this thesis and demon-
strate 3 complete sub-parts in 3 technical chapters. We design the plan to be
two-stage, sub-part analysis and part composition. We de ne sub-part of a
human head as a region of a speci c component that is either on the surface
of a head €.g. ears, nose) or inside the heade(Q. eyeballs). Also, a sub-part
can be overlap, subset or superset to another sub-paetg. an eye-region can
be de ned to contain the face structure around both eyeballs. We design a
list of sub-parts, such that the union of the sub-parts forms the complete
human head. The stage one is to solve an individual analysis problem for
each sub-part for all the human head sub-parts in the list to be given in the
next paragraph. The stage two is then to combine each single solved model

into the full human head model.

Our proposed rst stage contains a list of sub-parts. We categorise the
sub-parts into two categories: bigger/coarse category and smaller/ ne cat-
egory. The bigger and coarse sub-parts include full head, face region with
neck and cranial region. The smaller and ne sub-parts include ears, eyes,

eye region, nose, mouth, hair and facial expression. We can model each sin-
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gle sub-part using the most suitable modelling method for it. For example,
we can use model- tting for ears, deep learning based monocular 3D recon-
struction for eye region and non-rigid iterative closest point for full head.
Our proposed second stage contains two proposed methods for compositing
multiple sub-parts into a full human head model. The rst method is to
use the individual sub-part model to replace the original part on a full head
coarse model. However, such method requires sticking the individual model
to the coarse head model, thus we propose a second method that does not
require sticking two models. The second method is to upsample and morph
the original part on a full head coarse model directly. Note that the original

part is extracted so we are still e ectively modelling individual sub-parts.

In this thesis, we cover the following sub-parts: ears, eye region with
nose, face and facial expressions for the rst stage. For ears, we model
the right ear and mirror the right ear model to produce a model for the
left ear. The model learning process is a deep learning based monocular
3D reconstruction pipeline that learns to nd corresponding 3D ear on 2D
images. For eye region with nose, we model the eye region, eyeballs and nose
in a uni ed model using the similar method compared to the ear work to
produce accurate gaze estimations. Finally, for faces and facial expressions,
we model both simultaneously but separately in 3D. For the second stage, we
t our 3D ear model to 3D full head scans. Our eye region model can directly
apply to a full head model. Our expression model can be considered as a set
of vertex o sets to the original full head model. We leave the modelling of
cranial region, eyeballs, nose, mouth and hair parts as future works. Also,
for stage two, although we try both composition methods, the nal model
is still limited in resolution (only maximum 5000 vertices for the full head

model).
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After drawing the big picture, we now cover more detail about individ-
ual analysis problems. The major part of analysis-by-synthesis is that the
algorithm that synthesises the raw inputs. The choice of the analysis-by-
synthesis method can be diverse. Some traditional methods often use the
model- tting approach. They construct a model to t the original data, and
then extract the desired properties from the constructed model. For exam-
ple, a model- tting approach can have a composition of two PCAs to model
3D face geometry and face textures separately. The two PCAs and a lighting
model can jointly models the appearance of human faces and produce ren-
dered facial images. The model- tting process then tries to optimise a set of
parameters that controls all three models, such that the nally synthesised
facial image looks as similar as the original facial image. However, using the
model- tting process as the “analysis' method is often time-consuming and
the tted model often cannot predict desired properties in high accuracy.
For example, the gaze vectors cannot be accurately obtained with above
whole face model- tting approach in most cases. In the meantime, recent
works focus on directly predict desired propertiesi.e. gaze vectors in this
example) accurately by harnessing the raw feature extraction ability of deep
neural networks. Given the increasing popularity in these “direct prediction'
approaches, we argue that having an underlying model still has numerous
advantages. For example, new data samples can be generated by modifying
properties of the model, and other properties (such as skin tones in this ex-
ample) can be obtained along with the desired properties.¢. gaze vectors
in this example). In a result, as proposed by [6], we use a mixture of the
two approaches to harness advantages of both. In this case, to replace the
model- tting process, we use deep neural networks to perform the analysis

task to predict a set of model parameters, and we use a model to synthesise
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the original data. Under this setting, we can obtain a tted model with-

out time-consuming model- tting process. The obtained model can provide
desired properties with comparable accuracy against “direct prediction' ap-
proaches and all other useful properties from the model. With modifying

certain properties, the obtained model can generate new data samples, too.

For the analysis-by-synthesis methods, the generautoencoderarchitec-
ture implements this idea and enables an end-to-end complete pipeline that
performs the analysis-by-synthesis task automatically from data without ad-
ditional supervision [7]. The architecture contains two parts, the rst part is
called the encoder which is often a feature extraction module that extracts
some compressed latent representation. The second part is the aforemen-
tioned generator, also known as thelecoder which attempts to synthesise
the input data from the latent representation. These two parts form a com-
plete pipeline that takes raw data as inputs and attempts to generate the
same data as output, where the output can be compared against the input
to improve both system components simultaneously. Deep neural networks
naturally form strong feature extraction modules and are usually used as en-
coders. All the three contributions of our thesis utilise the autoencoder idea

and use a state-of-the-art deep neural network as the encoder.

As discussed earlier, most model-based methods have semantically mean-
ingful latent representations that control certain properties, while most deep
learning methods cannot naturally generate explainable representations be-
cause of the black box property of them. The black box property means that
the neural network acts like a black box when it synthesise raw data from
a set of features without any semantical meanings, and without unveiling
any details of the mapping. A research area that focuses on learning more

explainable representation by learning more independent latent variables has
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become popular recently [8]. Such methods are termdisentangled represen-
tation learning methods. The disentangled representation means that each
of the representation’s variable varies one and only one factor of the synthe-
sised data. For example, the width of the face can be controlled by multiple
features in a trained deep neural network. An ideally disentangled deep neu-
ral network represents the variance of the width of the face using only one
feature (i.e. one number). This will imply a certain level of explainability
and encourage the method to learn a more concise representation [9]. In
general, disentangled methods aim to mitigate the black box property of the
deep neural networks. With this property, the learned deep learning models
can behave more like model-based approaches. We explore this property in

Chapter 5 by attempting to separately generate face identity and expression.

In this thesis, we address the often ignored sub-components including
ears, eyes, eye-region, eye gaze and facial expressions individually, mainly
using the autoencoder architecture, deep learning and model-based methods.
We have done three works that aim to separately analyse either single or a
closely grouped components. The rst work focuses on 3D ears. We start
from an augmented ear model that is built from 20 high quality 3D ear
scans [10]. The nal algorithm consists of a model that can generate in-
correspondence 3D ear shapes from 2D ear images in-the-wild. An ear in-
the-wild image colour model is also built to colour the 3D ears. We also
extend this system to initialise a tting of 3D ears to 3D full head raw scans.
Our second work aims at analysing human eyes and gaze directions by using
an eye-region and eyeball model and the same style of training process as
the ear autoencoder. Finally, the third work focuses on modelling 3D face
identity and 3D facial expressions separately when provided with 3D faces

with expressions.
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1.1 Outline

The remainder of this thesis is structured as follows:

1. Chapter 2 reviews all of the essential basic concepts for the theoretical
groundings of all three works described by this thesis. A number of
recent research works are included at the end of each section to give an

overview of the current development of the research areas.

2. Chapter 3 contains the rst technical contribution, which is a complete
3D human ear reconstruction system that is end-to-end trainable and
contains a new colour model. It also demonstrates a further model-

tting application that is initialised with this system.

3. Chapter 4 describes the second technical contribution that models the
eye, eye-region and gaze in a similar approach to the previous chapter.
We build a hybrid method that uses a novel eye-region model and can
provide rich semantically meaningful information, as with model-based
methods, and which has excellent gaze prediction accuracy, as with

appearance-based methods.

4. Chapter 5 describes the third and nal technical contribution, which
focuses on 3D face reconstruction with facial expression disentangle-
ment. The method takes a 3D face with expression as input and recon-
structs the 3D neutral face and 3D facial expression separately. It uses
a simple but e ective novel mutual information regulariser to improve

disentanglement ability by a large margin.

5. Chapter 6 concludes our contributions, lists applications and limita-

tions, and discusses the prospects for future work.
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Literature Review

This chapter will cover all the related work for our three contributions. We
start with fundamental ideas and methods in each section, then introduce
state-of-the-art methods. In the Section 2.1, we introduce the idea of the
autoencoder, which covers the basic concepts and the extended works of the
variational autoencoder (VAE) [11] and the disentangled VAE. The autoen-
coder is the cornerstone architecture design choice for the whole thesis to
achieve the analysis-by-synthesis pipeline and to enable end-to-end train-
ing. The next section, Section 2.2, will cover the fundamentals of the 3D
Morphable Models (3DMM) [12], which is a statistical way of modelling 3D
objects and forms an important part in the pipelines of all three works pre-
sented in this thesis. Finally, in Section 2.3, we show the most relevant recent

works and describe their core ideas concisely.

2.1 Autoencoders

Most of the work presented in this thesis is based on an architecture design
called anautoencoder It is an unsupervised learning method that learns a
compressed representation of a group of data. In this section, the idea of
the autoencoder architecture will be elaborated in Section 2.1.1. Principal
Component Analysis (PCA) as an autoencoder and one of the autoencoder's

most popular variants, Variational Autoencoder (VAE), will be introduced in
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Section 2.1.2 and Section 2.1.4 respectively. Meanwhile, the autoencoder has
a close relation with deep learning in recent years, and this will be discussed in
Section 2.1.3. Finally, the literature on disentangled VAEs will be introduced

in Section 2.1.5.

2.1.1 General Interpretation

The autoencoder, rstly proposed by Holyoaket al. [7], describes a process
that analyses the input data by extracting a latent representation, then syn-
theses the input data from that extracted latent representation. As depicted
in Fig. 2.1, an autoencoder has two main components: encoder and decoder.
The latent code is designed to be a latent representation of the input data.
Thus, the encoder is a feature extractor that regresses the latent representa-
tion from the input data, and the decoder is a generator that syntheses the
input data. With appropriate encoders and decoders, the autoencoder can
process various types of data. The data types shown in the gures are ear

images (top), 3D ear and head meshes or point clouds (bottom).

Figure 2.1. General autoencoder architecture.

Baldi [13] formally de nes the autoencoder as an architecture that learns

the encoder functionQ: R" | Rk and the decoder functionP: R ! R"
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jointly, such that:
argminL (P Q(X);X); (2.1)
QP

where L is the loss function that de nes the divergence between original
data X and reconstructed data. An intermediate code vectorn.e. latent

codez, can be obtained byz = Q(X). Such a latent code is a compressed
representation of the original data and can be used to recover the original

data with the decoder function byX = P (z).

2.1.2 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) can be used to construct 3D object
models and can be used as a decoder in autoencoder architecture to serve as
a linear generator. It is an algorithm that calculates a linear transformation

of data points from one coordinate system to the other. The new coordinate
system's coordinates have a descending order of variance of their values.
The rst facial 3D Morphable Model (3DMM) applies PCA to 3D human
face images. This will be elaborated in Section 2.2. Also, it can be shown
that a linear autoencoder with linear activation functions and squared loss

function can be transformed into PCA [14].

This section presents the mathematical details of PCA. PCA can derive
the linear transformation in two ways: performing the Singular Value De-
composition (SVD) of the observations or computing the eigendecomposition
of the observations' covariance matrix. Practically, we use a Python mod-
ule named SciPy [15] to calculate the transformation. We expand the SVD
approach as it is the same approach taken by SciPy. Assuming a set of

N observations each has features, arranged in a matrixX 2 RN ", the
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observations are zero-meaned initially:
X=X X: (2.2)

where X 2 R" is the mean data point of all data samples. The zero-mean

data matrix X °is then factorised by SVD as:
X%=uUsvT; (2.3)

whereU 2 RN "' S2 R" "andV 2 R" ", such that US are principal
components andV ' are principal axes. Assume it is desired for a dimension
reduction to k dimensions k < n), the principal axes can be truncated to
rst k rows, end up inW 2 Rk ". Then to reconstruct the original data from
any principal components.e. latent codez 2 Rk 1, the linear transformation
can be formed as:

R=X+2"W: (2.4)

For extracting the latent code of a new observatiorX, the inverse of the

PCA linear transformation in Eq. (2.4) can be applied as:
2=W ! X; X : (2.5)

Therefore, Eg. (2.5) and Eq. (2.4) forms an encoder and a decoder respec-
tively, then jointly form an autoencoder with latent codez as the contracted
representation with dimensiork. It is also e ectively a dimension reduction

transformation that reduces the dimension frorm to k.
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2.1.3 Autoencoder and Deep Learning

The idea of the autoencoder has an inseparable relation with deep learning
in recent years [8]. When the autoencoder was rstly proposed, both the
encoder and the decoder were implemented with neural networks. When
deep learning introduces neural networks that have much more capacity,
it is natural to apply various deep models to form di erent autoencoders
for di erent purposes. Meanwhile, it is possible to use a xed model-based
decoder instead of a learnable decoder to constrain the learning process and

to improve the trained encoder's performance [6].

In the 3D deep learning context, a large number of specially-designed deep
neural networks have been proposed for handling various input types. For
point cloud data, the most notable encoder networks are PointNet [16] and
point transformers [17, 18]. For the point cloud decoders, multilayer percep-
trons are the most used networks to produce a xed-order point set [19, 20].
For mesh data, the literature focuses on exploiting the topology informa-
tion, which jointly de nes an undirected graph with the point set. Thus,
Graph Neural Networks (GNNs) are applied for both encoding and decod-
ing [21, 22, 23, 24]. For volume data, the canonical approach is to treat them
as 3D images and use 3D convolution layers to extract features and 3D de-
convolution layers to reconstruct volumes. A notable approach for medical
3D images is V-Net [25], which is an extension to the 2D version U-Net [26].
They apply residual connections between layers from the encoder and the
decoder to provide better context and yield better performance with less
training data. Meanwhile, due to the curse of dimensionality, networks that
process volume data directly can only handle volumes with very limited res-
olutions [27, 28, 29]. Thus, Parket al. [30] propose to use an encoder-less

structure and represent the shape of objects using a neural network predicted
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signed distance eld.

Amid all the autoencoder-based 3D deep learning approaches described
above, there is one unique kind that processes and reconstructs 2D images but
provides strong 3D assumptions in intermediate steps. Our work presented
in Chapter 3 and Chapter 4 are based on such an architecture. Tewaai
al. [6] rstly propose this work (named MoFA), which uses a xed model-
based decoder that di erentiably produces a 2D image given the latent code.

This work has been adopted and extended by many other works [31, 32].

2.1.4 Variational Autoencoder (VAE)

Numerous variations to the autoencoder architecture have been proposed
over the last few years, including Sparse Autoencoder that aims to learn
a sparse latent code [33]; Denoising Autoencoder that aims to build a reg-
ularised autoencoder for denoising purpose [34]; Contractive Autoencoder
that adds additional constraints to further improve robustness to noise and
outliers [35] and Variational Autoencoder that constrains the latent code
to follow prede ned distribution such that sampling the latent code space
becomes easier [11]. In the following, we closely follow the mathematical
development from the original paper [11] and the tutorial [36]. VAE is used
in Chapter 5 as a basic deep learning pipeline for learning 3D faces and facial

expressions.

A VAE starts by assuming the observed dataX to be generated by an

unobserved random variable. Given that we are interested in learning the
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likelihood of the observed datg (X ), we can rearrange the term as:

Z
p(X)= p(X;z)dz (2.6)
Z

= p(Xj2z)p(7) dz: (2.7)

Following the autoencoder design presented earlier, we use a neural network

decoder to approximate the conditional probability distribution, as:

P(X iz ); (2.8)

where are the weights of the decoder neural network, and this forward
calculation of the neural network is denoted ap to avoid notational clutter.
As for the design of the latent codez, each latent variable is desired to be
independent of each other to better represent ea¢actor that generates the
observed dataX. A VAE [11] proposes to solve this issue by assuming the

latent code's prior as a unit isotropic Gaussian distribution:

p(z) = N (O;1); (2.9)

wherel is an identity matrix. Given Eq. (2.7), our goal for the decoder to
learn optimal weights  can then be arranged in the Maximum-a-posteriori

(MAP) fashion as:

z
=zargmax p (X jz)p(z) dz: (2.10)

Then, the di culty left for this learning model is that analytically calcu-
lating the integral term is not practically feasible. Given the intuition that

p(X j z) is nearly zero for most of thez since X has a very high dimen-
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sion. VAE [11] proposes to learn another distributiorg (z j X) with neural
network of weights to approximate a z given every observed data sam-
ple. Ideally, the distribution g can approximate the intractable posterior
distribution p(zj X) given high-capacityq . We denote this distribution as
encoder. Given the encoder distribution, we can now calculate the expecta-
tion of the log-likelihood of the decoder distributionE, 4 [logp (X j z)].
Finally, as a cornerstone of the VAE, relating the expectation term and
the data log-likelihood logp (X) bypasses the calculation of the intractable
integral term and enables an end-to-end trainable model by backpropagation.

Start with the log-likelihood of the data distribution:

logp(X) = E; g @x)logp(X)] (p(X) does not depend orz) ~ (2.11)
= E, logP (|;<( ZJ jzi(p)(z) (2.12)
= E, log > (;<(Zj jzi('[;(z)g E;j ;8 (2.13)
= E, logp (X j 2)+log %Hog % (2.14)
= E, logp (X | 2) Iog%ﬂog % (2.15)

= E,[logp (X j2)] E, Iog% +E, Iog%
(2.16)

= E;[logp (X j2z)] KL(q (z]jX)kp(2)

+KL(q (zjX) kp(z]X)); (2.17)

where KL (P (y) k Q(y)) is the Kullback{Leibler (KL) divergence between

distributions P and Q, de ned as:

KL(P (y) kQ()) = E, » log% : (2.18)



30 Literature Review

After the above derivations, it ends up in three terms, and the data log-
likelihood logp (X) is related to the expectationE, 4 [logp (X jz)]. Our
objective is then:

. =argmaxlogp(X): (2.19)

However, there is still an intractable distribution p(zj X) in the equation.
Since all KL divergences are greater than or equal to zero, we eliminate the
second KL divergence term that contains the intractable distribution, and
optimise a lower bound for the data log-likelihood instead. However, in the
ideal situation that the encoder distribution q is close enough to the true
posterior p(z j X), the second KL divergence term is nearly zero, we are
e ectively optimising the data log-likelihood directly again. The remaining
two terms can be further interpreted. The expectation ternk, [logp (X j z)]
can be seen as the reconstruction objective as it maximises the likelihood of
the generated data. The KL term KL(Q (z] X) k p(z)) makes the encoder

distribution similar to its prior.

To t the above objective in the neural network training context, several
amendments have to be applied. Firstly, most of the modern deep networks
are trained using the backpropagation algorithm, which implies that the
whole forward process has to be di erentiable. Our encoder network produces
a probability distribution of the latent code z instead of the latent code
directly. Thus, the reparameterisation trick [11, 37] is applied to get in a
di erentiable manner. The Gaussian distribution version is demonstrated.

Letz q (zjX)=N(; ?),

z= + ; where N (0;l): (2.20)

Secondly, most deep networks are trained with gradient descent, which
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implies the goal has to be a loss function to be minimised. We can then

derive the Evidence Lower Bound (ELBO) function:
ELBO= E,[logp (X jz)]+KL(qg (zjX)kp(2): (2.22)

Thirdly, the commonly used training scheme, minibatch gradient descent,
allows a small subset of the data to be trained on each pass. That implies
ine ciency in calculating the full expectation term. Thus, the current data
and correspondingz are used to estimate the expectation term. It can then
be simplied to logp (X j z). This is reasonable since minibatch sampling is
applied already. In practice, this term is further simpli ed to a deterministic
version, i.e. predict X directly. Then the commonly used loss functions by
deep learning,e.g. L1 loss, mean squared error loss, can be directly used.

The KL term remains unmodi ed.

2.1.5 Disentangled VAE

As a specialisation of the variational autoencoder, the disentangled VAE aims
to learn a more structured and more concise latent code, such that each latent
variable aims to represents a distinctive feature of both the input data and the
generated data. We formally de ne the terminologydisentanglement rst,
then introduce a number of important papers in this eld and nally layout
the mathematical background for the disentangled VAE. A basic assumption
made by all the disentangled VAEs introduced in this section is that no
labels related to each factor are provided, thus the learning completes in an
unsupervised manner.

With the purpose of learning a better representation, disentanglement is

de ned as a desired property for each learned latent unit to represent the vari-
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ance of a single generative factor and be irrelevant to other latent units [38].
The research on disentangled autoencoders can be dated back to 1992 by
Schmidhuber [39]. Lots of recent works focus on learning a disentangled rep-
resentation too. For example, Desjardingt al. [40] propose to use a variant
of a Boltzmann machine for disentanglement. Makhzaret al. propose an
adversarial autoencoder [41] and a PixelGAN autoencoder [42], both target
at learning a disentangled latent representation via focusing on more about
the relation between the representation and the generated data. In the mean-
time, due to the increasing popularity of the Generative Adversarial Network
(GAN), some disentanglement works focus on building a disentangled gener-
ative model via GAN [43, 44]. Some ideas that are applied to GANs are also
applicable to VAEs since they are two related approaches to the generative
model.

To expand more on disentanglement in the context of the VAE, we start
from a simple yet very e ective method, -VAE [45], followed by some further
works that are inspired by this paper and aim at building a better objective
function by decomposition of the original weighted ELBO loss [9, 46]. The
weighted ELBO introduced by the -VAE method is shown as follows:

VAE-ELBO = E,[logp (X j2)]+ KL(q (zjX)kp(2): (2.22)

where the hyperparameter is a factor multiplied by the KL loss function
and balances the trade-o between latent code disentanglement with recon-
struction quality and latent code capacity. In the -VAE context, is always
set to a real number that is greater than 1 to add importance to the KL term
during the network training process. This will result in a better disentangled
latent code and compromised reconstruction accuracy. Further works aim

to ameliorate the trade-o by decomposition of the KL loss function and
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applying weights on individual decomposed terms to achieve the same dis-
entanglement quality with less compromising on reconstruction quality. The
authors of -VAE argue that the added scalar is a Lagrangian multiplier
that is under the KKT condition [47, 48]. They also show that the KL loss
term encourages more conditional independence in the encoder conditional
distribution g (zj X). Jointly with the reconstruction loss, applying a

that is greater than one can lead to a more e cient representation. Given
the assumption that the objects are generated given some factors that have
a lower dimension than the latent code, the authors hypothesised that the
representation learned under such a setting has a better quality of disentan-

glement.

Based on the analysis made by -VAE, two further works aim to de-
compose the KL term and encourage the method to have more conditional
independence in the encoder distribution solely [9, 46]. Kim and Mnih [9]
propose the FactorVAE to optimise a latent code independence directly, and
Chenet al. [46] propose the -TCVAE to decompose the KL loss into three
terms to apply weights individually. They also decompose the KL loss in two

di erent ways. Both are illustrated in this section.

FactorVAE decomposes the KL loss into two terms: i) the mutual infor-
mation between the input data and the latent code, and ii) the KL divergence
between the latent code distribution and its prior distribution. The detailed

decomposition [42] of the expectation of the KL ternw.r.t. observed data
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distribution is shown as follows:

Epse 00 [KL(Q (2] X) kp(2))] (2.23)
i X g
= Eppw 0 Eq @ix) Iog% by de nition
(2.24)
j X
= Epgw 0 Eq @ix) 'qu éZ(JZ) )1((22)) (2.25)
j X
= Epgw 0 Eq @ix) '09% +log (:)((ZZ)) (2.26)
= Epga (0 [KL(T (2] X) kg (2))]+
Epee 0 Eq @ |09?O ((ZZ)) (2.27)
= |q (X,Z)+ Epdata (x) Eq (2) |Og(:)(—(zz)) (228)
= 1 (X;2)+ Eq ) Iog(z)((zz)) (2.29)
= g (X:2)+ Eq c:)(—(zz)) (2.30)
=lq (X;2)+KL(q (2) kp(2): (2.31)

With this decomposition, the expectation of the KL term over all the ob-
served data is then divided into two terms: the mutual information term
and the KL term. Mutual information can be interpreted as the common
information contained in both random variables. The term in this equation
represents the common information between observed data distribution and
the latent code distribution predicted by the encoder network. The second
term represents the KL divergence between the aggregated posterior distribu-
tion of the encoder and the prede ned latent code prior. The ternaggregated
posterior distribution is de ned as in [41]. After this is incorporated into the

loss function, the rst term penalises the amount of information contained
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in the latent code about the observed data, therefore worsening the recon-
struction quality if too much weight is put on this term [42]. Meanwhile,
the second term pushes the encoder distribution towards factor distribution.
This makes the individual latent code independent of each other, thus achiev-
ing disentanglement [9]. However, in-VAE, the added weighting penalises
both terms at the same time. Thus, Kim and Mnih [9] propose to penalise the
second term solely by adding an additional loss function to the original KL
loss function. Since the calculation of the aggregated posterior distribution
of the encoderg (z) requires going through the whole dataset and is practi-
cally inapplicable, the authors use the density ratio trick [49, 50] to mitigate
this issue. This algorithm trains a classi er/discriminator neural networkD

to learn the distribution over the training time of the main VAE. The added
loss function component directly predicts a loss of the total correlation of

individual latent code as:

TC(2)=KL(q (2) kqg (2) (2.32)
_ q (2)

4@ m (2.33)

Eq ) |ong—[()ZzZ) : (2.34)

where the discriminator networkD is trained to predict whether the input

latent code is a sample frong rather than q .

There are some disputes about whether penalising the mutual information
term is helpful for the overall disentanglement since it can encourage learning
a more concise latent code [43, 46, 51]. We nd that penalising the term can
lead to a more concise latent code and is especially useful under the situation
where multiple observations are mapped to a single latent code [51]. Details

are in Chapter 5.
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The other work, -TCVAE [46] decomposes the KL term in a di erent
way, where three terms are decomposed as i) index-code mutual information;
ii) total correlation, and iii) dimension-wise KL. Authors additionally assume
that an integern 2 f1 Ng is randomly assigned to each observed data

point from N total observations. Further on that, the authors de ne that:

a (zjn)=q (zjXn) (2.35)
q (z;n)=q (zjn)p(n) (2.36)
= Niq (zjn): (2.37)

The decomposition of the expectation of the KL termw.r.t. data distri-

bution from the ELBO loss function is then shown as follows:

Epny [KL(a (2] X) k p(2))] (2.38)
:Ep(n) E"q (zjn) |Og% (239) .
_ . q (2) Y Y
=Eq zn) logg (zjn) logp(z)+log mﬂog q(z) log g (z)

j j

(2.40)

. " # "x #
(2.41)
" ? "X ( )#

_ q (z;n) q (2) q (z

“Eaen 9 *Eaw 9% Gy F e 00,
(2.42)

Y X

=lq (zzn)+KL( g (2)k a(z)+  KL(g (z)kp(z)): (2.43)

i i

The rst mutual information term | is identical to the mutual information
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term in Eq. (2.31), which represents how much data information is stored
in the latent code. The rst KL term is the same as the added loss func-
tion in FactorVAE in Eq. (2.32), which is a total correlation term. Both
FactorVAE and -TCVAE argue that putting more weights on this term en-
courages independence among each variable of the latent code thus is more
e ective in achieving disentanglement. The second KL term is a dimension-
wise KL which sums the KL divergence between each latent variable and its
factor prior. This loss prevents individual latent variables' distributions from

diverging away from the assumed prior distributions.

The -TCVAE also has one di culty of calculating the aggregated poste-
rior distribution g (z). A recent work takes another approach to calculate this
term, namely Minibatch-Weighted Sampling[46]. LetBy = fni; ;nug
be a sizeM minibatch. Then p(By) = (1=N)M. Denoting r(Xy j n) as
the probability of a minibatch sample that given a datapointn, the rest
are sampled fromp(n). The method aims to obtain the expectation of the

aggregated posterior distribution by:

Eq (2 [logq (2)] (2.44)
=Eq (zn) 109Eno pmy [A (9 (2] n9)] " (2.45)
N .
:Eq (z;n) |09Ep(BM) M q (zjnm) (2.46)
n " m=1
N Ht
p(Bm) 1 :
Eq ) l09E (&, jn mmm_lq (zjnm) (2.47)
" " THH
1 X .
=Eq@ 100Er@yin oy 9 (Z1Nm) (2.48)
" m=1 #
1 X X .
=V log g (z(n)jnj) log(NM) : (2.49)



38 Literature Review

With this sampling-based estimator, all three terms can be calculated indi-
vidually.

To sum up the relations between the two disentangled VAEs, both of
them decompose the KL loss function into smaller pieces and weigh them
di erently. Both put a great emphasis on the total correlation term and argue
that the term is the key to disentanglement. Our work in Chapter 5 is inspired
by this decomposition and uses the mutual information term between the
input and the latent code as an additional regulariser in order to disentangle
face identity and facial expression. We also use the minibatch weighted

sampling technique to estimate our regulariser.

2.1.6 VAE Information-based Methods

There are a number of works that implement information-theoretic ideas into
their VAE-based architecture; for example, the Variational Information Bot-
tleneck (VIB) proposed by Alemiet al. [52]. Starting from the information
bottleneck idea rstly proposed by Tishbyet al. [53], Alemi et al. propose to
optimise the information bottleneck using deep neural networks. This results
in a similar autoencoder architecture to the VAE.

The information bottleneck, an idea that has lots of connections with

VAE, has an objective function formulated as follows:

Je =argmin (I (Xj2) | (zjX)); (2.50)
p(zjX)

where the rst and the second mutual information term aim to achieve
better accuracy and better compression respectively. The scalaris a La-
grangian multiplier that balances the two mutual information term. Minimis-

ing them jointly aims to nd the perfect balance of accuracy and compression
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for the model that estimatesp(z j X).

One of the main terms in information theory related to VAEs is the
mutual information between the input and the latent code. However, ana-
lytically calculating this term requires a forward pass of the encoder network
on the entire dataset for every backpropagation. This is undesirable since it
can increase the training time prohibitively. InfoGAN [43] uses Monte Carlo
simulation to estimate a lower bound for the mutual information term di-
rectly. Kim et al. [9] and Zhanget al. [54] use the density ratio trick [49, 50]
by introducing a discriminator. InfoVAE [55] obtains unbiased samples of
the latent code by running a forward pass of decoder and encoder [56], and
proposes to use other divergences such as the Jensen-Shannon divergence.
In our work, we use Minibatch Weighted Sampling (MWS), used in beta-
TCVAE [46], to obtain a direct estimate of the aggregated prior without

additional hyper-parameters or networks.

2.2 3D Morphable Model (3DMM)

The 3D Morphable Model (3DMM) was rstly proposed by Blanz and Vet-
ter [12] to build a statistical model for 200 registered 3D face meshes and
their textures. The idea of a linear 3DMM that is built with Principal Com-
ponent Analysis (PCA) will be discussed in this section. A review of the face
and eye 3DMMs g.g. multilinear 3DMM [57]) will be discussed at the end

of the section.

The idea of the 3DMM is to use signi cantly fewer parameters to represent
the variation in human faces. The initial approach uses a PCA to perform
dimension reduction on the registered 3D face vertices where all vertices of

two 3D faces are paired. The reconstruction is then the inverse transform
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process of the PCA. LetS 2 R® ! pe the 3D face point cloud withN
vertices, andT 2 R3N ! pe the colour for each vertex inS. Denote the
mean of the vertices and the colours & and T. The original paper presents

the reconstruction as:

S=S+ U, (2.51)
T=T+U, (2.52)

where 2 RMs tand 2 RMt ! areMg and M, parameters for shape and
texture respectively. Also,Us 2 RN M and U, 2 RN M are the learned

principal components generated by the PCA algorithm.

2.2.1 Face and Eyes 3D Morphable Model (3DMM)

Face 3DMMs were introduced more than two decades ago by Blanz and
Vetter [12] and perhaps is the most widely employed technique in recent sta-
tistical 3D face modelling applications. Such 3DMMs model a linear or non-
linear 3D facial space using a latent representation that can be constructed
in a number of di erent ways. Examples include PCA [3, 58, 59, 60, 61],
dictionary learning [62], wavelet decomposition [63], Gaussian mixture mod-
els [64] and neural nets [31]. Apart from general face 3DMMs, there are
several approaches that bring more focus to eyeball modelling. Beraet
al. were the rst to build a parametric model of eyeballs. The quality of this
eye model is high, but the reconstruction process is semi-automatic. Wood
et al. [65, 66] attempt to build an eye-region model of the single eye and
use model tting to estimate gaze. Ploumpiset al. [61] propose a method
for building a complete head morphable model that includes eyeballs. The

eye-region modelling is similar to the approach of Wooet al. and is blended
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into the head model.

Amongst the publicly-available 3DMMs, we choose the FLAME [3] model
to build our eye-region model since it has both eyeballs and can form a
minimal eye-region model for both eyes. Itis PCA-based, and it reconstructs
faces via linear combinations. Thus, it does not require additional training
and is both fast and stable in the training process. We use a masked FLAME

3DMM to form the model-based decoder to reconstruct 3D eye-region meshes.

2.3 End-to-end 3D Human-related Object Re-

construction

2.3.1 2D-to-2D Face Reconstruction

Numerous reconstruction methods have been proposed, and they generally
fall into three categories: generative, regression and generative-regression
hybrid. Generative methods focus on generating a 3D model to t the target
data [67, 68, 69, 70, 71]. The approaches proposed by Woedal. [65]
and Ploumpis et al. [61] both fall into this category. Regression methods,
recently popular due to deep learning advances, focus on regressing the model
parameters directly via deep networks [72, 73, 74, 75, 76, 77]. The third
category was rstly proposed by Tewariet al. [6], and adopted by many other
works [31, 21, 78, 32]. This approach usually trains a joint autoencoder model
that encodes the model parameters via the regression method, decodes the
regressed model parameters, and reconstructs the original input. Finally, the
reconstructed output is compared with the input data to form an autoencoder
end-to-end learning model. Speci cally, if the input data are in the format

of an image, a di erentiable renderer is employed to render images from the



42 Literature Review

reconstructed 3D meshes while maintaining an end-to-end trainable network.
All of the mentioned face autoencoders focus on full-face reconstruction and
use only a mesh surface to model the eyeball, and the appearance of di erent

gaze directions is not present or modelled via texture.

2.3.2 In-the-wild Ear Image Dataset

Numerous in-the-wild ear image datasets are built for various purposes. Here
we focus on Collection A from thdn-the-wild Ear Database(ITWE-A) since

it has 55 manually-marked landmarks. All the landmarks have semantic
meaning, as shown in Figure 3.1 (1). This dataset contains 500 images in its
training set and 105 images in its test set, where each image is captured in the
wild and contains a clear ear. The dataset has a large variation in-ear colours,
as is the nature of in-the-wild images, and it even contains several grayscale
images. Traditional 3DMM colour models, such as that of the Basel Face
Model 09 (BFMO09) [12], often fail to generate a highly-similar appearance
to the input. However, the in-the-wild ear colour model proposed here can
cover such colour variance since it models directly from the in-the-wild images

themselves.

2.3.3 Parametric Ear Models

An Active Appearance Model (AAM), a parametric ear model built by Zhou
and Zaferiou, is a linear model that aims to model the 2D ear's shape and
colour simultaneously [79]. A 3D Morphable Model (3DMM) is a closely-
related model that models objects' shapes and colours in 3D instead of 2D.
Blanz and Vetter rst propose a 3D Morphable Model (3DMM) for human
faces [12], which builds a linear system that allows di erent 3D face meshes

to be described by 199 shape parameters. Similarly, Deii al. [80] propose a



2.3 End-to-end 3D Human-related Object Reconstruction 43

3D morphable model for the human ear named the York Ear Model (YEM),
also based on a linear system but with 499 parameters. Here, we utilise
this ear 3DMM for its strong 3D ear shape prior. Meanwhile, the reduced
dimension of the parameters allows the neural network to perform a much
easier regression task using 499 shape parameters rather than 21333 raw

vertex parameters.

2.3.4 2D Ear Detection

Ear detection or localisation in 2D images is a task to nd the region of
interest bounding the ear from images of the human head that contain ears,
for example, pro le-view portraits. It is a vital preprocessing step in the 3D
ear reconstruction pipeline. Object detection has been studied for decades,
and there exists a number of algorithms that speci cally perform the 2D ear
detection task. Zhou and Zaferiou [1] use the histogram of oriented gradients
with a support vector machine (HoG+SVM) to predict a rectangular region
of interest. Emesc et al. [81] and Bizjak et al. [82] propose deep learn-
ing methods to tackle the 2D ear detection task by predicting a pixel-level

segmentation of the 2D ear image directly.

2.3.5 2D Ear Landmark Localisation

2D ear landmark localisation aims to nd speci ¢ key points on 2D ear im-
ages. It is an intuitive method of quantitative evaluation of this work where
the shape and alignment of the reconstructed 3D ear mesh can be evaluated
precisely. In 2D face landmark localisation, numerous approaches obtain
2D landmarks by reconstructing 3D models rst [83, 84, 85]. Being able to
achieve competitive results against a specialised 2D landmark predictor is

necessary for the success of a 3D dense ear reconstruction algorithm. Zhou
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and Zaferiou's approach comes with the ITWE-A dataset and is considered
as a baseline. They use Scale Invariant Feature Transform (SIFT) features
and an AAM model to predict 2D landmarks [1]. Hansley and Segundo [86]
propose a CNN-based approach to regress 2D landmarks directly, and they
also evaluate the ITWE-A dataset. Their approach proposes two CNNs that
both predict the same set of landmarks but with di erent strengths. The rst
CNN has a better generalisation ability for di erent ear poses. The resulting
landmarks of the rst CNN are used to normalise the ear image. The second
CNN predicts improved normalised ear images based on the results of the
rst CNN.

2.3.6 3D-to-3D Face Reconstruction

A 3D-t0-3D autoencoder based method means that it uses an encoder to
extract the latent representation from the input 3D face and a decoder to
reconstruct the original input 3D face. Most current 3D face datasets use
3D meshes to represent their 3D face scans. A 3D mesh comprises a point
cloud and a mesh topology. Depending on whether mesh topology infor-
mation is utilised, encoder networks fall into two categories: (i) networks
that process unordered point cloud datag€g. PointNet [16], PCT [17]), and

(i) Graph Convolutional Networks (GCN) [87], which process sets of points
with a prede ned mesh topology {(.e. meshes). Recent GCN-based meth-
ods [22, 21, 23, 24] can only train on registered single datasets, however with
PointNet, Liu et al. [88] train on combined multiple datasets with di erent
topologies without point correspondence, which is a signi cant step towards
reducing the limitations in the type of input data employed. We choose to
employ an intermediate solution, such as [89], which uses registered point

clouds only on single datasets and achieves better reconstruction and expres-
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sion disentanglement results without topology information. Noting recent
successes of transformer networks [90] in computer vision tasks [91], we use an
open-sourced approach that applies this architecture to point cloud data (the
Point Cloud Transformer (PCT) [17]) as our encoder for the work presented

in Chapter 5. The advantage of avoiding using the topology information is
that it allows more exibility in the form of the input data. With a topology,

all the vertices connected by the topology are required to be in certain order,
and the number of vertices has to be xed. While using point clouds as input
data, those constrains exist no more. However, in our approach, we still use
a xed amount of vertices and xed order. Although the backbone network

enables processing vertices of di erent orders and amounts.

2.3.7 Disentangled 3D Facial Expression Modelling

3DMMs initially focus on modelling the variance over di erent identities of
people,e.qg. Basel Face Model 2009 (BFMO09) [58], but latterly have added
additional expression models to better model real faces that possibly ap-
pear with expressions. A number of works [59, 92, 21] model expression by
modelling datasets that contain faces with expression, resulting in a set of
identity-expression mixture coe cients. On the other hand, a number of
models use separate coe cients for identity and expression [93, 3, 88, 94].
However, all aforementioned methods in this subsection do not explicitly
disentangle identity and expression and the two disentangling works that are
most related to us, [95] and [54], both use the GCN (Graph Convolutional
Network, [87]) as their encoder. Note that some of the methods build separate
models for identity and expression, however they are not built to explicitly
separate identity and expression features given an input that contains a face

with facial expression.
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To achieve facial expression disentanglement, the way in which identities
and expressions are combined has to be de ned. In the context of mod-
elling identity and expression in two separate sets of coe cients, Eggeat
al. [96] classify the combination of identity model and expression model into
three categories: additive, multiplicative and nonlinear models. Zhangt
al. [54] use the additive assumption where expressions are represented in a
blendshape that each vertex's coordinates can be directly added to the corre-
sponding neutral face vertex's coordinates. Jiangt al. [95] use the nonlinear
model way that feeds both identity and expression latent code to a deep neu-
ral network and synthesises the nal expression faces directly, which is the

approach that we follow in our proposed method.

Jiang et al. [95] employ two networks, one removing identity and one re-
moving expression from the input face, thus expecting the synthesised face
to be the average face. They also synthesise the original face by a fusion net-
work that combines the results from the identity remover and the expression
remover. Zhanget al. [54] achieved the previous state-of-the-art in 3D facial
expression disentanglement results prior to our work [51]. They propose to
add an objective that suggests independence between the identity latent code
and the expression latent code by utilising a discriminator similar to that of
Kim and Mnih [9].

2.4 Conclusion

In this section, we conclude the relevant literature reviewed in this chapter
and address the gaps in the current literature. In this chapter, we rstly
review the core technologies in machine learning and deep learning used in

this thesis. We cover the basic concepts and theories of the learning-based
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methods that aim to improve a model by observing the data. Then we
focused on a more speci ¢ subset of the machine learning area that focuses
on building a pipeline to learn automatically from the data without manual
annotations. Then we cover the 3D morphable model and other individual
technologies that are used in implementing the algorithms covered by this
thesis. Finally, we review the recent literature that is the most relevant to

our proposed methods.

For the end-to-end 3D reconstruction tasks using autoencoders, there has
been a debate as to whether the encoders are needed. For some generation
tasks, designing an encoder is not necessary and can require a large capac-
ity model that is potentially unimplementable in practice. DeepSDF [30]
addresses this issue by proposing an encoder-less auto-decoder architecture.
Generative Adversarial Networks (GANS) [56] propose to use a discriminator
network instead of the encoder to train the generator/decoder. For example,
for the face generation task, an enormous number of GAN-based methods

are proposed, few representatives are included [97, 98, 99, 100, 101, 102].

For generating realistic samples, there are gaps between current methods,
too. For generating 3D data like point clouds, a multilayer perceptron-based
decoder is su cient for reasonable scales of the data. However, for generating
2D data like images, there is a trade-0 between using a model-based decoder
to explicitly model the 2D image generation process and using GANs to gen-
erate implicitly and directly. While a GAN is able to generate photo-realistic
photos directly, it loses the advantages of the model-based decoders where
more controls are obtained over properties such as rendering properties. A
model-based decoder can explicitly vary semantically meaningful properties,
such as lighting directions, face poses, texture materials and more. How-

ever, model-based decoders generate images that are less realistic compared
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to those generated by GANs. We address the control issue in Chapter 5 by
disentangling the implicit method's parameters.

Similar to the realistic 2D image generation, the gap between model-based
methods and implicit methods has been addressed more and more in recent
years. Model-based methods have the advantage of possessing manageable
and explainable properties. However, under most circumstances, they fail
to compete with the implicit methods implemented with deep learning tech-
nologies in terms of the prediction accuracy of speci c tasks. We address this
trade-o in Chapter 4 and attempt to build a hybrid method that has both

advantages.
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Human Ear Reconstruction Autoencoder

3.1 Introduction

In recent years, 3D face modelling and 3D face reconstruction from monoc-
ular images have drawn increasing attention. Especially with deep learning
methods, 3D face reconstruction models are empowered to have more com-
plexity and better feature extraction ability. However, as an important part

of the human head, the human ear has received signi cantly less attention.
Our 3D ear reconstruction approach establishes a dense correspondence be-
tween 2D ear input image pixels and 3D vertices of a 3D Morphable Model
(3DMM) of the ear, thus enabling both 2D and 3D ear landmark localisation.
Furthermore, 3D ear recognition is enabled [1, 103, 104] using the 3D shape
encoding provided by the tted 3DMM. In addition, we perform extensive
experiments on the Headspace dataset [105, 106] by utilising our Human Ear
Reconstruction Autoencoder, or HERA (pronounced "hearer’) system, as an

initialisation to a 3D model tting problem.

A detailed 3D ear reconstruction can be crucial to building a high-quality
3D model of the human head [107, 10, 61, 106]. In this context, it is desir-
able to model the ears as separate entities and then fuse them to the head.
The reason is that it is di cult to control the spatially high-frequency as-

pects of the ear (such as the skin folds) with parameters that simultaneously
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control the whole head shape in a global optimisation. Such a 3DMM head
tting optimisation is better at capturing the low-frequency shape varia-
tions (i.e. relatively large components with relatively small local variations,

e.g. face shape and cranial shape) across an aligned dataset of some shape
class.

A number of applications are possible with the detailed ear shape mod-
elled by a tted ear 3DMM. This includes the design of ear wear (headphones,
earphones, hearing aids), eye wear (since eye wear frames usually require ear
support) and other head wear used in virtual and augmented reality appli-

cations.

(@) (b) (©)

Figure 3.1. (a) 55 landmarks and their semantics from ITWE-A dataset [1] (b)
Rendered densely corresponded coloured 3D ear mesh projected onto the original
image (c) Original image marked with predicted landmarks.

Most modern approaches for 3D face or 3D ear reconstruction from monoc-
ular images fall into three categories: generation based, regression based and
the combination of both [6]. Generation-based methods require a parametric
model for the 3D object and 3D landmarks to optimise a set of parameters
for optimal alignment between projected 3D models and 2D landmarks. For
3D ear reconstructions, two approaches can be found in literature [80, 1].

Both are traditional generation-based methods that utilises model- tting or
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Active Appearance Model (AAM) to t either a 3D or a 2D ear model to the

ear images to localise 55 ear landmarks. Regression-based methods usually
utilise neural networks to regress a parametric model's parameters directly, as
proposed by [108, 109] for 3D face reconstruction. Generation-based methods
are often more computationally costly, due to their non-convex optimisation
criteria and the requirement for landmarks. Regression-based methods re-
quire ground truth parameters to be provided, which is only accessible when
using synthetic data [108]. Otherwise other 3D reconstruction algorithms
are required to obtain ground truth parameters beforehand [83]. There-
fore, Tewari et al. proposed an unsupervised 3D face reconstruction method
named Model-based Face AutoencodefMoFA) that combines both gener-
ation and regression based methods. This aims to mitigate the negative
aspects of the two categories of method, by using an autoencoder composed
of a regression-based encoder and a generation-based decoder [6]. However,
there are no regression-based or autoencoder structured approaches for 3D
ear reconstruction in the literature. Whether this unsupervised autoencoder
approach can tackle the complexity of the ear structure remains an open

guestion that we address here.

The core idea of the unsupervised learning approach is to synthesise simi-
lar colour images from original colour input images in a di erentiable manner.
For such an approach, a parametric ear model is needed. [Rdial. propose a
3D Morphable Model (3DMM) of the ear, named the York Ear Model (YEM,
[80, 10]). Its 3D ear mesh has 7111 vertex coordinates, so 21333 vertex pa-
rameters, reduced to 499 shape parameters using PCA. However, to enable
unsupervised learning, the 3D ear meshes require colour/texture, which is
not included in the YEM model. Furthermore, we perform 3D model tting

of the ear model to the raw 3D head scans to enable further understanding of
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such a small portion of the overall 3D head mesh. Such 3D model tting is a
challenging task since a small model is tted to a large object. However, we
mitigate this problem by employing the HERA system to provide a strong
initialisation of the ear model, thereby making the whole model tting both
more robust and e cient.

In this context, we present aHuman Ear Reconstruction Autoencoder

(HERA) system, with the following contributions:

A

A 3D ear reconstruction method that is trained in a completely end-
to-end way, using in-the-wild monocular colour 2D images of the ear,

and can potentially be trained unsupervised.

An in-the-wild ear color model that colors the 3D ear mesh to minimise

its di erence from the associated 2D ear image in appearance.

Evaluations that demonstrate that our proposed model is able to pre-
dict a colored 3D ear mesh in dense correspondence with other tted

modelse.g. Fig. 3.1 (b), and 2D landmarkse.g. Fig. 3.1 (c).

A set of 55 3D ear landmarks for the 3D head meshes in the Headspace
dataset [106], which is generated by tting the HERA-initialised York
Ear Model to the raw 3D head meshes and transferring landmarks from
the YEM model to the Headspace data. This has great utility when

tting full head models to Headspace data.

3.2 The HERA system

Our HERA system (Human Ear Reconstruction Autoencoder) employs an
autoencoder structure that takes right ear images as input and generates

synthetic images. Where left ears are mirrored to right ears in the rst stage
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Figure 3.2. Overview of the HERA autoencoder architecture. The encoder is
the ResNet-18 CNN predicting intermediate code vectors that are then fed to the
decoder. The decoder is comprised of(l) the YEM ear shape model and our in-

the-wild ear colour model; (2) PyTorch3D [2] that renders images with ear shapes
and colours in a di erentiable way. We use a photometric (pixel) loss with an

optional additional landmark loss for faster convergence and better accuracy.

of preprocessing. The autoencoder is trained by minimising the di erence
between input images and the nal synthesised images. An illustration of
our end-to-end architecture is shown in Fig. 3.2. The encoder is a CNN
predicting intermediate code vectors that are then fed to the decoder, where
coloured 3D ear meshes are reconstructed and rendered into 2D images. The
decoder is comprised of: (i) the YEM ear shape model and our in-the-wild
ear colour model that reconstructs ear shapes and ear colors respectively;
(i) PyTorch3D [2] that renders images with ear shapes and colours in a
di erentiable way. The comparison of the input and synthesised images is
implemented by a combination of loss functions and regularisers. The essen-
tial loss function is a photometric loss where mean square error is calculated
for every pair of corresponded pixels from both input images and synthesised
images, with an additional landmark loss that can be included for both faster
convergence time and better accuracy. The whole autoencoder structure is
designed to be di erentiable, so it can be trained in an end-to-end manner.

Each part of the architecture (.e. encoder CNN, ear 3DMM, scaled orthog-
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onal projection and loss functions) is di erentiable by default, thereby using
a di erentiable renderer to render 3D meshes with textures to 2D images for
making the whole architecture di erentiable. The core part of the decoder is
described in Section 3.2.1. The whole end-to-end trainable architecture and

the necessary training methods are then described in Section 3.2.5.

3.2.1 3D Morphable Model of the Ear

The decoder comprises an ear shape model derived from the York Ear Model
(YEM), an ear colour model, and a 3D-to-2D projection model. The YEM
shape parameters ¢ can be reconstructed to an 3D ear vertex coordinate
vector S2 RN 2 whereN is the number of vertices in a single 3D ear mesh.
The colour parameters . are then reconstructed to a vertex colour vector
C 2 RN 3to colour each vertex. The pose parametegsare used in the pro-
jection model that aligns 3D ear meshes with 2D ears' pixels. Note that we
assume the shape and the in-the-wild colour are independent, thus the shape
and the colour models are built separately. Even they have potential correla-
tions, the two separate models can still capture the correlations individually

and does not a ect the correctness of the nally synthesised images.

Ear Shape Model

For the ear geometric information modelling, we employ the YEM model [80]
to perform reconstruction. It is constructed from 500 3D ear meshes and
thus provides a strong statistical prior. The 3D ear vertex coordinate vector

(i.e. 3D ear shape)S is reconstructed from shape parameter vectorg by:

S=8( J=vec Y(S+ U ); (3.1)
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where S 2 RN is the mean ear shapelUs 2 RN 4% are the principal
components of ear shape variation and the resulting\N3-vector is reshaped
intoa N 3 matrix by the operator vec 1(:) such that each row ofS represents

a vertex coordinate in 3D space.

The 3D-to-2D projection model that we used is theScaled Orthogonal
Projection (SOP). Note that we make this SOP assumption because no
camera parameters are available to the in-the-wild ear images, and most ears
in the dataset images are relatively far from the camera, further minimise the
e ect of using the scaled orthogonal projection against the full perspective
projection. Given the 3D ear shapes from Eq. (3.1) and similarity trans-
form parametersp = (r;T;f)"T comprising rotation, translation and scale
respectively, this projection function,V, is de ned as:

2 3

V=V (S;p)= fP,R(r)S+ T; P0:41 0% (3.2)
010

whereV 2 RN 2 are the projected 2D ear verticesP, is the orthogonal
projection matrix and R(r) is a function that returns the rotation matrix
from r 2 R3, axis rotation angles in x, y and z axis respectivelyig. az-
imuth, elevation and roll). Since scaled-orthogonal projection is used,
provides su cient geometric information for the di erentiable renderer and

no additional camera parameters are needed.

In addition, 2D landmarks can be extracted from the projected vertices
V by manually selecting 55 semantically corresponding vertices. Thus we

can de ne a vector of 2D landmarks of a projected ear shapé as:

X;=V(L); (3.3)
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whereX; 2 R% ? are the landmark's image coordinates indexed Hy in the

projected ear verticesv .

In-the-wild Ear Colour Model

The decoder in our architecture requires the 3D ear meshes to be coloured to
generate plausible synthetic ear images. However, the YEM model contains
an ear shape model only. To solve this problem, we build an in-the-wild ear
colour model using PCA whitening.

Firstly, for each ear image of the 500 images from the training set of the
ITWE-A dataset, a set of whitened ear shape model s and ear pose pa-
rametersp is tted using a non-linear optimiser (L-BFGS-B implemented
by SciPy package [15]) to minimise 2D landmark distances. Using the recon-
struction Equations 3.1 3.3, the optimisation criterion Eq can be formed

as follows:

X(sp)=Y¥ SO )ip ; (3.4)

Eol iPXe)= - X(P) O Xg i (39)

where X is the whole reconstruction and projection function and ¢ ) =

s generates shape parameters from whitened parameters (described in
Section 3.2.3). Also,N_ = 55 is a constant representing the number of
landmarks andX o 2 R®® 2 are the ground truth 2D landmarks provided by
the ITWE-A dataset.An illustration of the de nitions of all 55 ear landmarks
can be found in Fig. 3.1 (a).

After shape tting, the colour for each vertex is obtained by selecting

the corresponding 2D pixel colour. This process generates 500 vertex colour

vectors, which can then be used to build the in-the-wild ear colour model
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