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Abstract

Deep learning has gained popularity because of its supremacy in terms of performance
when trained on large datasets. However, collecting and annotating large datasets is
laborious, expensive, and time-consuming. Weak supervision learning (WSL) has been
at the forefront in exploring solutions to the above limitations. WSL techniques can
create accurate classifiers under different scenarios, such as limited sample datasets,
inaccurate datasets with noisy labels, and datasets that do not have the desired labels.
This work applies WSL to facial Action Unit (AU) recognition, a problem space that
relies on subject-matter experts (i.e., certified Facial Action Unit Coders (FACS)) to an-
notate samples. Two WSL techniques, namely incomplete supervision using a pseudo-
labelling mechanism, where one has access to vast amounts of unlabelled data and a
limited amount of labelled data, and inaccurate supervision using Large-Loss Rejec-
tion (LLR) mechanism, where one has access to only noisy labels, were explored. The
pseudo-labelling mechanism involves feeding samples with generated pseudo-labels
during the training process. Alternatively, the LLR mechanism prevents model learn-
ing noisy labels by rejecting samples that reported large-loss during training. To better
evaluate the limitations posed by accurate data and label availability and its impact on
training models, the authors trained a baseline emotion recognition model and fine-
tuned for AU recognition using transfer learning. This process also helped access the
ability to estimate fine-grain labels (AUs) using only coarse-grain labels (facial emo-

tions).

The experimental setup included training and validating a VGG16 Convolutional neu-
ral network (CNN) using the Extended Denver Intensity of Spontaneous Facial Action
Database (DISFA+) and the use of the Karolinska Directed Emotional Faces (KDEF)
dataset as cross-dataset evaluation. Pseudo-labelling approach for AU recognition had
three models, the first, PL-1, reported subset accuracy of 68% and 0.56 weighted F1-
score, PL-2a reported a subset accuracy 89% and 0.9 weighted F1-score, PL-2b reported
a subset accuracy of 66% and a weighted Fl-score of 0.44. The LLR approach for AU
recognition reported a subset accuracy of 69% and a weighted average F1-score of 0.66.
The baseline AU model reported accuracy of 97% and an F1-score of 0.98 for AU recog-
nition, signifying the need for large data sets and transfer learning. However, with an
average reported accuracy of 68.5%, WSL mechanisms provide a solution in the right

direction and can assist researchers in addressing data annotation challenges.
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Chapter 1

Introduction

A strong predictive machine learning (ML) model requires a significant amount of qual-
ity data samples. These data samples are used to train and validate the model so that
it is capable of making appropriate actions when the model is introduced to new data.
This approach to training ML models by using annotated data is called supervised ma-
chine learning. In supervised learning, data annotation, also known as labelling, is
performed to add metadata to each instance of a raw dataset [Schreiner et al., 2006].
This is a necessary step in various ML workflows as algorithms struggle to infer mean-
ing without human intervention. Data labelling is performed to allow models to learn

the underlying context or correlations to the metadata provided.

A common challenge faced by ML researchers is a lack of sufficient quality labelled
data to train reliable predictive models [Mahesh, 2020; Granger et al., 2021]. Collecting
and annotating large datasets is laborious, expensive, and time-consuming [Mahesh,
2020; Granger et al., 2021]. A recent approach to overcome this challenge is Weakly Su-
pervised Learning (WSL) [Zhu and Goldberg, 2009; Zhou, 2018]. This is a blanket term
used to cover a range of techniques that build predictive models through learning with
weak supervision [Zhu and Goldberg, 2009; Zou et al., 2019]. In weak supervision,
researchers train models by using unlabelled datasets, inaccurately labelled datasets,
or datasets without the ideal level of precision in the data labels. Weak supervision is

discussed in more detail in Chapter 2.

1.1 Significance of research problem

This research work addresses the data annotation challenge faced by deep learning

researchers in the domain of Facial Behaviour Analysis (FBA). The findings of this

1
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research work will explore the ways to enable the creation of robust Facial Emotion
Recognition (FER) systems that incorporate Facial Action Coding System (FACS) anno-
tation in their deep learning models. Reduction of the cost, labour, and time required to
annotate datasets with FACS annotations will greatly assist FER researchers. Overall,
this work takes a data-centric approach to utilise limited annotations to train models

for Action Unit (AU) classification tasks.

1.2 Research context

Facial behaviour analysis is an important area of research in computer vision and affec-
tive computing because of its potential for many application areas in human-computer
interaction such as mental disease diagnosis, human social interaction detection, neuro-
marketing, and human-computer interaction machines [Wang and Gu, 2018; Samadi-
ani et al., 2019; Sebe et al., 2005]. There have been studies that show that one-third
of human communication is through verbal means and the rest is through non-verbal
means [Mehrabian, 2017]. Facial behaviour conveys a significant amount of non-verbal
communication such as mental state, and this communication can be understood by

understanding the relevance of movements of a person’s facial muscles.

In [Ekman and Friesen, 1971], the authors conducted cross-cultural research on facial
expressions, which revealed that there were six basic facial emotions common across
cultures - Angry, Disgust, Fear, Happy, Sad, and Surprise. They defined a standard to
cover the wide range of facial muscle movements, this standard is known as the Facial
Action Coding System (FACS) [Ekman et al., 2002]. The FACS manual is a classification
manual for facial expressions that defines all possible facial movements for every emo-
tion. It consists of 32 action units (AUs) and 14 action descriptors (ADs). These AUs
are the fundamental actions of individual muscles or collections of muscles that create
specific facial movements. Unfortunately for deep learning applications in FER, there
are a few AU annotated datasets and the process of creating them for new datasets
requires a certified FACS coder. There is also a requirement that the datasets has low
cross-coder variarition. The process is labour-intensive and costly. Hence, WSL can as-
sist FER researchers who want to build robust systems that take advantage of the FACS

for automated facial behaviour analysis.
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1.2.1 Motivation

By developing FER systems that can generate AU annotations for FER datasets, FER
researchers can build more robust FER applications. Currently, FER datasets with emo-

tion labels are readily available, but AU-annotated datasets are scarce.

1.2.2 Hypothesis

It is hypothesised that weak supervision learning mechanisms can be used to train
machine learning models to learn from incomplete or inaccurate data labels. This hy-

pothesis is to be tested in the domain of facial emotion and action unit labelling.

1.2.3 Research questions

This section discusses the questions that aim to prove or disprove the research hypoth-

esis stated above.

R1: Given a limited amount of AU-annotated data samples and a significantly
larger amount of unlabelled data samples, can we use WSL to train an accurate

CNN that can generate AU-annotations for unlabelled test data?

R2: Given an AU dataset with inaccurate annotation, can we use weak supervi-

sion to train a CNN that can generate accurate labels?

1.2.4 Research Objectives

This section discusses the objectives that need to be addressed in order to answer the
questions listed above. The objectives will be listed under each question. The research

objectives for R1 and R2 are as follows:

R1: Given a limited amount of AU-annotated data samples and a significantly
larger amount of unlabelled data samples, can we use WSL to train an accurate

CNN that can generate AU-annotations for unlabelled test data?
¢ Train an AU recognition model with limited amount of AU-annotated sam-
ples

¢ Generate pseudo-labels for unlabelled data samples using self-training mech-

anism
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¢ Re-train model with larger dataset that includes pseudo-labels

¢ Evaluate the performance of model on test data

R2: Given an AU dataset with inaccurate annotation, can we use weak supervi-

sion to train a CNN that can generate accurate labels?

* Generate noisy labels for AU dataset
¢ Train model with LLR framework to reject labels that have a large loss

¢ Use LLR model to generate AU-annotations for different unlabelled dataset

1.2.5 Expected contribution to knowledge

The expected contribution to knowledge that this research work aimed to achieve was
to test the use of WSL in generating AU-annotations for facial images by using model
trained with either a limited amount of AU-annotated samples, and a noisy dataset that
contains inaccurate AU-annotations. The research also aims to provide a comparative

analysis of WSL to supervised learning with good amount of labelled data.

1.3 Organisation of thesis

The rest of the thesis is organized as follows, Chapter 2 discusses the background
knowledge associated with WSL and deep learning research work related to WSL.
Chapter 3 discusses the operation of convolutional neural networks, evaluation metrics
used, background information on WSL approaches, and transfer learning. In Chapter
4, the methodology used in this research work is presented. Chapter 5 presents the
experimental results of the WSL techniques. The conclusion of this research work is

discussed in Chapter 6.



Chapter 2
Background and related work

In this chapter, the background knowledge related to weak supervision is discussed.
The different types of weakly supervised techniques are discussed. The background
knowledge of FER is then discussed. Last, we present research work related to WSL

and transfer learning.

2.1 Background

What is Weakly Supervised Learning (WSL)?

Weakly Supervised Learning refers to several machine learning approaches that at-
tempt to create predictive models using weak supervision [Zhou, 2018]. Weak super-
vision is a branch of machine learning techniques in which models are trained using
datasets that are incomplete, noisy, or less accurate. This branch of machine learning
has gained popularity due to the high cost and intensive human labour to create man-
ually labelled datasets [Zhu and Goldberg, 2009; Zhou, 2018; Zou et al., 2019]. Weak
supervision is grouped into three categories: Inexact Supervision, Incomplete Supervi-
sion, and Inaccurate Supervision [Granger et al., 2021]. The three categories of WSL are

depicted in Figure 2.1.

2.1.1 Incomplete Supervision

Incomplete supervision involves training a model with a limited number of labelled
data samples along with a significantly larger number of unlabelled data samples (Fig-
ure 2.2). The two common techniques used in this form of WSL are: Active learning
(AL) and Semi-Supervised Learning (SSL) [Settles, 2009; Zhu and Goldberg, 2009]. Ac-

tive learning works with the assumption that there is an oracle, a subject matter expert

5
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Weakly-Supervised Learning

= Wrong/misaligned labels = Seg/Det with cis labelbbox/point
Inaccurate | * Ambiguities Inexact | = Mulliple instance leaming

s;;pewmml = Noisy label leaming |W = Altention models

Eliminating the intrinsic uncertainty

l in WSL is the key!

= Semi-supervised leaming
Incomplete | * Teacher-student models

Supervision| * Domain adaptation

FIGURE 2.1: Three typical types of weakly supervised learning [Programmersought,
2021].

(SME) that can be queried to retrieve ground-truth labels for the selected unlabelled in-
stances [Zhu and Goldberg, 2009]. The labelling cost depends on the number of queries
made, so the goal is to minimise the number of queries. In SSL, SMEs provide la-
belled data, and SMEs are not queried during the training process. Example of SSL
approaches include generative models, label propagation, and transductive support

vector machines (TSVM). [Zhou, 2018]. Generative methods, use Gaussian mixture dis-

FIGURE 2.2: Incomplete Supervision: Limited labelled data with sufficiently large co-
hort of unlabelled data.

tribution to learn the probability with which unlabelled instances belong to a specific
class of labelled instances [Ben-Yosef and Weinshall, 2018]. Label propagation methods
are considered a combination of SSL and active learning in which multiple models are
generated and learners teach others to use instances of unlabelled data [Zhou, 2018]. In
TSVM, the unlabelled instances are labelled by searching for a decision boundary with

a maximal margin throughout the data [Zhou, 2018].
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2.1.2 Inexact Supervision

In Inexact supervision, some supervision information is available but not at the level
of precision as desired (Figure 2.3). They are used in deep learning approaches, specif-
ically CNNs. A typical form of this involves the use of coarse-grained labels [Zhu and
Goldberg, 2009]. Multi-instance learning (MIL) is also another WSL technique where
the goal is to predict the labels of unseen bags [Zhou, 2018] and the models are trained
using bags. Bags are a collection of training examples that are grouped together. A
bag can be labelled either positive or negative whereas the former label refers to the
instance where there is at least one point in the bag that belongs to the positive class.
A negative bag refers to the instance where all points in the bag belong to the negative
class [Dietterich et al., 1997].

FIGURE 2.3: Inexact Supervision: Data contains high-level information,i.e., dog and
not finer details, i.e., the number of instances.

2.1.3 Inaccurate Supervision

The labels in this form of WSL are not always the ground truth i.e., the labels may con-
tain errors [Zhu and Goldberg, 2009] (Figure 2.4). The goal is to develop a model that
can learn with noisy labelled data [Frénay and Verleysen, 2013]. Ensemble models are
typically used to identify unlabelled instances and to check them against training data
to make corrections [Frénay and Verleysen, 2013]. Two common types of inaccurate su-
pervision are the data editing approach, which makes use of a relative neighbourhood
graph to detect mislabelled data, and crowd-sourcing, which involves outsourcing the
labelling process to a large group of external parties who might or might not be subject
matter experts [Zhou, 2018]. Crowd-sourcing is a cheaper and much faster method for

annotating datasets compared to using SMEs for annotation [Granger et al., 2021].

In this research work, we apply WSL to facial behaviour analysis where we have readily
available expression labels and want to generate finer labels, AUs. Incomplete super-
vision and Inaccurate supervision approaches are used in this research work. We have

a limited number of AU annotated samples and also a noisy AU dataset.
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FIGURE 2.4: Inaccurate Supervision: Some of the labels contain errors or noise.

2.2 Facial Expression Recognition

In computer vision and machine learning, the goal of FER systems is to understand the
emotional state or intentions of a person based on their facial expression [Li and Deng,
2020]. FER systems perform facial behaviour analysis on static images and videos.
This area of research is a subset of affective computing, where models are developed
to recognise and understand human emotions and affective states [Li and Deng, 2020].
There are three stages involved in FER: a) face detection, b) facial feature extraction,

and c) expression classification to an emotional state.

Face detection is the first stage in FER analysis, as it locates the face in the input image
or video. In facial feature extraction, facial features are extracted from the located face
region - features such as skin colour, face shape, and facial expression are examples of
features that are extracted. Interpreting facial expression involves using the extracted
facial features to determine facial muscle movements or emotional states such as happy,
sad, and angry, etc. FER is an important area of research, as it plays a significant role
in application areas such as diagnosis of mental disease, detection of human social
interactions, neuromarketing, and human-computer interaction [Wang and Gu, 2018;

Samadiani et al., 2019; Sebe et al., 2005].

Surprise Anger

Contempt Disgust

FIGURE 2.5: The facial expressions associated with the universal emotions according
to Ekman [Bennett, 2015]
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Six emotions were determined by [Ekman and Friesen, 1971] that were perceived the
same way across different cultural groups (Figure 2.5). These emotions are anger, dis-
gust, fear, happiness, sadness, and surprise. However, recent research has argued that
these emotions are actually culturally specific and should not be considered univer-
sal [Barrett, 2006; Coan, 2010]. FER systems that determine the state of emotion by
using just these basic emotions are limited in their ability to detect complex and sub-
tle changes in facial movement [Vadapalli, 2011]. Hence, why creating automated FER

systems that make use of FACS is an important research area.

The FACS was developed by the Swedish anatomists Carl-Herman Hjortsjo, Paul Ek-
man, and Wallace Friesen [Ekman and Friesen, 1971], to code facial movements. The
FACS codes the movement of the individual facial muscles by noting slight changes in
the facial appearance. There are many use cases in facial behaviour analysis that use
FACS to categorise facial expressions. Using FACS, facial expressions can be broken
down into anatomic units called action units. There are 32 AUs and 14 additional ac-
tion descriptors (ADs) (Figure 2.7). The AUs are defined as contractions or relaxations
of facial muscles to form a specific facial movement [Ekman and Friesen, 1978]. The
classification of AUs according to FACS is based on facial location and facial action
muscles involved in facial movement. The developers of FACS divided the entire face
into separate regions, e.g., the glabella, the root of the nose, the eye cover lid, the lower
eyelid furrow, etc. The two dominant groups are upper-face AUs and lower-face AUs
[Vadapalli, 2011]. Upper face AUs are made up of eyebrows, forehead, and eyelids,
while lower face AUs are made up of the nasolabial, mouth, and chin region (Figure
2.6). The FACS uses intensity scoring to determine the intensity of an AU once it has
been detected on the face. The intensities are coded with letters A to E, where A is the

minimum intensity and E is the maximum intensity.

The value of FACS, however, depends on the skill level and experience of the FACS
coder. Coders must study the FACS manual and then take a test to become certified
FACS coders. However, the certification process is time intensive, and prospective
FACS coders need around 100 hours of study and practice to achieve the minimum
competency level [EIA, 2022]. A FACS coder approximately requires an hour to code
for every minute of video. The time requirement and small pool of FACS coders hinder
situations in which FACS can be used [EIA, 2022]. The FACS is still valuable as it is
considered the most reliable form of facial measurement, as it is an exhaustive classifi-
cation standard [EIA, 2022].

The advancement of deep learning architectures and computing capacity has made it
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Glabella

Root of Nose

Eye Cover Fold

Lower Eyelid Furrow

Infraorbital Triangle

Philtrum
Chin Boss

FIGURE 2.6: The different facial areas and their associated names [Ekman et al., 2002].
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possible for researchers to create intelligent FER systems. However, deep learning re-
quires large volumes of training data that are accurately labelled for the task. The AU
annotation process for deep learning solutions is laborious, time-intensive, and expen-
sive. Hence, this research will explore research into weak annotations is an important

area for facial behaviour analysis so researchers can implement deep learning solutions.

2.3 Related Work

The WSL techniques that have been used for FBA are presented in the related works
mentioned below. These related works will look at techniques such as Pseudo La-
belling (an incomplete supervision technique), Large Loss Rejection for weakly su-
pervised multi-label classification, multi-instance learning, hidden task learning and
semi-hidden task learning, and others. Finally, we present research work that has used

transfer learning in FBA.

2.3.1 Pseudo Labelling and Self Training

Werner et al.[Werner et al., 2020] proposed an approach for AU recognition in the wild.
Their system uses self-training, multitask learning, and a heterogeneous ensemble with
three CNN architectures. They use a weighted loss to handle data imbalance, a detailed
face alignment for expression AUs, and context face alignment for head pose AUs. The
authors implemented multi-task learning using two output neurons per AU, one for
each training subset used in their research. Their self-training approach involved using
a teacher model trained on a labelled dataset. The trained model was used to predict
pseudo-labels on a larger unlabelled (weakly/ partially labelled) dataset. The authors
used predicted pseudo-labels and manual labels to train a student model. Noise was
introduced into the student model by dropout and data augmentation to learn better
than the teacher model. The authors reported an accuracy of 91.24% and an F1 score of
54.78%, placing them second in the EmotioNet 2020 Challenge.

In [Cohen et al., 2003], the authors set out to detect facial expressions using an incom-
plete supervision technique. They investigated the effect of unlabelled data on classifi-
cation performance. They used a Bayesian network as a learning algorithm to perform
the recognition task. They achieved 75% classification accuracy using unlabelled data
and 83% accuracy with labelled data. They concluded that if there were more unla-
belled data available, they would have achieved the same performance as the classifier

trained on labelled data.
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In [Wang et al., 2016], the authors proposed a semi-supervised framework, Cost-Effective
Active Learning (CEAL), for deep image classification tasks that was incrementally
trained with a limited amount of labelled training data and could capture the opti-
mal representation of features. The framework uses a sample selection strategy where
the minority of the most informative samples are selected, and the majority of the
high-confidence samples are used as pseudo-labels to update the model learning. The
minority of the labelled samples are used to benefit the decision boundary, and most
pseudo-labels are used as training data for robust feature learning. The CEAL frame-
work was evaluated using the CACD dataset [Chen et al., 2015] and the Caltech-256
object categorisation dataset [Griffin et al., 2007]. They compared the performance of
CEAL with other state-of-the-art active learning methods. The authors could demon-
strate that CEAL needed a smaller percentage of labelled data to achieve state-of-the-art
object recognition compared to the other methods. In [Zeng et al., 2018], the authors
propose a solution to address errors and biases in FER datasets that affect performance
and limit the improvement of FER methods. Their proposed framework, Inconsistent
Pseudo Annotations to Latent Truth (IPA2LT), used multiple noisy labelled datasets
and large-scale unlabelled data to address the errors and biases in FER datasets. They
combined human annotations with model predictions to train a FER model, which was
used to uncover the latent information in the inconsistent pseudo labels and the facial
image inputs. Their proposed method achieved test accuracy of 87.23% on CIFAR-10
noisy label dataset [Krizhevsky et al., 2009].

In Kim et al. [Kim et al., 2022], the authors present three novel methods for weakly
supervised multi-label classification (WSML) that reject or correct large loss samples to
ensure that noisy labels do not influence the network’s output. In the rejection method,
they introduce a weight term, ), to deal with large loss samples by setting the weight
term to zero so that the large loss does not influence the model. The rejection thresh-
old rate is gradually increased during the training process, and a hyperparameter that
determines the speed of increase of the rejection rate is also incorporated. Two ap-
proaches for the correction method namely: temporary correction and permanent cor-
rection, were employed. For temporary correction, the label of the large loss sample is
temporarily changed, and the new loss is used to update the model weights. For the
permanent correction method, the large loss value label is permanently changed and
used in the next training epoch. The authors compared the performance of their ap-
proach with other state-of-the-art WSML approaches, such as Weak Assume Negative
and Curriculum Labelling (CL) [Cascante-Bonilla et al., 2021]. The authors achieved a
mean average precision of 0.83 for the three techniques when evaluated using the PAS-
CAL Visual Object Classes Challenge 2012 (VOC 2012) dataset [Dong et al., 2021].
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In [Sikka et al., 2014], the authors could tackle the problem of pain classification and
localisation using weakly labelled pain videos. Their approach combined MIL with
multiple segment representation (MS-MIL) to locate the presence or absence of pain in
a given image frame and to determine the time at which the expression occurred and
to determine its duration. Their approach achieved state-of-the-art performance with a

mean classification accuracy of 84.55%.

In [Ruiz et al., 2015], the authors set out to develop an AU classifier using expression
labels by using the relationship between AUs and expressions. With their Hidden Task
Learning (HTL) and Semi-Hidden Task Learning (SHTL) frameworks, they map each
input sample to an AU, which they mapped to an expression. In their approach, they
consider detecting AUs as a hidden task as AU labels are not present. They train a
classifier for each expression and use the empirical relationship between expressions
and AUs to use gradient descent to learn AU classifiers. They could prove that their
technique improved the generalisation capability of AU classifiers. They achieved a
mean AUC of 75% and 73.6% with SHTL and HTL, respectively.

In [Mollahosseini et al., 2016b], the authors” research centered on the consistency of
inexact annotations of images collected from the internet and how well deep learning
networks handled the noisy data labels. They trained AlexNet [Krizhevsky et al., 2012]
and WACV-Net [Mollahosseini et al., 2016a] with three strategies, a) training data with
true labels only, b) training data with true and noisy labels, and c) true and with noisy
labels with noisy modelling. They evaluated the performance of each strategy using
a test set with true labels. The results of their experiments showed that deep learning
neural networks were capable of recognising wild facial expressions with an accuracy
of 82.12%.

2.3.2 Transfer Learning

Zhou and Shi [Zhou et al., 2017] presented two transfer-learning models for AU in-
tensity estimation for the Facial Expression Recognition and Analysis (FERA 2017)
sub-challenge. It tasked the participants of the FERA challenge with estimating AU
occurrence and intensity for nine different pose angles. The first model was a pose-
invariant model, and the second model was a pose-dependent model. In the pose-
invariant model, each AU was concatenated with the bottom five stages of VGG16 and

a two-layer regression network that has been randomly initialised. The network is used
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to learn the pose-invariant AU-specific and region-specific features. To train the pose-
dependent model, the authors group the nine poses into three pitch-dependent groups
and train three pose-dependent regressors. They trained an auxiliary pose estimator
with three softmax outputs that approximate the probability that the input image be-
longs to each pose group. The regressors and estimator share the same bottom layers.
The two tasks use the same transferred bottom layers of a CNN pre-trained on Im-
ageNet. The pose-invariant model achieved a mean of 0.842 root-mean-square error
(RMSE) on the validation set, while the pose-dependent model achieved a mean of
0.823 RMSE.

Almaev et al. [Almaev et al., 2015] used transfer learning and multitask learning to
address the problem of creating person-specific AU detection models. The authors
transfer the information of annotated data for a specific facial expression or AU to
build person-specific models of other facial expressions or AUs. They do this using
no or little annotated data. This was done using multitask learning and transfer learn-
ing framework to use the latent-related information. This methodology is inspired by
Grouping and Overlap in Multi-Task Learning (GOMTL). GOMTL is used to find the
latent relations in the dataset when organised in matrix form. GOMTL was used to
create person-specific models for one specific AU (independent of other AUs). The
authors extended GOMTL to consider the relationship between subjects and AU. They
related and constrained the latent relations that were learnt for each AU using GOMTL.
Their approach achieved a 0.75 F1 score on the DISFA dataset and a 0.43 F1 score on
the McMaster dataset.

2.4 Conclusion

From the related works presented, it is evident that CNNs are used extensively in
deep learning facial behaviour analysis, and WSL has gained traction within various
research areas. This research work will use incomplete supervision and inaccurate su-
pervision techniques to generate AU annotations on an unlabelled dataset. Emotion
recognition datasets are readily available, therefore we can use these datasets as un-
labelled and combine them with a limited AU annotated dataset. Pseudo-labelling, a
semi-supervised technique will be used for incomplete supervision while Large loss
rejection will be used for dealing with inaccurate supervision. In Chapter 3, the oper-

ation of CNNs, such as what makes them successful in computer vision tasks, and the
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parameters that need to be optimised to improve their effectiveness, are discussed in
detail.



Chapter 3

Background Methods

In this chapter, we will discuss background knowledge of convolutional neural net-
work architectures along with the hyperparameter optimisation techniques used on
these networks. We will then introduce the WSL approaches used to accomplish the
research objectives. Finally, we discuss the general evaluation metrics used to evaluate

the performance of the model.

3.1 Introduction

The Convolutional Neural Network (CNN) is a type of artificial neural network, with
deep feedforward architecture and has notable generalisation capability compared to
other networks. They can learn abstract features of objects such as spatial data. The
modern framework of a CNN was introduced by Yann Lecunn et al., in the paper [Le-
Cun et al., 1998]. CNNs have achieved state-of-the-art performance in various fields
related to pattern detection from natural language processing (NLP) to computer vi-
sion. They can process different data formats: 1D for signals and sequences, including
text and language; 2D for images or audio; 3D for video or volumetric images. The
typical CNN is composed of one or multiple convolutions and pooling layers followed
by one or several fully connected layers and finally an output layer. Figure 3.1 shows
the structure of the modern CNN.

The input layer receives the input data, which is an image for computer vision appli-
cations. The image is represented as a three-dimensional matrix: width, height, and
colour channel (Figure 3.2). The convolution layer is the core computational block of
CNN; this layer is responsible for learning the representation of features from the in-
put data. The convolutional layer accomplishes this by utilising one or more feature

detectors or filters. These feature detectors calculate different feature maps through the

16
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FIGURE 3.1: Schematic diagram of a basic convolutional neural network architecture
[Phung and Rhee, 2018].

convolution process. For each unit in the feature map, a connection to the receptive

field from the previous layer is present. This sharing of parameters helps reduce the

model’s complexity. The convolution operation is used in many applications in sci-
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FIGURE 3.2: A colour image represented as a 3D tensor [Earnshaw, 2017].

ence, engineering, and mathematics. The convolution operation blends one function
with the kernel function to produce an output that is more interpretable. The convolu-

tion operation can be defined formally for the continuous 1D dimension as:

() = (F 9t /f ot - 7)dr (3.1)

where [ is the feature map, g represents the kernel function, f is the input data. The dis-

crete definition of convolutional operation for 1D:

+o0

[f=gllt) = D g(t)h(n—t) (32)

t=—00
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where t and 7 are integers. In CNNs, the discrete 2D convolutional operation is often

used:

[A B[, da] = Y Y Ak, k2)B(j1 — k1, jo — ko) (3.3)
k1 ko

The feature detector is a 2-dimensional array of fixed weights that represent differ-
ent parts of the input image [LeCun et al., 1998]. The feature detector moves across
the whole image and extracts features by performing a convolutional operation. The
convolutional operation involves the dot product between the weights of the feature
detector and the input image pixels (Figure 3.3). The result of this operation is known
as the feature map. The following are parameters used to optimise the performance of

the feature detector and the convolutional process:

o|lo|ofo|o|o]|e
olo|r|[o|e|r]|e
o|lr|ofo|e|o]|e
o|lr|ofr|o|o]|e
o|lr|oflo|o|e]|e
olo|r|o|e|r]|e
olo|e|o|e|o]|e

-

o

o
o|r|r|o|e
o|s|o|r|wr
rln|r|r|e
Nk |n|e|o
rlo|r|o|e

Input Image Feature Feature Map
Detector

FIGURE 3.3: Visualisation of operating convolutional neural network layers
[Chakrabarty and Chatterjee, 2019].

1. Depth: The depth refers to the number of feature detectors used in the convolu-
tional operation and is directly proportional to the volume of the feature map. If

three feature detectors are used, there will be three feature maps.

2. Stride: This parameter describes the number of pixels the feature detector will
move horizontally (and vertically when convolved over the next row). Figure 3.4

shows a feature detector moving with a stride of 1 over the input image pixels.

| r | L’ I
FIGURE 3.4: Feature detector in convolution operation with a stride of 1 [Albawi et al.,
2018].

3. Zero-padding: This occurs when the feature detector dimensions do not match
the input dimensions. When this happens, zero padding sets all pixels outside
the input dimensions to zero. There are other types of padding: valid padding,
same padding, and full padding.

The feature map (or activation map) is the output from the convolutional process,

and the dimensions of the feature map depend on the stride and padding used. The
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padding enables information at the edges of the image to be preserved with the same
quality as those in the middle. The dimensions of a feature map can be determined
using the following formulas:

=% - = 11 4
w S + (3.4)

S

h = 1 (3.5)

where h;y,, w;, are the input height and width, K is the kernel size, P is padding, and
S is the stride.

Once a convolution operation is completed, the feature map is sent to the Rectified Lin-
ear Unit (ReLU) activation function. The activation function adds nonlinearity to the
network and decides whether or not a neuron should be activated. Activation functions
can be categorised into: Binary step function, linear activation function, and nonlinear
activation functions. Nonlinear activation functions are more commonly used in com-
puter vision applications. The commonly used activation functions are shown in Figure
3.5. The pooling layer, also known as the subsampling layer, performs dimensional re-
duction by performing aggregation on the feature map generated by the convolutional
layer. The height and width of the feature maps are reduced but the depth or number
of maps remains unchanged. The possible aggregation functions include max pooling,
min pooling, average pooling, etc. By performing this dimension reduction on the fea-
ture map, the computational complexity is reduced as there are fewer parameters to be
calculated. The reduction allows for better generalisation ability by reducing the risk

of over-fitting. Figure 3.6 shows both average and max pooling operations.

The fully connected layer is structured similar to a traditional neural network. Each
node connects directly to every node in the previous and next layer [Albawi et al.,
2017]. The fully connected layer handles classification tasks using the features extracted
from the previous pooling and convolutions layers. The final fully connected layer is
where the final classification occurs, different loss functions are used to calculate the
model’s prediction error. The prediction error shows how well the model’s prediction
compares to the actual output. This prediction error is optimised during the learning
process. The calculated error, or loss, is the difference between the model prediction
and the actual output, which is the label assigned to the instance. There are different
loss functions, and their use is problem dependent. In classification tasks, a common
activation function used in the last layer is the Softmax activation function. A CNN is
basically a stack of multiple layers, which include convolution layers, pooling layers,

and fully connected layers.
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FIGURE 3.5: Neural network activation functions [Baheti, 2023].

3.2 Hyperparameter Optimisation

Hyperparameter optimisation is the process of adjusting various factors that influence

the training results of the deep learning network. This is an iterative process, which

required us to run each experiment several times in order to get the most optimal
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FIGURE 3.6: Visualisation of average versus max pooling [Rawat and Wang, 2017].

solutions for the network. The hyperparameters optimised in this research work are

discussed below.

3.2.1 K-fold Cross Validation

Cross-validation is a machine learning technique used to evaluate and test the per-
formance of an ML model on unseen data. In K-fold cross-validation, the data set is
shuffled and split into k equal sample sets. One of the sample set is used as the test
set and the other sample sets are used as training the model. This process is repeated
until all k-parts have been used as a test sample. The factor k is determined during

hyperparameter tuning.

3.2.2 Epochs

An epoch refers to a full cycle that a CNN performs through the data set. In a single
epoch, the error of the model prediction on each training sample is used to update the
model’s weights. An epoch consists of several mini-batches, the number of batches
is dependent on the data size and batch size. The number of epochs used influences
whether a model underfits or overfits the training dataset. An underfiting scenario
occurs when a model was unable to adequately learn the features in the training data.
An overfit scenario occurs when a model memorises the training data but does not
have good generalisation capability and performs poorly when introduced to unseen

datasets.
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3.2.3 Batch Size

The batch size hyperparameter is the number of training samples that a model exam-
ines before updating the model weights. It is crucial that each batch includes samples
from each class. This prevents large changes in the metric between iterations. The batch
size influences the training performance. A large batch size can cause the GPU/CPU
to crash because of insufficient memory. The training time decreases with increasing
batch size. However, if too large a batch size, this will negatively affect the model’s

generalisation ability.

3.2.4 Loss Function

The loss function is used to penalise the model for incorrect predictions during the
training process. The goal is to minimise the value of the chosen loss function. Com-
mon loss functions used in classification problems include various forms of the Cross

Entropy Loss.

3.2.5 Early Stopping

Early stopping is a neural network regularisation technique that monitors the perfor-
mance of the model during training. This stops the training process when the model

performance no longer yields significant improvement with more training.

3.2.6 Learning Rate

The learning rate hyperparameter controls the change of the model’s weights based on
the prediction error at the end of each epoch. A learning rate that is too high will cause
the learning to exceed the minimum, while a learning rate too low will increase the
training time or cause the learning to get stuck at an unwanted local minimum. It is
common for learning rates to remain constant during the training process, but typically
a learning rate schedule is used to update the learning rate value during the training at

each epoch or iteration.
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3.2.7 Optimiser

In machine/deep learning, an optimiser is a mathematical optimisation algorithm that
is used to minimise the prediction error of a model. The most common optimisation al-
gorithms include stochastic gradient descent (SGD) [Bottou, 2012], Root mean squared
propagation (RMSProp) [Nugroho and Yuniarti, 2022], Adagrad [Lydia and Francis,
2019], Adadelta [Zeiler, 2012], Adam [Kingma and Ba, 2014], Adamax [Kingma and Ba,

2014], and many more.

3.3 VGG Network

There are several variants of CNNs in use today that have reached state-of-the-art per-
formance in computer vision applications. The Visual Geometry Group Network (VG-
GNet) is a standard deep CNN architecture that has multiple layers. There are two
standard configurations of the VGG network: VGG-16 (Figure 3.7) and VGG-19, which
refers to the number of convolutional layers in the network. Researchers, Karen Si-
monyan and Andrew Zisserman, from the University of Oxford, proposed the model,
in their paper titled “Very Deep Convolutional Networks for Large-Scale Image Recog-
nition” [Simonyan and Zisserman, 2014]. The authors investigated the effect of the
depth of a convolutional network on its accuracy in image recognition. They found
that increased depths of a network with small (3x3) convolutional filters improve the
accuracy of the network in image recognition. The network secured first and second
place in the localisation and classification tracks of the 2014 ImageNet Challenge [Deng
et al., 2012]. The VGG16 network has thirteen convolutional layers and three fully con-
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FIGURE 3.7: The structure of VGG16 network architecture [Blauch et al., 2021]

nected layers. The description and operation of these layers are discussed below.

1. Convolutional Layers 1 and 2: The dimensions of the input data, an image z;, is
224x224x3. This block has 2 convolutional layers both with 64 feature detectors
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(kernels) with size 3x3. This layer uses same padding and is both activated with
the ReLU activation function. The output of these layers is a feature map with
a volumetric size of 224x224x64. This volume is fed to the Maximum pooling
layer. The maximum pooling layer has a kernel size of 2x2 with a stride of 2. The

dimensions of the volume are reduced to 112x112x64.

2. Convolutional Layers 3 and 4: The input dimension is 112x112x64. This block
has 2 layers that both have 128 feature detectors (kernels) which have a size of
3x3. These layers both use same padding and are also activated with the ReLU
activation function. The feature map has a volume of 112x112x128. This volume is
reduced by the maximum pooling layer with size 2x2 and stride of 2. The volume
is reduced to 56x56x128.

3. Convolutional Layers 4, 6, and 7: The dimensions of the input data to this block is
56x56x128. This block has 3 convolutional layers with 256 kernels of size 3x3. The
layers are activated with the ReLU activation function. The feature map volume
is 56x56x256 which is reduced by a maximum pooling layer with a kernel size of
2x2 and stride of 2. The volume is reduced to 28x28x256

4. Convolutional Layers 8,9, and 10: The input dimension to this layer is 28x28x256.
The layers all have 512 kernels of size 3x3 with same padding. The layers are ac-
tivated with the ReLU activation function. The feature map of volume 28x28x512
is reduced by a maximum pooling layer with a kernel size of 2x2 and a stride of

2. The output volume dimension is reduced to 14x14x5112.

5. Convolutional Layers 11, 12, and 13: The input dimension to this layer is 14x14x512.
The layers all have 512 kernels with size 3x3 and all have same padding. The
layers are all activated with the ReLU activation function. The feature map of
volume 14x14x512 is reduced by a maximum pooling layer with size 2x2 and a
stride of 2. The volume is reduced to 7x7x512.

6. Fully Connected layers: The input volume of 7x7x512 is flattened to a fully con-
nected layer with 7x7x512 = 25088 units. The 2 layers with 40966 units are added

and both are activated using the ReLu activation function.

7. Output Layer: The output layer has 1000 units which was the number of class
categories in the ImageNet Challenge [Russakovsky et al., 2015]. This layer is

activated using the SoftMax activation function.
The following layers can also be added to the standard VGG-16 Network.

1. Batch Normalisation Layer: Szegedy et al. [Szegedy et al., 2015] proposed this

technique to address the internal covariate shift in the training of neural networks
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(Figure 3.8). During the training of neural networks, every layer of a neural net-
work has inputs with a comparable distribution and the random initialisation of
parameters and input data affects these inputs. The internal covariate shift is the
term that is used to describe the change in a layer’s inputs and distribution dur-
ing training. The internal covariate shift makes the training of neural networks
slow due to lower learning rates and parameter initialisation. Szegedy et al. em-
pirically proved that batch normalisation improves the speed of training neural
networks and allows for higher learning rates and less care on parameter initiali-

sation [Szegedy et al., 2015].
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FIGURE 3.8: Batch normalisation applied to a standard neural network [DeepAl, 2019].
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2. Dropout Layer: The Dropout technique was introduced by [Hinton et al., 2012]
in 2012 and is used to reduce the likelihood of the deep learning model over-fit
to data. It does this by selecting neurons at random to be ignored during training
(Figure 3.9). Dropout prevents the co-adaptation of feature detectors [Baldi and
Sadowski, 2013].

{a) Standard Neural Network (b} Network after DIUpOUt

FIGURE 3.9: Implementation of dropout technique. a)standard neural network before
dropout. b) neural network after applying dropout of random nodes [Khalifa and
Frigui, 2016]
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3.4 Facial Action Unit Recognition Approaches

In the following sections, we discuss the two WSL approaches used for AU recognition
in this research work. The first approach is Pseudo Labelling, which is used in the
incomplete supervision scenario where we have a limited amount of labelled data and
larger amount of unlabelled data available to use. The next WSL approach will be
Large Loss Rejection which is used in the inaccurate supervision scenario where we
only have a dataset with partially correct labels to use. Lastly, we discuss the transfer

learning approach used for action unit recognition.

3.4.1 Pseudo Labelling

Authors in [Lee et al., 2013] proposed a simple and efficient semi-supervised learning
method for deep learning networks. This semi-supervised technique uses a small sam-
ple set of labelled data together with a significantly larger unlabelled sample set to im-
prove the model’s classification performance. Semi-supervised learning is based on the
cluster assumption which states that the decision boundary is located in low-density ar-
eas to improve the generalisation performance [Chapelle and Zien, 2005]. Techniques
such as Semi-Supervised Embedding (SSE) [Weston et al., 2008] and Manifold Tangent
Classifier (MTC) [Rifai et al., 2011] work on this assumption. The initial model trained
with the labelled data helps the model generalise the structure of the data. However,
if the model performs poorly in learning the structure of the labelled data, incorrect la-
bels can be assigned to the unlabelled data. Pseudo labelling method performs poorly
when the labelled data is not a true representation of the entire dataset. This can occur
when their are outliers, classes of the dataset are missing or the amount is too small for

the model to learn the characteristics of these classes.

Pseudo-label is advantageous because it does not require a complex training strategy
and similarity matrices which are computationally expensive. This technique has been
proven to achieve state-of-the-art performance.The process (Figure 3.10) includes the

following stages:

1. A model is trained on a batch of labelled samples

2. The trained model is used to predict labels (pseudo labels) on a batch of unla-

belled samples. The predictions with the highest confidence are selected.

3. The predicted labels from the previous step are used to calculate the loss on the
new set (labelled samples + pseudo labelled samples) is calculated using Equation
3.7



Chapter 3. Background Methods 27

4. The calculated loss is back propagated to update the model’s weight

y 1, ifi = argmaz; fy () (3:6)

0, otherwise
For the unlabelled sample set, the pseudo-labels weights (recalculated at every update)
are used in the loss function used for the supervised learning task. There is not an even
balance of labelled and unlabelled samples. « is a weight used to balance the effect
of unlabelled samples on the overall loss function. The overall loss function for this

method is defined as

1 n C 1 n C / ,
m=1i=1 m=1 i=1

where 1 is the labelled data batch size during stochastic gradient descent, n” for unla-
belled batch size, f; is the model’s batch prediction for the labelled batch, y;" is the
labels for the batch, f;™ unlabelled batch, y;” pseudo-label for unlabelled batch. The

labeled data 1. train the model
o00® with labeled data
20090
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unlabeled data.
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° 2. use the trained model

o0®
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together

FIGURE 3.10: The pseudo-labelling algorithm for training AU detection model [Kod-
zoman, 2017].

scheduling of « is an important hyperparameter as it affects the model performance.
Authors in [Lee et al., 2013] proposes that o should be gradually increased using the
deterministic annealing process. This gradual increase in « assists the optimisation

process to avoid bad local minima and allows the pseudo-labels of the unlabelled data
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to be similar to true labels. a(t) is adjusted as given below:

0, ift<Ty

a(t) =4 o ayp, if Ty < Ty (3.8)

af, 1fT2 <t

3.4.2 Large Loss Rejection (LLR)

Large loss rejection is a weakly supervised multi-label classification approach proposed
in [Kim et al., 2022]. This approach is used to handle noisy datasets where their erro-
neous labels are present. In this label correction approach, the labels that have a large
loss are rejected to prevent the model from learning noisy information. The loss used

for this approach is the binary cross-entropy given as:

1 1 &
LZMZK;liX)\i (3.9)

where [; is defined as the binary cross entropy loss per label. \; determines how much
the loss for this label contributes to the overall loss for the sample. K denotes the
number of samples used. In large loss rejection, a rejection rate threshold R(t) is used
to determine which noisy labels should be rejected. In a sample prediction, if /; is
greater than R(t), then [; is set to zero by setting the weight term )\; to 0 so it does not

influence the calculation of the model gradients.

(3.10)
1, if otherwise

0,if I; > R(t
Ai{ (t

where t is the current epoch in training and R(t) is the rejection threshold which is

R(t)% of the largest loss value.
R(t) = [(t - 1)'Arel] (311)

The A,.; hyperparameter controls the speed at which the rejection rate increases. The
rejection of loss values only occurs after the first training epoch, so the model learns the

correct patterns.
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3.4.3 Transfer Learning

Transfer learning leverages the features (knowledge) learnt from a previous task for
a new but related problem. The aim is to make ML models that can mimic how hu-
mans can use the knowledge gained from another task and use it for a different but
related task [Torrey and Shavlik, 2010]. This approach is popular in computer vision
and is used when there is not enough data available to train a model from scratch.

Improvement in learning achieved through transfer learning is measured in three com-

Model for Task A

Task A
Knowledge

New Model Data
Task B

FIGURE 3.11: Transfer learning involves learning with an additional source of infor-
mation related to the standard training data: knowledge from one or more related
tasks.

mon ways. The first is the improvement in initial performance in the target task using
transferred knowledge, before more learning is done, compared to the initial perfor-
mance without the transferred knowledge. Second is the reduction in time that it takes
to learn the target tasks when given transferred knowledge compared to the time taken
to learn the task from scratch. The third is the final level of performance achievable in
the target task compared to the performance without the transferred knowledge [Tor-
rey and Shavlik, 2010].

Transfer learning is a useful technique for ML applications where training data is ex-
pensive or difficult to get [Weiss et al., 2016]. In transfer learning, the training data
and target data are sub-domains that are related to a high-level common domain. For
this research work, the training data is expression images and the target data is AUs,
these two are related as both are a subset of facial behaviour analysis. Various ML ap-
plications have used TL successfully, such as text sentiment classification [Cao et al.,
2021; Chen and Qian, 2019], human activity classification [Du et al., 2018], and facial
behaviour analysis [Romera-Paredes et al., 2013]. Emotion datasets are available which
can be utilised for transfer learning. Here, a model can take advantage of the informa-

tion gained from emotion recognition and use the weights learned to recognise AUs
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enabling transfer of knowledge[Lewinski et al., 2014]. This process is illustrated in Fig-

ure 3.12.
ER Model Emotion
Recognition
Knowledge
AU
Data

FIGURE 3.12: Transfer learning in FER where emotion recognition is the source task
and action Unit detection is the target task.
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3.5 Face Detection with Haar Cascades

The Haar cascade face detection technique was used to accomplish face detection. Viola
and Jones introduced this technique in 2001 in their paper, Rapid Object Detection,
using a Boosted Cascade of Simple Features [Viola and Jones, 2001] as it can process
images rapidly and achieve high detection rates. The algorithm makes use of edge or
line detection features and is trained with positive samples (target task) and negative
samples (without target task). Haar cascades are not only used in face detection but also
eye detection, upper and lower body detection [Kasinski and Schmidt, 2010], automatic
number plate detection [Atikuzzaman et al., 2019], and other object detection tasks

[Soo, 2014]. The features are used to detect sudden differences in the intensities of the
; [. (a) Edge Features

I]: E (b) Line Features
E (¢) Four-rectangle features

FIGURE 3.13: Haar features used in the Haar cascades algorithm [Ahuja et al., 2018].

pixels and to detect the edges/lines in an image. The edge features in Figure 3.13 are
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responsible for detecting a vertical and horizontal edge by calculating the difference of
sum of all the image pixels in the dark area of the Haar feature and the sum of all the
image pixels in the light area of the Haar feature (Equation 3.12). The flowchart of the

Haar cascade classifier is presented in Figure 3.14.
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FIGURE 3.14: A flowchart of face detection using Haar cascade classifier [Shetty et al.,
2021].

3.6 Evaluation Metrics

Evaluation metrics play a key role in estimating the effectiveness of the proposed frame-

works. General evaluation metrics include:

1. Confusion Matrix: The confusion matrix is a cross table that shows the number
of occurrences between the actual values versus the predicted values of the model
(Figure 3.15). There are four terms in the confusion matrix: True Positive, False

Positive, False Negative, and True Negative. These terms are discussed below.
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FIGURE 3.15: An example of a confusion matrix [Kulkarni et al., 2020].

¢ True Positive (TP): True positive is the number of predictions that the model
positively classified correctly. This metric is an indication of how many pre-

dictions the model was correctly identified as belonging to the correct class.

* False Positive (FP): False Positive is the number of predictions that the model
incorrectly positively classified. This metric shows the number of predic-
tions that the model misidentified as being the positive class, even though

the sample did not belong to the positive class. .

* False Negative (FN): False Negative is the number of predictions that are
incorrectly negatively classified. This metric shows the number of predic-
tions that the model misidentified as not belonging to the positive class, even

though the samples belonged to the positive class.

* True Negative (TN): True Negative is the number of predictions that the
model correctly identified as negative. This metric shows the number of
predictions the model correctly identified as not belonging to the positive

class.

2. Accuracy: The accuracy of a model is an overall measure of how well the model
predicts the entire dataset [Grandini et al., 2020]. Accuracy is the measure of the
correct predictions divided by the number of predictions made. It is a popular
metric used for multi class classification and is computed from the confusion ma-
trix. Accuracy is a poor metric for classifications with imbalanced datasets. This
is because it does not represent the classification errors for classes with fewer
samples. In multi label classification, the exact match ratio (subset accuracy) is
the strictest metric, and it represents the ratio of samples that have all their labels

classified correctly.

TP+TN

A
TP+ FP+FN+TN (313

Accuracy =
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(a) Subset Accuracy (Exact-Match Ratio): This accuracy metric represents the

percentage of samples with all labels classified correctly.

1 n
Ezxact Match Ratio, MR = - Z Y, = Z;) (3.14)
i=1

m Where Y] is the target values and Z; are the predicted values.

3. Precision: Precision is the fraction of True Positive elements divided by the to-
tal number of positively predicted units. The precision metric is used to deter-
mine the proportion of correct positive identifications [Grandini et al., 2020]. This
metric shows the reliability of a model when it predicts an individual sample as
positive.

TP

S & 1
Precision TP+ FP (3.15)

4. Recall: Recall is the ratio of True Positive elements to the total number of pos-
itively classified units. The recall metric is used to determine the ability of the

model to get all the positive units in a dataset.

TP
= 1
Recall TP+ FN (3.16)

5. F1-Score: The F1-Score metric is used to assess a model’s classification and is the
aggregated harmonic mean of Precision and Recall metrics [Grandini et al., 2020].
The F1-Score value ranges from 0 to 1, where 1 is the best scenario and 0 is the
worst scenario.

2 x precision * recall

F1— Score = (3.17)

precision + recall

The aforementioned evaluation metrics will be used to compare the results obtained
by each model on the two datasets. Both of these datasets are posed datasets, where
one, DISFA+, has expression labels and AU annotations, and the other, KDEF, only
has expression labels. For DISFA+, there are state-of-the-art models that have been
created for the task of AU detection. These models are Deep Relational Metric Learning
(DRML) Zheng et al. [2021], AU R-CNN [Ma et al., 2019], and JAA-Net [Shao et al,,
2021].

3.7 Conclusion

In this chapter, we discussed the background knowledge related to CNN, such as the
components that make the CNN work and the hyperparameters that are tuned to im-

prove the classification performance. The structure of the VGG16 network, the network
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used in this research work, was also discussed. The WSL approaches used in this re-
search work for AU recognition were discussed. Next, the face detection classifier, Haar
cascade, was discussed. Finally, the metrics used to evaluate the performance of each
model in this research work are presented. In Chapter 4, the methodology used for
the WSML approaches is discussed in detail. This includes the training and validation

results for each approach.



Chapter 4
Research Methodology

This chapter presents the methodology for the different WSML approaches used to
train a model for AU recognition. The first approach is an incomplete supervision
framework called pseudo-labelling. This is followed by large loss rejection mechanism
which is based on inaccurate supervision framework. Lastly, the transfer learning ap-
proach which was used to evaluate the WSML based frameworks for AU recognition
is presented. This chapter is organised as follows. In Section 4.1, the datasets used in
this research work and the preprocessing steps performed to use the samples are pre-
sented. In Section 4.2, the approaches used in this research work to recognise AUs are
presented. We start the methodology with the pseudo-labelling approach, where we
train a model with a small amount of AU annotated data along with a larger amount
of unlabelled data. This is followed by the large loss rejection method. This approach
involves training a dataset with noisy labels. Lastly, we present the transfer learning
approach. The TL model will be used to compare the performance of both WSL ap-

proaches. The training and validation results for all the approaches.

4.1 Datasets and Pre-processing

In this section, the two datasets used in this research work are discussed. The DISFA+
dataset [Mavadati et al., 2016] was used to train and validate the deep neural net-
works for emotion and AU recognition while KDEF dataset [Lundqvist et al., 1998]
was mainly used to test the performance of each approach to generate AUs for an unla-
belled dataset. Unlike DISFA+, KDEF does not contain AU annotations for each sample
in the dataset and thus samples from KDEF was considered as unlabelled data in our

work.

35
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4.1.1 Extended Denver Intensity of Spontaneous Facial Action Database

The Extended Denver Intensity of Spontaneous Facial Action Database [Mavadatietal.,
2016] provided expert coded AU-annotations in this research work. DISFA+ dataset
contains the six basic emotion-related expressions [Ekman and Friesen, 1971], namely
Anger, Disgust, Fear, Happiness, Sadness, Surprise and neutral (Figure 4.1a). The dataset
contains posed and non-posed facial expression data. A FACS coder coded the dataset
with AU annotations for each facial expression of the nine participants. The intensity
of the AU annotations have intensity scores between 1 to 5 for 12 AUs, i.e,, AU 1, 2, 4,
5,6,9,12,15,17, 20, 25, and 26 (Figure 4.1b). The participants come from diverse ethnic
groups and their posed expressions were captured using software that instructed and

guided the participants to imitate facial actions. Figure 4.2a presents the number of
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ATJ20: Tip stretcher AU25: Lips part AU26: Jaw Drop

(A) Posed and non-posed facial expres- (B) The AUs present in DISFA+
sions from the subjects in DISFA+ [Mava- dataset [Ekman and Friesen,
dati et al., 2016]. 1971].

FIGURE 4.1: Samples from the DISFA+ dataset; Representation of AU in DISFA+.

emotion-labelled samples, from DISFA+, for each of the seven emotions used in this
research work. Apart from samples depicting neutral expressions, other samples are
relatively balanced. Figure 4.2b presents the distribution of each AU present in the
DISFA+ dataset. AU15 and AU17 have the least number of samples. The imbalance in
the distribution of AUs is to be noted which might impact the performance of trained

models in estimating the presence of specific AUs.
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(A) The distribution of facial expression images in the DISFA+ dataset [Mavadati et al., 2016].
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(B) The distribution of facial action units in the DISFA+ dataset [Mavadati et al., 2016].
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FIGURE 4.2: The emotion and AU distribution of the DISFA+ dataset.
4.1.2 Karolinska Directed Emotional Faces

Karolinska Directed Emotional Faces dataset [Lundqvist et al., 1998] contains 4900 im-
ages of facial expressions of emotions. Researchers from Karolinska Institutet, De-
partment of Clinical Neuroscience in Stockholm, Sweden developed the dataset. This
dataset was created for psychological and medical research purposes. The images were
captured for perception, attention, memory, and backward masking experiments. Im-
ages were pre-processed to ensure that the positioning of the eyes and mouths was

fixed during scanning. The dataset contains 70 individuals, each displaying 7 different
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emotional expressions (Figure 4.3a and Figure 4.3b). This is a posed dataset as the in-
dividuals are asked to express each emotion [Lundqvist et al., 1998]. The dataset does
not have AU annotations and is considered unlabelled for the AU detection task. The

dataset is balanced with respect to the number of samples for each emotion. Therefore

the model should not be biased towards an emotion.

H. .
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(A) Sample images from KDEF dataset [Lundqvist et al., 1998].
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(B) The distribution of facial expression images in the KDEF [Lundqvist et al., 1998].

FIGURE 4.3: Samples from KDEF dataset; Sample distribution of KDEF dataset.

4.1.3 Data Labels

The facial expression recognition task is a multi-class classification problem as there
are seven emotion classes present in the DISFA+ dataset. Each image input to the
model will belong to one of the seven emotion classes namely anger, disgust, fear,
happiness, sadness, surprise, and neutral. The DISFA+ training set consists of n fea-
ture pairs {(X;,Y;)}, where X; € R? represent the features and Y € {1,2,...,k}

represent the associated labels for one of the k classes. The labels are represented as
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one-hot encoded vectors y; € R*¥ which represent on of k classes with one-hot encod-
ing for the convenience of the model. The matrix of input features is represented as
X = [z1,72,...,2,] € R¥" and the label matrix is Y = [y1,v2,...,yn] € RF*™
Label encoder from the Python library, Scikit-learn is used for one-hot encoding of the

samples from DISFA+ for multi-class emotion representation.

In contrast, action unit recognition is a multi-label classification problem because there
can be multiple AUs present in a sample image. For multi-label classification, let
X = R?be the input space of d-dimensional image instances and Y = {y1,2,...,v,}
is the output label space with |Y| = ¢ possible labels which can be assigned to each
image instance. The feature pair {(X;,Y;)}!"; where z; € X is an image instance and
y; € Y is a set of true labels associated with the image instance. The label set y; is
represented as a q dimensional binary vector y; € {0,1}'? where the labels relevant
to the image instance x are equal to 1 and irrelevant labels are represented by 0. The

superscript 12 represents the number of AUs present in the dataset.

4.1.4 Pre-processing: Face Detection

Figure 4.4 presents the flow used to preprocess the DISFA+ and KDEF images before

they are used as inputs to the emotion or AU recognition model. To prevent the net-

FIGURE 4.4: Preprocessing input samples.
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work from learning noise in the images, faces are cropped in all images and extracted
using a face detection algorithm. OpenCV [Bradski, 2000] was used to convert the im-
ages to grayscale, Haar cascade was used to detect the faces in each image. The image
were then resized from 1280x720 to 224x224 with OpenCV. The images were resized to
the input size of VGG16 model. An example of this preprocessing stage is shown in

Figure 4.5.

FIGURE 4.5: The result of implementing Haar cascade using OpenCV for face detec-
tion.
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4.2 Facial Action Units Recognition

This section presents the methodology used for AU recognition using incomplete su-
pervision and inaccurate supervision. Further, AU recognition using transfer learn-
ing is undertaken to analyse the effectiveness of WSL methods. First, we present the
methodology for incomplete supervision pseudo-labelling mechanism, where we have
access to a limited sample set of labelled data and a significantly larger amount of un-
labelled samples. The goal here is to use the unlabelled data together with the limited
labelled sample to improve the performance of the model in AU recognition. Second,
the methodology used for inaccurate supervision using LLR mechanism is presented.
Here, we access a noisy dataset that contains inaccurate labels. The goal is to train a
model with this inaccurate dataset. Finally, we compare the AU recognition perfor-
mance of these two methods, with a model trained with transfer-learning where there
was no limitation to the amount of AU-annotated training samples. The model struc-

ture used to recognise the AUs present in the DISFA+ dataset is depicted in Figure 4.6.
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FIGURE 4.6: Structure of the AU model

4.21 Pseudo-Labelling

The structure of the VGG16 model used in the pseudo-labelling approach is identical
to the structure depicted in Figure 4.6. However, in this approach, the weights learned
from the emotion recognition task were not used. The model was trained from scratch
to detect the AUs present in the DISFA+ dataset. The DISFA+ dataset was split into
the following ratio: 20% as labelled samples, 10% as labelled test samples, and 70%
as unlabelled samples. There were two pseudo-label approaches used in this research

work. The approaches are listed as follows:

1. Pseudo-Labelling version one (Figure 4.7)

(a) Train an initial model with the limited labelled data
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(b) Use the trained model to generate pseudo-labels for the entire cohort of un-
labelled data

(c) combine limited labelled data with unlabelled data (with pseudo-labels) and

retrain the model

(d) The model trained on labelled data and pseudo-labelled data is then vali-

dated on validation data

Train model on
labelled data

generate pseudo labels
on unlabelled dataset

L 4
Retrain new
model
(labelled data and
unlabelled datal)

v

Final model

FIGURE 4.7: Methodology for Pseudo-Labelling version one.

2. Pseudo-Labelling version two (Figure 4.8)

(a) Train an initial model with the limited labelled data

(b) Use trained model to generate pseudo labels for unlabelled data

(c) Select the most confident label predictions and use as pseudo labels
(d) Train the model again on labelled data plus confident pseudo labels
(e) Use model to predict labels on the remaining cohort of unlabelled data

(f) Evaluate the model on validation data

Initial Model Training

This is the initial model trained with limited labelled data that is used for both pseudo
labelling versions. The model was trained using three-fold cross validation with 20
epochs per fold, a batch size of 32, with the Adaptive Movement Estimation (ADAM)
optimiser, and a step-decay learning rate scheduler with an initial learning rate of 0.001.
Binary cross entropy was used as the loss function. The early stopping criterion was
used to stop the training process. The model achieved a validation subset accuracy of

99.2%. The training results and plot for this model is presented in Table 4.1 and Figure
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FIGURE 4.8: Methodology for Pseudo-Labelling version two.

4.9, respectively.

TABLE 4.1: Training result of the initial model trained with 20% of DISFA+.

Val loss | Val accuracy | Training loss | Training accuracy

0.00613

99.2% 0.00787 97.8%

Pseudo version one

The previous model was used to generate pseudo-AU annotations for the unlabelled

DISFA+ samples. A new model, pseudo labelling version one (PL-1) was then trained
with the combination of pseudo-AU-annotated samples and expert-coded AU-annotated

samples. The model plateaued after it reached a validation subset accuracy of 99.7%.
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FIGURE 4.9: Training and validation accuracy using the labelled DISFA+ sample set
for Pseudo-Labelling version one and two.

The results are presented in Table 4.2. The evaluation results of the pseudo-label ver-

sion one on the DISFA+ test set is presented in Chapter 5.

TABLE 4.2: Training result of version-one on unlabelled data with pseudo-labels and
20% of DISFA+.

Val loss | Val accuracy | Training loss | Training accuracy
0.00247 99.7% 0.00441 98.4%

Pseudo version two

Unlike in version one where the default training and evaluation loops provided by
Keras [Chollet, 2019] are used, a custom training loop was written from scratch for ver-
sion two because we need low-level control over training and evaluation. The Keras
context manager GradientTape [Chollet, 2019] was used to update the gradients of the
model’s weights with respect to the loss value. Adam optimiser was used with a con-
stant learning rate of 0.001. The binary cross-entropy loss function was applied accord-
ing to Equation 3.7. For labels which had a prediction value above 0.9 were set to 1
(indicating an AU) while labels that had a value less than 0.1 were set to 0 (showing
the absence of an AU). This was done to reduce the bias caused by poor predictions
that affect the model weights. The F1 score was used as the validation metric. As the
training progressed, if there was an increase in the Fl-score at each epoch, the model

would be saved.

There were two pseudo labelling version two (PL-2) models, both were trained with
a batch size of 50 and with the ADAM optimiser. The first model, PL-2a, was trained
for 100 epochs, and with a constant learning rate of 0.001. The second model, PL-2b,
was trained for 150 epochs and with a learning rate of 0.0001. As mentioned above,

both models were saved at each epoch if there was an increase in the Fl-score. The
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training plots for PL-2a and PL-2b are presented in Figure 4.10a and Figure 4.10b. PL2-
a was trained with a random sample of DISFA+ dataset and PL-2b was trained with the
same data distribution used for version one. The results of both models are reported in
Table 4.3.

TABLE 4.3: Pseudo labelling model validation results.

Configuration | Val Acc | Val Loss | Val F1
PL-2a 87% 0.184 0.90
PL-2b 64% 0.84 0.36

—— val_accuracy —— val_loss —— f1 score

Epochs

(A) Pseudo version two-a model performance on the validation set during training.

—— val_accuracy — val_loss f1 score

0.8
0.7

P
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0.5
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GBM—-———-—-\W
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(B) Pseudo version two-b model performance on the validation set during training.

FIGURE 4.10: The training plot of PL-2a and PL-2b.
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4.2.2 Large Loss Rejection

The structure of the VGG16 model used for this approach is depicted in Figure 4.6
and is initialised with ImageNet weights. This was done because the model would be
trained with inaccurate labels and therefore the feature representations from ImageNet
would be useful for better error rejection. The noisy dataset used in this approach is the
combined dataset in pseudo-labelling version one (with pseudo and expert annotated
labels). For training and predictions, the samples which have an intensity value greater
than 0.5 are set to 1. The model is trained with the ADAM optimiser. Different batch
sizes, A, and the number of epochs are experimented with to optimise the model

performance.

At every epoch, if there was an increase in the Fl-score, the model would be saved.
The best-performing model would then be used for testing. Each model was trained
with a constant learning rate of 0.0001 with A,.; changed to see the effect on perfor-
mance. The number of epochs used during the training process ranged from 100 to 900
epochs. Table 4.4 presents the different hyperparameter configurations used to deter-
mine the best-performing AU recognition model trained with the LLR mechanism (LLR
model). The first LLR model was trained with a A,.; = 0.01 for 100 epochs [Kim et al.,

TABLE 4.4: Hyperparameter network tuning for optimal AU recognition by the LLR

model.
Configuration | Epochs | deltarel | Batch Size | Learning Rate
1 100 0.01 32 0.0001
2 200 0.01 32 0.0001
3 300 0.001 32 0.0001
4 450 0.001 32 0.0001
5 498 0.002 32 0.0001
6 637 0.001 50 0.0001

2022]. This model achieved a F1-score of 0.43 (Figure 4.11a). There was a 32% increase
in the Fl-score (0.57) when the model was trained for 200 epochs (Figure 4.11b). A,
was reduced to 0.001 for a stricter rejection threshold, to determine if there would be
an increase in the classification results. The model was further trained until the 300th
epoch which resulted in a 3% increase in the F1-score (0.59) from the previous F1-score
mentioned above. The model was trained longer for 450 epochs, resulting in a 1.7%
reduction in the Fl-score. The model was then trained for 637 epochs (Figure 4.12b).
This further increase in training epochs resulted in the reduction of Fl-score by 10%
(0.52).

The A, was increased to 0.002 to determine the performance of the model when the

strictness is reduced by 100%. The model was trained for 498 epochs and achieved an
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FIGURE 4.11: Performance plot of VGG16 using WSML with A,.; = 0.01.

F1 score of 0.67 (Figure 4.12a). Configuration-5 had the best overall performance and
was trained with a batch size of 32, A,.; = 0.001, and a maximum of 498 epochs. When
evaluated on DISFA+ validation set, the model achieved a subset accuracy of 69% and
a 0.67 F1 score. From Figure 4.12a and Figure 4.12b, the model took longer to converge
when the rejection threshold,A,.;, was stricter. Table 4.5 presents the experimental re-

sults of each LLR model configuration evaluated on DISFA+ validation set.

TABLE 4.5: Experimental results of each LLR model configuration on DISFA+ valida-

tion set.

Validation
Configuration | Subset Accuracy | F1-Score | Average Precision
1 64.2% 0.43 0.37
2 64% 0.57 0.45
3 66.4% 0.59 0.48
4 66.1% 0.584 0.484
5 68.7% 0.667 0.548
6 67.2% 0.521 0.423
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FIGURE 4.12: WSML performance plots for configuration 5 and configuration 6.
4.2.3 Transfer Learning

To evaluate the success of pseudo-labelling and large loss rejection methods, a baseline
transfer learning model was created where data samples were not restricted. As emo-
tion datasets are relatively easy to access compared to FACS AU annotated datasets,
we followed the approach of transfer learning. A modified VGG16 network is trained
to recognise the seven emotions present in the DISFA+ and KDEF datasets. Figure 4.13
depicts the structure of the model. The VGG16 model was altered by adding several

layers to reduce the chance of overfitting. Soft-max activation function was used to

z z @)
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— X E] E O Anger
Input Dropout Layer
o Vee-16 Dropout Layer FC f:l_'bﬂy" pout Lay Predicted Emotion
(224x224x3) O
FC7
Softmax

FIGURE 4.13: Model architecture to detect emotions from facial expressions.

transform the model outputs into a probability vector, where each entry in the vector is
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the probability of the input image belonging to one of the seven emotions. The model
was compiled using the ADAM optimiser, a categorical cross-entropy loss function,
and accuracy as the performance metric. Three-fold cross-validation was used to train
the model with early stopping. To set the optimal hyperparameters for the network,
four configurations were run, and the training parameters are presented in Table 4.6.

The first stage of transfer learning involved training a modified VGG16 network to

TABLE 4.6: Hyperparameter network tuning for optimal emotion recognition perfor-

mance.
Configuration | Number of folds | Epochs/ fold | Epochs total | Min_delta | Batch Size | Learning Rate
1 3 15 45 0.01 32 0.0001
2 3 20 60 0.001 16 0.001
3 3 20 60 0.001 16 0.001
4 3 40 120 0.001 32 0.001

classify the emotions present in the DISFA+ dataset (within dataset evaluation). The
emotion recognition model was trained and validated with four different configura-
tions (Table 4.6) to determine the optimal hyperparameters for the task. The result of
each configuration is presented in Table 4.7 and configuration-1, the configuration with
the lowest number of epochs, achieved the highest validation accuracy and validation
Fl1-score reaching a training and validation accuracy of 96.3% and 98.5%, respectively.

The training plot for configuration-1 is presented in Figure 4.14. The architecture of the

TABLE 4.7: Performance of each configuration on the DISFA+ validation set.

Config | Val Loss | Val Accuracy | Training Loss | Training Accuracy
1 0.0488 98.5% 0.112 96.3%
2 0.0591 97.7% 0.178 94.4%
3 0.0604 97.9% 0.19 93.7%
4 0.0543 98% 0.2 93.8%

best-performing ER model (configuration-1) was updated to accommodate the task of
recognising 12 AUs. The last layer of the ER model was replaced with a fully connected
layer with 12 units (one for each AU in the DISFA+ dataset) activated by the sigmoid
activation function. For training and predictions, the AU intensity of the DISFA+ par-
ticipants is set to 1 if greater than 0.5 and set to 0 if lower than 0.5. The AU model
was then compiled using the ADAM optimiser with a binary cross-entropy loss func-
tion. The updated model was trained using two approaches. Approach one involved
fine-tuning the last FC layer and the second approach involved fine-tuning the entire
network. Figure 4.6 depicts the general structure of the model used for AU detection.
After initial experimentation, three-fold cross-validation and early stopping were em-
ployed. Early stopping was initiated after no change in the validation accuracy for 1/3

of epochs per fold.

To set the optimal hyperparameters for the network, four models were trained using
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FIGURE 4.14: Configuration 1: epochs=45, initial LR=0.001, early-stopping min delta
= 0.001, patience = 10 epochs.

different parameters. The fourth model was selected because it had the highest val-
idation accuracy and loss. This model was trained using three-fold cross-validation,
with 40 epochs per fold, a batch size of 32, and a step-decay learning rate scheduler
with an initial learning rate of 0.001. The hyperparameters used for the AU model are
presented in Table 4.8. The first three configurations were trained with approach one,
and the last two with approach two. Approach one involved fine-tuning the last FC
layer, and the second involved fine-tuning the entire network. The training plots for

the best-performing models are presented in Figure 4.15a and Figure 4.15b. In Ta-

TABLE 4.8: Hyperparameter network tuning for optimal AU detection performance.

Configuration | Threshold value | No. of folds | Epochs/ fold | Epochs total | Min_delta | Batch Size | Learning Rate
1 0.5 3 15 45 0.001 32 0.0001
2 0.5 3 20 60 0.001 32 0.001
3 0.5 3 30 90 0.001 32 0.01
4 0.5 3 15 45 0.001 32 0.0001
5 0.5 3 35 105 0.001 32 0.0001

ble 4.9, the results of training and evaluation on validation and test sets are presented.
The training and validation accuracy values are based on the generic accuracy metric
used in Keras. The subset accuracy matrix was used to evaluate performance on the

evaluation sets (Chapter 5).

4.3 Hardware and Software Details

The experiments in this research work were performed mainly with Python and the

associated Python libraries. For machine learning computations, Keras and Tensorflow
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FIGURE 4.15: The training plots of configuration 1 and configuration 5.

TABLE 4.9: Results of the training model for AU detection task using DISFA+ dataset

and k-fold cross validation

Config | Valloss | Val accuracy | Training loss | Training accuracy
1 0.0813 25.2% 0.0831 25.9%
2 0.0332 33.1% 0.0351 33.4%
3 0.0191 29.6% 0.0232 30.1%
4 0.0019 27% 0.00246 26.5%
5 0.000887 26.7% 0.00491 26.3%

were used. The computations were performed using the high-performance computing

clusters provided by the School of Computer Science and Applied Mathematics at the

University of the Witwatersrand.

4.4 Conclusion

In this chapter, we looked at the datasets used in this research work and the prepro-

cessing done on each image in the dataset. The methodology used for the two WSL

approaches was discussed. This was then followed by the methodology for the transfer

learning approach which is used to compare the performance of the WSL approaches.
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In Chapter 5, the evaluation results on the DISFA+ test and KDEF sets are presented

for each approach mentioned in this chapter.



Chapter 5

Results and Discussions

In Chapter 4, the procedure used to train the model for each approach was presented.
The training results and validation results were also presented. In this chapter, each
model is evaluated on the test set for each approach. Each model was used to generate
AUs for the KDEF dataset. The KDEF dataset is considered unlabelled as it does not
contain AU annotations. The AUs generated by each model were compared to the

FACS mapping of AU to emotion for further understanding of the results obtained.

51 AU Recognition Model with Pseudo-labelling

5.1.1 Pseudo Labelling Test Results on DISFA+ Test Set

The DISFA+ test split for the pseudo-labelling approach was used to evaluate each ver-
sion’s performance in detecting AUs. The PL-1 model achieved a subset accuracy of
68% and an Fl-score of 0.56. For PL-2a, the model achieved a subset accuracy of 89%
and an Fl-score of 0.9 on the test set. PL-2b achieved a subset accuracy of 66% and
an Fl-score of 0.44 on the same DISFA+ set. The AU recognition performance of PL-1,
PL-2a, and PL-2b are presented in Table 5.1.

The PL-1 model did not detect AU15, which is present in the facial expression of sad-
ness, and AU17, which is present in the facial expression of disgust. These two AUs
have the lowest count in the DISFA+ dataset. The PL-2a model did not detect AU17.
In PL-2b, AU15 and AU17 were not detected by the model. All three models struggled
with recall on various AUs. An emotion-to-AU mapping analysis will be performed
to determine which AUs each model would detect when presented with images from

each emotion present in the DISFA+ dataset. The ground truth AU distribution for a

52
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AU | Precision | Recall | F1-Score || AU | Precision | Recall | F1-Score || AU | Precision | Recall | F1-Score
1 41% 29% 34% 1 95% 87% 91% 1 100% 13% 23%
2 99% 52% 68% 2 76% 53% 63% 2 97% 53% 69%
4 95% 37% 53% 4 97% 93% 94% 4 94% 42% 58%
5 94% 74% 83% 5 99% 89% 94% 5 94% 91% 93%
6 100% 22% 36% 6 100% 84% 91% 6 100% 19% 32%
9 98% 50% 66% 9 95% 90% 93% 9 100% 45% 62%

12 100% 21% 35% 12 97% | 100% 98% 12 100% 24% 38%

15 0% 0% 0% 15 100% 20% 33% 15 0% 0% 0%

17 0% 0% 0% 17 0% 0% 0% 17 0% 0% 0%

20 29% 27% 28% 20 97% 93% 95% 20 23% 23% 23%

25 97% 41% 58% 25 97% 93% 95% 25 100% 5% 9%

26 98% 35% 51% 26 96% 99% 97% 26 100% 5% 10%
(A) PL-1 (B) PL-2a (C) PL-2b

TABLE 5.1: Pseudo Labelling classification performance on DISFA+ test set.

test sample set of 100 from DISFA+ and the predictions made by PL-1 are presented
in Figure 5.1. The similarity between the true and predicted distributions shows the

effectiveness of the PL approach for AU recognition on DISFA+ samples.

Further analysis of the results depicted show that, for DISFA+ samples annotated with
the anger emotion, the PL-1 model could register the same dominant AUs present in
the true distribution (Figure 5.1). The dominant AUs were in line with the AUs used
to code anger emotion according to the FACS. The model was unable to register AU10,
AU22, and AU23 as they are not present in the DISFA+ dataset. The PL-2 models had
a similar distribution for anger emotion. Unlike PL-1, these models were able to detect
more of AU25 and AU26 in the anger samples. When PL-1 was tested on the samples
annotated with the disgust emotion, only 2 of the dominant AUs (AU9 and AU25) were
in line with the FACS coding for the disgust emotion. However, the AUs detected were
similar to the AUs coded by the expert FACS coder. All three models had a similar
distribution for the disgust emotion. However, PL-2b and PL-1 were identical in their

distribution.

The PL-1 model performed well with the samples annotated with fear emotion and
the AUs detected by the model, which were in line with the FACS coding manual.
When PL-1 was tested on the samples annotated with the happy emotion, the model
detected the presence of other AUs and not just AU6 and AU12. AU6 and AU12 are
used in the FACS manual to code the happy emotion. The AUs detected by the model
were also present in the expert annotated distribution for happy. For samples anno-
tated with the sad emotion, the AUs detected by the model were in line with the FACS

manual coding for sad emotion. The predicted distribution was almost identical to the
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FIGURE 5.1: The ground truth AU distribution compared with the distribution pre-

dicted by the PL-1 model on the DISFA+ sample set.

expert-annotated distribution.

When tested on the samples annotated with the surprise emotion, the AUs detected

by the three models were in line with the FACS manual. The distribution was identical

to the expert annotated distribution. When tested on the samples expressing the neu-
tral emotion, the PL-1 model detected 1 sample with AU2, 8 samples with AU4, and 2

samples with AUS5. These are false positives, as the neutral emotion should not contain
any AUs. The PL-2a model did not detect any AUs in the neutral samples while PL-2b
detected AU4 and AU9. The PL-2b model detected 13 neutral samples depicting AU4.
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FIGURE 5.2: The ground truth AU distribution compared with the distribution pre-
dicted by the PL-2a model on the DISFA+ sample set.

On further investigation, the neutral samples for which the model registered AU4, all

belonged to the same subject. The shape of the subject’s eyebrows might have caused

the misclassification (Figure 5.4).

5.1.2 Evaluation of Pseudo-Labelling on KDEF Dataset

The three models were evaluated on the KDEF dataset to validate its cross-dataset per-

formance. A successful PL model can produce a similar AU distribution per emotion

similar to the FACS manual. Figure 5.5 presents the different combinations of AU used
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FIGURE 5.3: The AU distribution predicted by PL-2b model on the DISFA+ sample
set.

to code each of the universal emotions. Figure 5.6 presents the AU performance of each
PL model on the KDEF samples. When tested on KDEF samples annotated with anger
emotion, the PL-1 model detected three AUs, AU4, AU6, and AU25. Of these three,
AU4 and AU25 are present in the different combinations used by the FACS manual to
code anger. However, the PL-1 model did not detect AU5 in any of the anger sam-
ples. AUS is present in the different AU combinations used to code anger. There was
an anomaly with PL-2a for AU4 the model detected 60 instances of AU4 compared to
3 and 8 detected by PL-1 and PL-2b, respectively. For the KDEF samples annotated

with disgust emotion, the PL-1 model registered five AUs and out of these five only
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FIGURE 5.4: The neutral samples misclassified as depicting AU4 by PL-1 and PL-2b
models [Mavadati et al., 2016].

AU9 and AU25 are present in the combinations used by the FACS manual to code the
disgust emotion. AU4 and AUS6, although not present in the FACS manual mapping
for disgust, were dominant. These two AUs were dominant in the expert annotated
distribution for disgust (Figure 5.1). To determine whether these were false positives,
samples where the model detected the presence of AU4 and AU6 were selected. Figure
5.7 shows the subjects depicting what appears to be AU4 and AU6. Therefore, the PL-1

model was accurate in registering these AUs in the disgust emotion.

For both PL-2 models, AU9 was a dominant AU alongside AU4, however just like
PL-1 model, both did not detect the presence of AU26 in any of the disgust samples.
When tested on KDEF samples annotated with the fear emotion, every AU registered
by the PL-1 model is in line with the different combinations used by the FACS man-
ual to code the emotion fear. This was also true for both PL-2 models however PL-2a
detected more samples per AUs than PL-2b. For the KDEF samples annotated with
happy emotion, the PL-1 model detected the presence of AU12, which is present in the
FACS combinations used to code happy emotion. The PL-1 model detected the pres-
ence of AU6 and AU25. AU6 is present in the combinations used in the FACS manual
to code the happy emotion. AU25 was the most dominant AU in the distribution even
though it is not included in the FACS manual coding for the happy emotion. However,
after further investigation, most of the subjects have their lips parted when expressing
happy emotion. The PL-2a model had a similar distribution to PL-1 while in PL-2b,
AU6 and AU12 were the dominant AUs for the happy emotion.

When tested on KDEF samples annotated with sad emotion, the dominant AUs de-
tected by the PL-1 model were in line with the AUs used by the FACS manual to code
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FIGURE 5.5: The AU mappings used by the FACS manual to code the six universal

the sad emotion. However, PL-2a detected more AUs per sample than PL-1 and PL-2b

in the sad samples. For the KDEF samples annotated with the surprise emotion, the
AUs detected by the PL-1 model were in line with the FACS manual coding. When

tested on KDEF samples annotated with the neutral emotion, the PL-1 model regis-
tered AUS in 8 samples. The PL-2a model registered AU4 in 22 samples. These false

positives are presented in Figure 5.8a and Figure 5.8b.
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FIGURE 5.6: PL-2a and PL-2b predicted AU distribution for KDEF dataset.

With incomplete supervision, this model has been used to generate relevant AUs for

an unlabelled dataset. This effort is considerably less laborious, expensive, and time-

intensive than manually annotating the entire dataset with the assistance of a FACS
coder. However, the model did not detect the presence of AU12, AU15, AU17, AU20,
and AU26 in any of the KDEF samples. A FACS coder could be used to focus on anno-
tating these AUs. This is less effort than focusing on 12 AUs.
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(a) KDEF subjects depicting (8) KDEF subjects depicting

the presence of AU4 (brow the presence of AU6 (cheek

lowerer) in their expression raiser) in their expression of
of disgust. disgust.

FIGURE 5.7: Samples taken from KDEF where the PL-1 model detected the presence
of AU4 and AU6 [Lundqvist et al., 1998].

(A) The neutral KDEF samples (8) KDEF subjects depicting
in which the model detected the presence of AU4 (cheek
the presence of AU5 (upper lid raiser) in their expression of
raiser) [Lundqvist et al., 1998]. neutral.

FIGURE 5.8: Samples taken from KDEF where the PL-1 and PL-2a models detected the
presence of AU5 and AU4 in neutral samples, respectively [Lundqvist et al., 1998].

5.2 AU Recognition using Noisy Labels with Large-Loss Rejec-

tion

This section presents the experimental results using the large-loss rejection method.
The LLR method was used for AU recognition to address the challenge of acquir-
ing expert AU-annotated datasets. LLR was evaluated on both DISFA+ and KDEF
datasets using a grid search for optimal hyperparameters. The best performing AU
model trained with the LLR mechanism (configuration-5 LLR model) when evaluated
on the DISFA+ test set achieved a subset accuracy of 69% and a 0.65 F1 score (Table
5.2). This model was then used to generate AUs for each emotion class in the DISFA+
and KDEF test datasets. The result of this AU mapping analysis is presented below.
The classification results per AU class are presented in Table 5.3. The model achieved
a weighted average precision, recall, and F1-score across all the classes was 85%, 56%,
and 0.65, respectively. The model did not detect two AUs with the lowest count; AU15
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TABLE 5.2: Results of LLR models when evaluated on the DISFA+ test set.

Test
Configuration | Subset Accuracy | F1-Score | Average Precision
5 \ 687% | 0649 | 0532

and AU17, in any of the test samples. Figure 5.9 shows the ground truth AU distribu-

TABLE 5.3: Classification performance of the LLR model per class on DISFA+ test set.

AU | Precision | Recall | F1-Score
1 19% 40% 26%
2 86% 45% 59%
4 94% 50% 66%
5 87% 82% 84%
6 97% 33% 49%
9 65% 22% 33%

12 100% 50% 67%
15 0% 0% 0%
17 0% 0% 0%
20 15% 60% 24%
25 89% 81% 85%
26 93% 47% 49%

tion for a sample set of 100 from DISFA+ compared with the predictions obtained by
the LLR model. The similarity between the distribution indicates the potential use of
the LLR technique.

For the DISFA+ anger distribution, the dominant AUs registered by the model are in-
cluded in the FACS coding for anger (Figure 5.9). The model did not register AU7,
AU10, AU22, and AU23 as they were not part of the distribution when finalising the
model’s output layer. In terms of disgust-annotated samples, AU4, AU9, and AU25
were the dominant AUs in the ground truth distribution (Figure 5.9). In these domi-
nant AUs, AU4 and AUG6 are the only missing AUsin the FACS coding for the disgust
emotion. In Figure 5.9, we see that AU4 is still dominant and is consistent with the ini-
tial distribution. The presence of AU4 and AU20 was investigated in Figure 5.10, these
AUs were not false positives. The LLR model performed well in predicting the AUs
used in the FACS manual to code the fear emotion. The AUs registered by the model
for the fear emotion were AU1, AU2, AU4, AU6, AU25, and AU26.

The FACS manual codes the emotion happy with either AU12 or the combination of
AU6 and AU12. In Figure 5.9, we see that AU20, AU25, and AU26 are included in
the expert annotated distribution for the emotion happy. AU4 was not present in the
expert-annotated distribution for happiness, however, the model detected AU4 in 10
samples. On further investigation, the eyebrow shape of the subject (Figure 5.9) is low-

ered which is the reason for this misclassification. The ground truth distribution and
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FIGURE 5.9: The ground truth AU distribution compared with the distribution pre-

dicted by the LLR model on the DISFA+ sample test set.

(a) DISFA+ disgust samples
in which the LLR model de-
tected AU20 (lip stretcher).

(B) DISFA+ disgust samples
in which the LLR model de-
tected AU4 (brow lowerer).

FIGURE 5.10: Samples taken from DISFA+ where the model detected AU4 and AU20,
both of which are not present in the FACS coding for disgust [Mavadati et al., 2016].

the predicted distribution for the sadness emotion are similar. The ground truth distri-

bution and predicted distribution for the surprise emotion are identical. The dominant
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AUs in both distributions were listed in the FACS manual to code the surprise emotion.

Overall for the DISFA+ test samples, the LLR model was able to recognise the rele-
vant AUs for each of the seven emotions. The model however detected the presence
of AUs in the samples annotated with the neutral expression. For AU4, more than
ten neutral samples were false positives, and upon further investigation, the subject’s
eyebrow shape could be the cause of the classification. Figure 5.11 shows these mis-

classifications.

FIGURE 5.11: Neutral samples from DISFA+ where the LLR model detected AU4
(brow lowerer). The shape of the eyebrows are arched downwards [Mavadati et al.,
2016].

5.2.1 Evaluation of AU Recognition using LLR Model on KDEF Dataset

The proposed LLR-based model was evaluated on the KDEF dataset to validate its per-
formance on cross-datasets. A successful LLR model should be able to produce similar
AU distributions per emotion, similar to the FACS manual. Figure 5.12 presents the
AU distribution registered by the LLR model when given the KDEF dataset.

In Figure 5.12, the dominant AUs for anger picked up by the LLR model are AU4 and
AU25. These two AUs are present in the FACS manual coding for anger. The model
did not register AU5 in any of the anger-annotated KDEF samples. AU5 is the only AU
in the FACS coding for anger, present in the DISFA+ annotations, missed by the model.
The model also registered five samples with AU6. Only one sample displayed AU6
(cheek raiser), the remaining can be considered false positives or would need a FACS
coder to code the intensity of the AU (Figure 5.13a). When tested on KDEF samples

annotated with the disgust emotion, the dominant AUs picked up by the model were
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FIGURE 5.12: AU annotations generated per emotion by the LLR model for the sam-
ples in KDEF dataset.

AU4, AU6, and AU25. AU25 is the only AU that is present in the FACS coding for
disgust. AU4 is not in line with the FACS manual mapping for disgust; however, after

further investigation, the model detected this AU correctly (Figure 5.13b).

For KDEF samples annotated with fear emotion, the LLR model detects the existence
of AU1, AU2, AU4, AU5, AU6, and AU25 from samples annotated as depicting fear
emotion. This was in line with the mapping provided by FACS and DISFA+ distribu-
tions. The LLR model performed well in this regard, as it picked the relevant AUs to
map to the fear emotion. When tested on KDEF samples annotated with the happy
emotion, the dominant AUs picked up by the model were AU6 and AU25. The model
did not register the presence of AU12. The FACS manual uses AU6 and AU12 to code
the happy emotion. AU25 is present in the ground-truth DISFA + distribution for the
happy emotion. Figure 5.14 shows samples in which the model detected the presence
of AU25.
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(o) KDEF anger samples (8) KDEF disgust samples
where model detected AU6 where AU4 was detected by
(cheek raiser). the model.

FIGURE 5.13: The KDEF anger samples and disgust samples in which AU recognition
model utilising LLR mechanism detected AU6 and AU4, respectively Lundqvist et al.
[1998].

FIGURE 5.14: The model detected the presence of AU25 (lips part) in these images
annotated with the happy emotion [Lundqvist et al., 1998].

When tested on the KDEF samples annotated with the sad emotion, the model reg-
istered AU1, AU4, AU5, AU6, and AU25. The dominant AUs were AU1, AU4, and
AUS5. AU5 and AU25 are not present in the FACS coding for the sad emotion. AU5
is not as dominant in the expert annotated distribution in Figure 5.9. The LLR model
did not reject AU5 as a large loss label. The presence of AU25 in this distribution was
investigated. The samples in which the model detected the presence of AU25 were se-
lected. Only one of the subjects had their lips parted to express the sadness emotion.
Figure 5.15a presents this misclassification by the model. When the LLR model was
tested on KDEF samples annotated with the surprise emotion, the majority of AUs reg-
istered were in the FACS coding for surprise emotion. AU25 was the only AU picked
up by the model that is not in the FACS coding. However, AU25 is a dominant AU in
the expert annotated distribution for surprise in Figure 5.9. The majority of the KDEF
samples annotated with the neutral expression were regarded as not depicting any AUs
by the LLR model. There were nine samples which were false positives that received

annotations of AU5. There were 6 neutral samples in which the model detected the
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presence of AU25. On further investigation, only one of these samples has their lips

parted (slightly) while expressing the neutral expression (Figure 5.15b).

(A) KDEF sad samples in which (B) KDEF neutral samples in
the model detected the presence which the detected the presence
of AU25. of AU25.

FIGURE 5.15: The samples from Neutral and Sad class in which the model detected
the presence of AU25 [Lundqvist et al., 1998].

5.3 AU Recognition Using Transfer Learning

5.3.1 Evaluation of Baseline Emotion Recognition Model on DISFA + Dataset

Each ER model (different hyperparameter configurations) was evaluated on the DISFA+
test set. The results are presented in Table 5.4. Configuration-1 was selected as the best
performing ER model due to its performance on validation and test sets. Configuration-
1 reported an overall accuracy of 96.9% with an error of 0.113 and an F1 score of 0.969.
Figure 5.16 presents the confusion matrix that depicts the result of the configuration-1
classification on the test set, while Table 5.5 presents the prediction performance per
class. Configuration-1 achieved an average per class accuracy, precision, and recall of
99%, 98%, and 96%, respectively.

TABLE 5.4: Results on the DISFA+ test set.

Configuration | Test loss | Test Accuracy | Test F1-Score
1 0.113 96.9% 0.969

5.3.2 Evaluation of Baseline Emotion Recognition Model on KDEF Dataset

The best-performing ER model (Configuration-1) was further evaluated on the KDEF

dataset (cross-dataset evaluation). The model achieved an overall accuracy of 90%,
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TABLE 5.5: Config-1 Results per
Emotions on DISFA+ test set

Fear| 8
2 B
;; Happy E > (=1
E L8 2 g
- S | § & = |9
Neutral =] 51 § b E
Emotion | Z | < - 2 =
Sad Anger 146 | 99% | 100% | 96% | 0.98
Disgust 78 | 100% | 96% | 99% | 0.97
Surprise Fear 119 | 99% | 100% | 95% | 0.97
- Happy | 113 | 99% | 97% | 96% | 0.96
Predicted Values Neutral | 481 | 97% | 94% | 99% | 0.97
Sad 144 | 99% | 99% | 97% | 0.98
FIGURE 5.16: Confusion matrix Surprise | 92 | 99% | 97% | 95% | 0.96

depicting config-1 model’s per-
formance on DISFA+ test set

with a precision, recall, and F1 score of 63%, 60%, and 0.58, respectively, for the seven

emotions (including neutral). Figure 5.17 presents the confusion matrix depicting the

classification results, while Table 5.6 presents the prediction performance per class.

TABLE 5.6: ER Results per Emo-

tions on KDEF (Cross-Dataset)

) Fea 8 ? ‘g 8
3 sy |& | = S
> Happy g 8 S S @
3 5] < = Y —
= Emotion | v | < A~ [ 3

et Anger 69 | 85% | 48% | 41% | 0.44

. Disgust | 70 | 91% | 52% | 83% | 0.64

Fear 69 | 85% | 46% | 41% | 0.43

— Happy 70 | 97% | 94% | 84% | 0.89

CEEm Neutral | 70 | 88% | 84% | 23% | 0.36

Anger Disgust Fear appy Neutra Sac Surprise Sad 70 860/0 500/0 660/0 057

FIGURE 5.17: Confusion matrix Surprise | 70 | 95% | 69% | 81% | 0.75

depicting config-1 model’s per-
formance on KDEF dataset

5.3.3 Evaluation of Transfer Learning Based AU model on DISFA+ Dataset

Each AU model (different hyperparameter configuration) was evaluated on the DISFA+
test set. The evaluation results are presented in Table 5.7. The model trained with
configuration-4 hyperparameters was selected as the best performing model. This was

because the model achieved the highest subset accuracy on the development and test



Chapter 5. Results and Discussions 68

sets. When tested on DISFA+ samples for recognition of 12 AUs, the configuration-
4 model reported a subset accuracy and Fl-score of 97% and 0.98, respectively. The
model reports good generalisation ability with weighted recall and precision both at
98%. The classification report per AU class for the TL AU model is presented in Table
5.8.

TABLE 5.7: Results of configuration-4 on DISFA+ test set.

Configuration | Test loss | Test Accuracy | Test F1-Score
4 0.0118 96.7% 0.98

TABLE 5.8: Configuration-4 model classification performance per class on DISFA+ test

set.

AU | Precision | Recall | Fl-score
1 98% 95% 0.97
2 99% 99% 0.99
4 99% 99% 0.99
5 98% 97% 0.97
6 96% 95% 0.96
9 100% 98% 0.99

12 98% 99% 0.98
15 96% | 100% 0.98
17 96% | 100% 0.98
20 97% | 100% 0.99
25 99% 98% 0.98
26 94% 99% 0.97

An AU mapping analysis was done to determine which AUs were detected by this
model per emotion class. For this mapping analysis, the AU distribution generated
by the AU model per emotion is compared with the AUs which are used by the FACS
manual to code an emotion. A sample of 100 images from each emotion was randomly
selected, but meeting the subject-independent condition with respect to train and val-
idation sets, from the DISFA+ test set and the AU model was then used to detect the
AUs present in each image per emotion. Figure 5.18 shows the true AU distribution
of the randomly selected images and the AU distribution for each emotion detected by
the TL model. We can see that the distributions are almost identical, indicating how

well the TL model could learn the relevant AUs present in each emotion.

5.3.4 Evaluation of AU Recognition with Transfer Learning Model on KDEF
Dataset

The KDEF dataset does not contain AU annotations; therefore, this phase aimed to
evaluate if the estimated AU labels for samples from the KDEF dataset are in line with

the respective emotion class labels provided. A successful TL model should be able
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FIGURE 5.18: Groundtruth distribution of the selected sample and the distribution
predicted by the TL model.

to produce similar AU distributions per emotion as a certified FACS coder would have
provided. The distribution detected by the model was compared with the FACS coding
for each emotion in Figure 5.5. The AU distribution detected by the model is presented
in Figure 5.19. A deeper analysis of the results presented in 5.19 shows that AU4 was
a dominant AU present in KDEF samples annotated with anger emotion, similar to
the DISFA+ sample distribution. Possible AU combinations that depict the emotion of
anger confirm the dominance of AU4 for anger. Other significant AUs include AU5
and/or AU7. As expected, the majority of samples from the neutral class are regarded
as samples that do not depict any AUs by our proposed model. The set of false posi-
tives includes two samples that received AU1 annotations and one that received AU5
annotations. On further observation of the samples, we attributed this to the shape and

arch of the inner and outer eyebrows for AU1 detected by the model (Figure 5.20).

The dominant AUs estimated by the proposed model for the samples annotated with
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FIGURE 5.19: The FACS manual investigation guide for emotion to AU mapping and

the predictions made by the TL model when given a

(A) KDEF subject expressing the

neutral emotion. The model

registered AU1 in this facial ex-
pression.

sample of KDEF images.

(B) KDEF subject expressing the

neutral emotion. The model

registered AU1 in this facial ex-
pression.

FIGURE 5.20: These two neutral samples were annotated with AU1 due to the shape
of the subjects’ eyebrows [Lundqvist et al., 1998].
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disgust were AU4, AU6, AU9, AU15, and AU25. The FACS manual uses different
combinations of AU9 or AU10, AU16, AU17, and AU25 or AU26 to code the disgust
emotion. AU10 and AU16 are not present in the DISFA+ dataset, which is why the
model does not detect these 2 AUs. It registered only one sample as having AU17 for
disgust emotion. This AU (AU17) was also in the minority for disgust in Figure 5.18.
AU4 and AU6 were dominant in the model’s prediction for disgust. These AUs were
present in the expert annotated DISFA+ distribution. Therefore, the TL model regis-
tered these AUs in Figure 5.5. As per FACS coding, they coded the disgust emotion as
AU9+AU15+AU16 (missing from the DISFA+ dataset).

The dominant AUs registered by the model for the KDEF samples annotated with fear
emotion were AU1, AU2, AU4, AU5, and AU26. This was in line with the ground truth
DISFA+ distribution provided in Figure 5.18 and FACS coding provided in Figure 5.5.
Tested on KDEF samples annotated with happy emotion, the model registered AU1,
AU4, AU5, AU9, AU12, and AU25. AU6, AU12, and AU25 were the dominant AUs
in the KDEEF distribution for happiness (Figure 5.18). In the FACS manual, they coded
happiness with AU12 or the combination of AU6 and AU12. In the DISFA+ distribution
in Figure 5.18, the dominant AUs in the happiness distribution are AU6, AU12, AU20,
and AU25. Most of the subjects have their lips parted when expressing the happy
emotion. Therefore, the model registered AU25 in the happiness emotion. DISFA+ dis-
tribution (Figure 5.18), AU20, AU25, and AU26 were also detected along with the AUs
coded in the FACS coding. However, AU1, AU4, and AU9 were not dominant AUs in
the happy distribution.

When tested on KDEF samples annotated with the sadness emotion, the model reg-
istered AU1, AU4, AU5, AU15, AU17, and AU20. The dominant AUs in this distri-
bution were AU1, AU4, and AU15. This is in line with the FACS manual (Figure 5.5).
When tested on KDEF samples annotated with the surprise emotion, the model regis-
tered AU1, AU2, AU5, AU25, and AU26. This is in line with the FACS manual, which
codes the surprise emotion with different combinations of AU1, AU2, AU5, and AU26
or AU27 (missing from the DISFA+ dataset).

From the results of the mapping analysis, the model trained with the transfer learning
approach has been able to generate accurate AU annotations for an unlabelled dataset.
The model was able to do this without requiring the 100 hours of training needed by
a FACS coder to achieve minimal competency. This shows that the knowledge gained
from a model initially trained with emotion (coarse labels) can be used for the task of

AU recognition and can generate labels for an unlabelled dataset.
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5.4 Model Performance Compared to State-of-the-art methods

In this section, we compare the models presented in this research work with state-of-
the-art methods for AU detection using DISFA+. The metric used for comparison is the
weighted average F1-score across the 12 AUs. The state-of-the-models used to compare
the performance of each technique presented in this research work are: Deep Relational
Metric Learning (DRML), AU R-CNN [Ma et al., 2019], and JAA-Net [Shao et al., 2021].
The results in Table 5.9 are from [Chen et al., 2020]. The WSL techniques performed
well relative to these state-of-the-art models. PL-2a had superior performance to all the

state-of-the-art models.

TABLE 5.9: Fl-score result comparison with state-of-the-art methods on DISFA+
dataset.

Model DRML | AU R-CNN | JAA-Net | PL-1 | PL-2a | PL-2b | LLR | TL
F1-Score 0.357 0.382 0.726 | 0.56 0.9 0.44 | 0.649 | 0.97

5.5 Conclusion

The performance of the DISFA+ test set for each approach used in this research work
was presented. The emotion-to-AU mapping analysis performed for each AU recogni-
tion approach was also presented. The AUs detected by each approach were compared
with the AU mapping provided by the FACS manual. This research work set out to test
whether incomplete supervision and inaccurate supervision approaches could be used
to generate AU annotations for an unlabelled dataset. The pseudo-Labelling approach
was used to test the incomplete supervision hypothesis. With 20% of the DISFA+ AU
annotations used to train the pseudo-labelling AU recognition models, the AUs gener-
ated when tested on the unlabelled (no AU annotations) KDEF dataset were overall in
line with the FACS mapping. The PL-1 model achieved a subset accuracy of 68% and
an Fl-score of 0.56 on the DISFA+ test. For PL-2a, the model achieved a subset accu-
racy of 89% and an Fl-score of 0.9 on the test set. PL-2b achieved a subset accuracy of
66% and an Fl-score of 0.44 on the same DISFA+ set. However, PL models struggled
to detect the presence of AU12, AU15, AU17, AU20, and AU26 in the KDEF samples.
AU15 and AU17 had the lowest amount of samples in the DISFA+ dataset and would
hinder the ability for the model to learn the features in these two classes. Compared to
the transfer learning model, which was trained without data limitations, AU15, AU17,
and AU26 achieved the lowest F1-score when evaluated on the DISFA+ test set. When

the TL model was tested on KDEF samples, these aforementioned AUs were also the
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least detected AUs.

An AU recognition model trained with the LLR mechanism was used to test the inaccu-
rate supervision hypothesis for unlabelled data. This model was trained with the noisy
dataset generated during the pseudo-labelling version one process. When evaluated
on the DISFA+ test set, the model achieved a subset accuracy of 69% and an F1-score of
0.66. The LLR mechanism also struggled to accurately learn AU15 and AU17, similar
to the pseudo-labelling approach. The KDEF dataset was also used to test how the LLR
mechanism would perform on unlabelled data. The AUs generated by the model when
tested on the KDEF samples were also in line with the FACS manual. However, in the
emotion to AU mapping performed, AU2, AU9, AU15, AU17, AU20, and AU26 were
the least detected AUs in the KDEF samples.



Chapter 6

Conclusion

Facial expression recognition is a popular research area in computer vision and affec-
tive computing because of the many applications in facial behaviour analysis to which
it can be applied. FER plays a significant role in application areas such as diagnosis
of mental diseases, human-computer interaction, and autonomous robots [Wang and
Gu, 2018; Samadiani et al., 2019]. Facial behaviour can be used to convey non-verbal
communication such as determining the mental state of a person. This can be done
by analysing the movements of facial muscles. The FACS manual is a standard devel-
oped to classify the different possible types of facial expressions. The FACS manual
uses action units to describe the fundamental actions of individual muscles or groups

of muscles to create a specific face movement.

Deep learning networks and computing hardware has advanced in recent years and
has enabled computers to manage complex data representations and replicate the hu-
man performance. However, the performance of deep learning depends on the amount
of data used to train the model. Deep learning researchers are now faced with the chal-
lenge of annotating large amounts of training data. The annotation process requires a
significant amount of human labour and requires subject matter experts. This process
is timely and cost-intensive. In FBA, a FACS coder is needed to annotate the data with
FACS action units. As a subject matter expert, the FACS coder needs a minimum of
100 hours to achieve minimal competency. The process of annotating with FACS action
units is also time intensive. This is why researchers have been exploring the use of cre-

ating deep learning models trained with weak supervision.

By the end of this research work, we were able to answer the two research questions and
compare the performance of each weakly supervised technique with that of a transfer

learning model in generating AU annotations.
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1. Given a limited amount of AU-annotated data samples and a significantly larger amount
of unlabelled data samples, can we use WSL to train an accurate CNN that can generate
AU-annotations for the unlabelled test data?

An incomplete supervision technique, Pseudo-labelling, was used to answer this
research question. Here we used a limited amount of AU-annotated samples
combined with a larger sample with pseudo-AU labels to train a model. There
were two methods used to accomplish this technique. Three models, PL-1, PL-
2a, and PL-2b, were created and used to generate AUs on the KDEF dataset. We
trained a modified VGG16 network with 20% of the DISFA+ samples with AU
annotations. The model was used to generate pseudo-labels for an unlabelled
sample which was 70% of the DISFA+ dataset. An existing VGG16 network was
trained with the expert and pseudo-labelled datasets and was evaluated on the
final 10% of the DISFA+ dataset. The pseudo-label model trained with the first
version achieved a 68% subset accuracy for AU recognition when evaluated on
the test split. The model was used to generate AUs for the KDEF dataset with
no AU annotations. When compared to the emotion to AU mappings provided
by the FACS manual, the AU generated by the model were in line. However, the
model struggled to detect some AUs in the KDEF samples. Some of these AUs
were the least represented in the DISFA+ dataset.

2. Given an AU dataset with inaccurate annotation, can we use weak supervision to train a

CNN that can generate accurate labels?

An inaccurate supervision technique, Large Loss Rejection, was used to answer
this research question. Here the model was trained with a noisy dataset. The
technique was the Large-Loss Rejection approach. In this approach, the labels
that had a large loss were rejected by the model to prevent the model from learn-
ing erroneous labels. For the inaccurate supervision scenario, the LLR model
achieved a subset accuracy of 66% and a weighted average Fl-score of 0.56 on
the DISFA+ test set. The LLR model was used to generate AU annotations for
the KDEF dataset. When tested on the kDEF dataset, the AUs generated by the
model were in line with the emotion to AU mapping provided in the FACS man-
ual. Similar to the PL-model, the AUs with the lowest samples in the DISFA+
dataset were not detected in the KDEF samples.

These two approaches were compared with a transfer learning model that was ini-
tially trained with emotion-labelled data. The baseline emotion recognition model was

trained with samples from the DISFA+ dataset. This emotion recognition model was
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fine-tuned to transfer the knowledge gained during the emotion recognition training
to AU recognition. The transfer learning model was tested on the DISFA+ dataset and
reported an accuracy of 97% and a weighted average F1-score of 0.98 on the DISFA+
test set. The model was tested on the KDEF dataset which does not contain AU anno-
tations. The AUs detected by the model using the transfer learning approach were in
line with the FACS manual and the coding provided in the DISFA+ dataset.

In conclusion, this research work was able to illustrate the potential for WSL for gen-
erating AU annotations for unlabelled and inaccurate datasets. The emotion to AU
mapping for each WSL approach was different to the transfer learning model’s perfor-
mance. Given the misclassifications discussed in Chapter 4, it is clear that both DISFA+
and KDEF datasets have potential samples with incorrect annotations. A TL model
would learn these erroneous annotations and predict the same for any unseen samples
from the same distributions. However, WSL models, on the other hand, were only
exposed to limited labelled data and have shown some promising results. For future
work, other approaches to better generate pseudo labels and have balanced rejection
policies might improve the performance of the classification models trained on limited

”good” data.
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