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Resumo

O reconhecimento de emog¢des tem atraido um grande interesse em diversas dreas de aplicacdo,
tendo vérias metodologias sido estudadas e propostas ao longo dos anos. O reconhecimento de
emocdes através da face tem sido a modalidade mais explorada, partindo da capacidade de uma
pessoa facilmente reconhecer o estado emocional de outra através das suas mudancas de expressao.
No entanto, € bastante facil para alguém esconder o seu verdadeiro estado emocional, o que se
traduz numa redugdo da fiabilidade destas abordagens. Pelo contrério, sinais fisiolégicos t€m
surgido como alternativa devido a sua relacdo com o sistema nervoso. Este é ativado de forma
involuntdria, tornando esta uma modalidade mais fidvel, visto que as pessoas ndo conseguem
controlar como as suas verdadeiras emocdes se traduzem nos diversos sinais. O uso do ECG
surge devido a variacdo do batimento cardiaco conforme os diferentes estados emocionais.

Estudos mais recentes consideram a fusdo de diferentes modalidades, trazendo a vantagem
de recolher informagdo complementar destas, o que leva a uma maior robustez dos modelos. O
trabalho realizado ao longo desta dissertacdo teve como objetivo explorar o uso do sinal ECG
juntamente com informagdo facial de forma a permitir o reconhecimento de emogdes, tentando
minimizar os desafios de cada uma das modalidades. Assim, metodologias individuais foram
desenvolvidas e comparadas com a fusdo de ambas.

Ao replicar uma abordagem presente na lituratura de forma a obter um ponto de partida
para o trabalho, alguns desafios foram identificados e tidos em conta para futuras melhorias.
Estes incluem: a extracdo automdtica de caracteristicas a partir de modelos de deep learning,
pré-treinados; a adi¢do de LSTMs de forma a explorar a informacdo temporal presente nos dados
e, desta forma, agregar os segmentos dos sinais ECG e as frames dos videos. Os modelos sem
agregacdo permitiram atingir uma precisao de 47 % para os sinais ECG e de 75 % para os videos
faciais, enquanto que, com a agregacdo temporal, obteve-se uma precisio de 33 % para os sinais
ECG e de 22 % para os videos faciais. Esta dltima estratégia demonstrou resultados inferiores em
comparagdo com os modelos sem agregacdo. No entanto, a divisdo destes dados € feita de forma
signal-independent que, apesar de ser mais realista, ¢ também mais desafiante.

Por fim, a fusdo das duas modalidades foi explorada através de trés diferentes abordagens.
O método de early fusion consistiu em usar dois LSTMs, um para cada uma das modalidades,
cujos outputs foram concatenados e mapeados para as categorias finais através de uma camada
linear. Os diferentes passos deste modelo foram treinados em conjunto e permitiram atingir uma
precisdo de 27 %, que ndo se mostrou superior aos resultados obtidos com o ECG apenas. Sendo
um modelo bastante complexo, mais dados seriam necessdrios para permitir a aprendizagem deste
de forma eficaz. As duas estratégias de late fusion utilizadas foram a regra das somas e a regra
dos méximos. Estas regras atuam sob as probabilidades retornadas pelos modelos individuais.
Ambas as abordagens provaram serem capazes de integrar os pontos fortes de ambos os modelos,
atingindo uma precisdo de 58 % com a regra das somas e de 60 % com a regra dos maximos.






Abstract

Emotion recognition has attracted great interest in many research areas, and therefore numerous
emotion recognition approaches have been studied and proposed throughout the years. Facial
emotion recognition has been the most explored modality, following the intuition that one can
easily feel others’ emotions by the changes in their expression. However, among other challenges,
reliability cannot be guaranteed because it is easy for people to purposely hide their real emotions.
On the contrary, physiological signals are emerging as a way to recognise emotions due to their
relationship with the nervous systems. These are largely involuntarily activated and people cannot
control how their true emotions are reflected on these signals. The intuition behind the use of ECG
signals for emotion recognition is the variation in heart rate due to emotional states.

More recent research has considered fusing multiple modalities, which brings the advantage of
gathering complementary information from these, leading to increased robustness of the emotion
recognition models. The work developed in this dissertation aims to explore the use of ECG
signals together with face information for the task of emotion recognition, attempting to minimize
the challenges of each modality. Therefore, individual methodologies were developed and then
compared with the fusion of the two.

While replicating one literature approach to serve as a baseline, some challenges were
identified and addressed in further improvements. These included the extraction of deep learning
features from pre-trained networks and the addition of LSTMs to explore the temporal information
present in the data and hereby aggregating the different segments of the signals or frames of the
videos. The non-aggregated models enabled to achieve an accuracy of 47 % for ECG signals
and 75 % for face videos, while with the temporal aggregation, an accuracy of 33 % was
obtained for the ECG signals and of 22 % for the face videos. The temporal aggregation brought
lower accuracies in comparison to the non-aggregated models. However, the data was split in a
signal-independent way, which is more realistic but more challenging as well.

Finally, the two modalities were fused with three different approaches. The early fusion
method consisted of using two LSTMs, one for the ECG signals and another for the face videos,
whose outputs were concatenated before passing through a linear layer which mapped them into
the five categories. The different steps of this model were trained altogether and achieved an
accuracy of 27 %, which was not able to improve the results from the ECG modality separately.
Being such a complex model, more data is needed to enable the model to learn well. Two
late fusion strategies were considered: the sum rule and the maximum rule. These act on the
probabilities returned from the individual models either by summing the confidences from each
classifier or by taking the one which is most confident in its result, respectively. Both approaches
proved to be able to take the best out of the two individual models, reaching an accuracy of 58 %
with the sum rule and 60 % with the maximum rule.

il
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Chapter 1

Introduction

1.1 Context and Motivation

Emotions have a significant impact on how people think and act. The emotions that people
experience on a daily basis can motivate them to act a certain way and influence the choices they
make in their lives. Recognising and reacting to each other’s emotions enables us to communicate
effectively in a range of social circumstances.

There is widespread concern about taking users’ emotional states into account in various
research fields. Affective computing is a growing field and can be defined as the study and
development of systems and devices that can recognise, interpret, process, and simulate human

affect [26]. It is particularly important in areas such as:

* Robetics: robots are becoming an important part of our daily lives as they can be designed
to interact with humans for very different tasks such as caretaking, reception tasks, and
providing services in the living space, among others. Designing robots that can recognise
how a person is feeling and react accordingly allows for a better and more pleasing

interaction with humans [58; 71; 82];

* Marketing: knowing how customers feel has become a key goal in business, which is why
companies must keep the customer perspective in mind as they make important decisions
[31]. The effectiveness of advertisement on the target audience has been studied, both for
a general population [79] and discriminated by gender [19] or race [4], to see its influence
on the responses. Another study intended to see whether salespersons who more accurately
read nonverbal emotional expressions were more successful [13], which aims for the training

of salespersons to bring higher effectiveness to their work.

* Entertainment industries: like marketing, the entertainment industry may benefit from
emotion recognition to evaluate how the potential customers/users feel and optimize the
entertainment according to that target audience. One example is in interactive play
environments [73] by capturing usability and playability through metrics relevant to ludic

experience; and videogames, by automatically adjusting controllable game parameters to
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augment the entertainment value [96]. Another example is in software usability testing,
software process improvement [47] and webpage design [27] to aid interface designers
in improving the quality of user experience by building software/webpages that fulfill the

emotional needs of the users.

* Education: emotion recognition research in education has focused on intelligent tutoring
systems [10; 80]. These systems help the tutors to provide emotional or motivational
feedback and also to construct and successfully adapt their explanations. Furthermore, it has
been demonstrated that after interacting with an emotional pedagogical agent, low-achieving
students improved their affective outcomes and experienced less frustration and anxiety
[10]. Research has also been conducted to develop tools for recognizing human emotions

during e-learning processes [75].

* Healthcare systems: emotion recognition has been shown to bring advantages in the
identification of mental health issues. These are characterized by the absence of positive
emotions and a range of associated cognitive, physical, emotional, and behavioural
symptoms [3]. By joining the availability of wearable technology with the advances in
emotion recognition models, there is an opportunity to monitor those more prone to be
diagnosed with a mental health condition, namely people undergoing medical treatments
and those in nursing homes. Some studies have already used facial emotion recognition
to assess the stress levels of patients [85] or by analyzing biological signals [22; 70], and
daily activity patterns [93]. Moreover, in healthcare, the ability to interpret emotions is
crucial in shaping the communication between healthcare professionals and patients and the
current widespread face mask usage severely impacts it. This functional relationship with
patients must be fostered in healthcare professionals and students who are developing their

communication and relationship-building abilities [9].

According to a new market research report, in the post-COVID-19 scenario, the global
Emotion Detection and Recognition Market size is projected to grow at a Compound Annual
Growth Rate (CAGR) of 11.3% between 2020 and 2026, reaching a total market value of $37
billion [59]. This shows that there is still a huge demand for emotion recognition models that
drives both the research behind it and the creation of commercial solutions for the task.

Shifting from research to the market, emotion recognition models are well consolidated in
some main companies like Affectiva, Noldus, Emotibot Technologies, NVISO, among others.
These use primarily facial information to recognise emotions, which brings problems associated
with occlusions, illumination, facial alignment, and reliability [78]. This reliability issue is the
biggest setback since it would be very problematic to have people intentionally fake their real
emotions, specifically for mental health assessment purposes. However, some companies also use
multimodal approaches but these focus mostly on joining audio information to facial expression
recognition which are both physical characteristics. The ECG signal could bring these companies
a competitive advantage by being able to extract useful physiological information that has been

shown to correlate with emotional states, while maintaining a simple acquisition system.
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1.2 Dissertation Goals and Contributions

As exposed, there are many applications for emotion recognition, and the options available within
and beyond research still show plenty of margin for improvement, more specifically for effective
multimodal approaches. The work done during this dissertation aimed to explore the use of ECG
signals together with face information for the task of emotion recognition, attempting to minimize
the individual challenges of each modality. Specifically, this work can be divided into five main

goals:

1. design and implement methodologies for emotion recognition based on ECG signals;
design and implement methodologies for emotion recognition based on face video;
explore the use of temporal models for emotion recognition;

implement fusion strategies for multimodal recognition;

AT

evaluate and compare the performance of single-modality and multi-modality methods and

compare them with the state-of-the-art.

1.3 Dissertation Outline

Following this introduction, the fundamental concepts of emotion recognition research are covered
in Chapter 2. This includes concepts behind emotion modeling and the different modalities used.

In Chapter 3, the most relevant multimodal databases available for emotion recognition are
reviewed and compared.

After that, Chapter 4 gives a state-of-the-art analysis, describing and discussing some of the
most important approaches used in emotion recognition nowadays, both through handcrafted and
machine/deep learning techniques.

Subsequently, in Chapter 5, state-of-the-art techniques are implemented to serve as a baseline
for the following work, together with a discussion on how some parameter modifications can affect
the results.

Chapters 6 and 7 show the methodology implemented for emotion recognition based on ECG
signals and face video in order to improve the results from the baseline.

Finally, Chapter 8 presents the methodology and results from fusing the two modalities and

Chapter 9 concludes the work while outlining potential directions for future research.






Chapter 2

Fundamental Concepts

2.1 Introduction

Before addressing the state-of-the-art, it is necessary to discuss some basic concepts related to
emotion recognition. These concepts include both emotional models and the different modalities
used to recognise emotions, looking at their advantages and disadvantages.

Hence, this chapter presents the fundamental concepts needed to build emotion recognition
models. It includes a discussion on the different types of emotional models and an overview of the

different modalities that may be used for it, with a special focus on the face and the ECG signal.

2.2 Emotion Modeling

One of the starting points for emotion recognition systems is how to define and model emotions.
There is not yet a universally accepted emotional model. However, two types of models prevail in

the emotion recognition literature: discrete emotional models and dimensional emotional models.

2.2.1 Discrete Emotional Models

The discrete emotional model was first described by Ekman [24] and considers six basic emotions:
sadness, happiness, fear, anger, disgust, and surprise. All other emotions are considered to be
combinations or reactions to these. Moreover, these basic emotions are considered to be innate
and culturally independent - i.e. universal regardless of one’s gender, age and origin [23]. In the
literature, a seventh emotion category is also commonly found: neutral.

Plutchik [69] then extended this list by considering eight emotions: joy, trust, fear, surprise,
sadness, disgust, anger, and anticipation. Figure 2.1 represents the Plutchik’s wheel of emotions
that describes emotions ranked by intensity, being the stronger ones positioned in the centre. The
use of colour emphasizes the fact that fundamental emotions may be combined to form complex
emotions. Additionally, its disposition depicts the existent duality in emotions, implying that each
one has a polar opposite: sadness is the polar opposite of joy, trust is the polar opposite of disgust,

fear is the polar opposite of anger, and surprise is the polar opposite of anticipation.
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~=—____| annoyance | anger

Figure 2.1: Plutchik’s wheel of emotions, from [78§].

Izard [42] extended these models further by defining ten basic emotions: interest, joy, surprise,
sadness, fear, shyness, guilt, anger, disgust, and contempt.

Defining the observed emotions following discrete labels is simple and intuitive when
developing a database. In fact, we can easily define others’ emotions by how they appear to
us. However, these models fail to define more complex emotional states. Besides, they do not
consider that a person may be experiencing two labeled emotions at the same time. Finally, many
factors may influence one’s emotional response; therefore, considering a universal approach as

explained can be unsatisfactory.

2.2.2 Dimensional Emotional Models

The dimensional emotional model is an alternative model which suggests that emotions are not

discrete but continuous.

Lang et al. [49] suggested a two-dimensional space model based on valence and arousal.
Valence is a measure of pleasure that ranges from negative/unpleasant to positive/pleasant. Arousal
refers to the amount of activation and intensity concerning emotional stimulus, ranging from
low/passive to high/active. Figure 2.2 shows the plot of different emotions over these two
dimensions.

A 3D model emerged from this one, considering another dimension: dominance [60].
Dominance corresponds to someone’s level of control over the emotion, varying from submissive
to dominant. This allows for more complete discrimination between emotions. Figure 2.3 shows

the plot of different emotions over these three dimensions.
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ACTIVE
ALARMED
AERAID = EXCITED
[ ]
AMUSED
ANGRY
e GLAD
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[ ]
BOBED TIRED ~SLEEPY
o
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Figure 2.2: 2D emotion space model with valence in the x-axis and arousal in the y-axis, from
[78].

These models have been further developed, and Fontaine et al. report consistent results using
a set of four dimensions, adding unpredictability [29].

In these dimensional approaches, emotions are not independent of each other, which allows
for a more complete characterization. However, when labelling a database, it is not so intuitive to
say the value of the dimensions as it is to say the discrete emotion. Therefore, labelling emotions
following dimensional models requires special training and a considerable level of know-how,

since it is a subjective task.

2.3 Emotion Recognition Modalities

Shu et al. [78] says that "emotion refers to a mental state that arises spontaneously and is often
accompanied by physical and physiological changes that are relevant to the human organs and
tissues such as brain, heart, skin, blood flow, muscle, facial expressions, voice, etc.". These
physical and physiological changes result in two distinct categories of emotion recognition.

The first category is emotion recognition through physical and behavioural signals, which is
the most researched category. This is driven by the fact that individuals in human interactions
interpret each other’s emotions through facial expressions, gestures, posture, and even speech.

The second category is emotion recognition from physiological signals, which include the
electroencephalogram (EEG), body temperature (T), electrocardiogram (ECG), electromyogram
(EMG), galvanic skin response (GSR), respiration (RSP), among others. These physiological
signals are in response to the central nervous system (CNS) and the peripheral nervous system
(PNS) of the human body, specifically the automatic nervous system (ANS), which changes with
emotions, following Cannon’s theory [89].

More recently, multimodal approaches have been proposed where the information from

different types of data is joined. Since multimodal learning is able to take advantage of
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Figure 2.3: 3D emotion space model, from [78].

the complementary nature of the individual signals, the performance of multimodal emotion
recognition usually surpasses that based on a single modality [48].
The current section focuses on the modalities listed above for emotion recognition, specifically

facial expressions and ECG signals, discussing the benefits and drawbacks of each.

2.3.1 Emotion Recognition from Behavioural Signals
2.3.1.1 Facial Emotion Recognition

A person’s face provides an intuition on different aspects of that person, namely regarding their
age, gender, cultural background, and even what they are feeling. Therefore, among the different
physical and behavioural signals, facial expression has been the most explored modality over the
years.

In 1978, Ekman and Friesen developed the Facial Action Coding System (FACS) [25], one of
the leading systems in facial expression recognition. This system can characterize facial actions
to express emotions based on subtle facial muscle movements. These specific muscles are called
Action Units (AUs) and allow for the detection of micro-expressions.

Figure 2.4 demonstrates the coding system used in the "Lie to me" television series, supervised
and guided by Ekman himself. It is shown that this system focuses mostly on the eyes, eyebrows,
and mouth to detect subtle movements and infer the specific emotional state. However, these
movements are not necessarily categorizable into one of the main emotions. Some movements
may indicate other things like physical discomfort, injuries, muscular twitches, etc. For example,
if a person squints to better see something, that does not indicate an emotion but that a person is
short-sighted [6].

Facial emotion recognition (FER) brings challenges that need to be addressed during

pre-processing. Pre-processing aims to prepare the image for the next steps by addressing image
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Figure 2.4: Facial action units considered in "Lie to me" series for expression evaluation, from
[66].

acquisition challenges, such as occlusions, illumination, and face alignment. Different types of
occlusions can occur, such as the use of face masks covering the nose and mouth, the use of
sunglasses covering the eyes, pose variations - e.g. profile images of the face don’t allow for the
detection of all the action units -, among others. In the wild, environments are very prone to
illumination changes that also difficult the task. Finally, aligning the faces of the different images
allows for easier identification of the action units. In videos, an additional challenge appears
regarding the continuous detection of the face throughout time [6].

To conclude, facial emotion recognition has the advantage of being easily interpreted by
humans, and also it allows for an easy collection of data. Moreover, it has shown promising results
over the last years, being the most studied modality. However, among other previously discussed
challenges, reliability can’t be guaranteed because it is easy for people to purposely hide their real
emotions [78]. For example, it is common for people to put on a fake smile in a social situation

even if they may feel sad or angry on the inside.

2.3.1.2 Emotion Recognition from Gestures and Posture

Along with facial information, gestures and posture can also give an intuition about the emotional

state of a person. However, research focused on postural communication of emotion is scarce due
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to the small variety of validated emotion poses.

The notion of emotional body posture is usually determined by the placement of the hands,
arms, and shoulders. Figure 2.5 shows a male actor portraying two different emotions: anger on
top, and disgust at the bottom. However, these portray an exaggeration of real movements, with
the often subtle movements of the body in real life difficulting the recognition of these emotions.
Especially with disgust, it is still not reliably recognised when communicated through posture

alone, despite studies trying to achieve that [54].

Figure 2.5: Male actor portraying two different emotions: anger on top, and disgust at the bottom,
from [54].

Moreover, in the image anger is very much portrayed with an aggressive pose, with the position
of the hands in protest and raising of the fist, but anger is often not displayed aggressively. This
is another limitation of the modality: there is not one single pose for each emotion. Similarly, the

same pose may be used to express different emotions.

2.3.1.3 Speech Emotion Recognition

The final behavioural modality is speech emotion recognition. For most humans, speech
characteristics such as pitch, loudness, firmness, and speech rate are indicative of the emotional
state besides the actual words being said.

The quality of the data utilized for the model is a significant consideration in assessing speech
emotion [7]. Data collection is influenced by factors such as speaker characteristics, length and
word count in sentences, the language of speech, environment, recording method, and so on

[50]. Furthermore, similar to gestures and body position, when actors portray a given emotion,
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they frequently do so as an exaggeration of reality, which does not translate well into real-life
circumstances.
Besides being an interesting modality, its achievements are still few due to the exposed

challenges.

2.3.2 Emotion Recognition from Physiological Signals

Physiological signals are emerging as a way to recognise emotions due to their relationship with
the nervous systems. The nervous systems are largely involuntarily activated and people cannot
control how their true emotions are reflected in these signals, which is the biggest advantage of
this category. However, signal acquisition is more difficult than the previous one since it includes
electrodes properly placed on the human body or wearable devices [78].

As mentioned in section 2.3, a variety of different physiological signals are used to recognise
emotions.

The EEG is perhaps one of the most researched signals, with several neuropsychological
studies reporting correlations between EEG signals and emotions. The EEG measures electrical
activity on the scalp, which has been proven to represent the macroscopic activity of the brain’s
surface layer underneath. Due to the brain’s complexity and functionality of the different areas,
many studies have been conducted to establish which parts of the brain are most correlated with
emotional activity, being them the amygdala (located close to the hippocampus, in the frontal
portion of the temporal lobe), and the pre-frontal cortex (covers part of the frontal lobe) [2].

The ECG is a recording of the electrical activity of the heart caused by the contraction of the
cardiac muscles, which indirectly represents the flow of blood inside the heart. It is known to
be successful in biometric identification and to vary according to the emotional state [11]. The
variation in heart rate caused by emotional states is the intuition behind the usage of ECG signals.
Different time and frequency domain characteristics have been employed and demonstrated their
efficacy in emotion recognition. Since this work will focus on the use of ECG signals, it is
important to review some of its characteristics.

The heart is a muscular organ crucial to human life because it is responsible for contracting
and forcing the blood through the body’s blood vessels. The heart is formed by four chambers:
two upper chambers called the right and left atria, and two lower chambers called the right and
left ventricles. The low-oxygen blood enters the heart through the right atrium and is guided
to the right ventricle by atrial contraction before being pumped to the lungs. The left atrium
collects blood from the lungs and pumps it back into the body once it reaches the left ventricle
[35]. With each heartbeat, a cycle of electrophysiological events occurs, which translates into
the distinct waves visible in an ECG signal, namely the P wave, the QRS complex, and the T
wave, as illustrated in Figure 2.6. The P wave is caused by depolarization of the atria, whereas
the QRS is caused by ventricle depolarization and simultaneous atria repolarisation. Finally, the
T-wave represents ventricular repolarisation [56]. The identification and analysis of these events
are frequently supported in the study of ECG signals for monitoring, diagnosis, and biometrics,

thus its prominence in the literature.
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Figure 2.6: A typical ECG trace of the cardiac cycle, identifying its main events: P wave, QRS
complex, and T wave, from [56].

Despite the common events present in an ECG signal, it also has a significant degree of
variability. This variability may be designated as intra-subject - differences between heartbeats
of a single subject, which are primarily interesting for medical purposes - or inter-subject -
changes between heartbeats of different individuals, which allow for biometric recognition [67].
Both forms of variability can be caused by several factors, including heart geometry, personal
characteristics such as age and weight, physical exercise, cardiac diseases, posture, emotions, and
fatigue, and electrode characteristics/placement [67].

Along with heart rate variations, employing respiratory characteristics is a powerful strategy
since its changes according to the emotional state are apparent. Pulmonary ventilation and
respiration are considered to be largely engaged in the oxygenation of blood for oxygen supply
to cells throughout the body for metabolic reasons. However, there is substantial evidence that
there is some physiological specificity across the emotional spectrum, with breathing patterns
commonly characterized as an indication of emotional state [43].

Overall, physiological signals have proven useful in emotion recognition tasks because of their
involuntary nature, but they also introduce problems related to the complexity of data collection
and the noise associated with them, which can hinder key features. Taking all factors into
consideration, ECG is a promising modality compared to the other physiological signals since
much information can be extracted from it, it has been shown to correlate with emotional states

and its acquisition is simpler than that of the EEG, which is one of the most studied modalities.

2.3.3 Multimodal Emotion Recognition

The idea that emotions cause both behavioural and physiological changes and that these forms

of emotional information are all present when people communicate with each other to manifest
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their emotions has led to the thought that fusing these different signals could be beneficial for
emotion recognition tasks. Therefore, multimodal methods have emerged as a way to use different
modalities that complement each other to fight their individual weaknesses and achieve a more
robust and accurate model. An infinite number of combinations of modalities can be used. For
instance, joining different physiological signals together, different behavioural signals together, or
even different physiological signals with different behavioural signals.

Most multimodal studies present not only the final accuracy reached but also the accuracy that
each modality had individually for comparison purposes. In [88], the authors showed that not
only merging the features from three physiological signals (ECG, SCL, tEMG) but also joining
them with facial features significantly improved the performance of the emotional recognition
model. Figure 2.7 shows the accuracy obtained from physiological signals alone, facial video
alone, and the final multimodal approach. Similarly, [74] has shown that joining video, audio,
and text allowed for increased performance. Also, [36] reached the same conclusion using facial

information and the EEG signal.
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Figure 2.7: Accuracy of emotion recognition model obtained using different modalities, from [88].

Despite the observed increase in performance in multimodal approaches, it also brings higher
complexity to the models. This may not be ideal when applied to the different areas of application.
Therefore, the trade-off between performance and simplicity may be taken into account when
considering multimodal approaches.

Fusing different modalities may be mainly approached in two different ways, depending on
the stage at which it is introduced: early and late fusion.

Early fusion consists of extracting the features from the modalities separately and then joining
the feature vectors all together, as shown in Figure 2.8. The simplest approach to joining these
feature vectors is by concatenating them, called plain early fusion. This resulting feature vector is
then used as input for the classification model. This usually results in a high number of features and
even redundancy of features from different modalities; therefore, a feature selection approach may
be applied [15]. Other more complex early fusion methods aim at obtaining high-level features
from the previously extracted ones.

Late fusion merges the results of multiple classifiers into a final prediction [15], as shown in

Figure 2.9. Different late fusion strategies are used for emotion recognition with different levels of
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complexity. Some of the most common ones are the maximum rule (which selects the maximum
of all posterior probabilities [12]), the sum rule (which sums the confidences for a given class
from each classifier and chooses the one with the highest confidence as output [12; 33; 52]),
the product rule (which works like the sum rule but multiplying the confidences [12; 33]), using
a weight criterion (which assigns a value of confidence to each classifier output, outputting a
weighted linear combination of predictions [12; 18; 33; 97]) or even a rule-based approach (where

a dominant modality is selected for each target class [17]).
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Figure 2.8: Early fusion by concatenating the features extracted from different modalities,
represented in the different colours, before applying the classifier model.
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Figure 2.9: Late fusion by applying a classifier model to the features extracted from different
modalities, represented in different colours, and combining the results of the models.

2.4 Conclusion

Overall, multimodal approaches have shown to bring great advantages in emotion recognition
tasks, with different combinations of modalities and methods used to merge them.

Considering the different combinations of modalities, ECG and face information bring the
best trade-off considering performance, usability, and robustness to adverse scenarios. Face
information is a well-studied category that has proven to have good results in emotion recognition,
although it can be easily faked by humans. ECG cannot, so it may bring the advantage of
portraying the truly felt emotion. Moreover, in terms of data collection, both of them can be
easily acquired: facial information can be acquired by a camera and ECG acquisition can be much

less intrusive and simpler in comparison to other physiological signals like the EEG.
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Multimodal Databases

3.1 Introduction

Databases are fundamental for developing an accurate system, and many factors are involved in
creating a good database.

The number of records is one of many factors to consider in a well-structured database because
machine learning and, in particular, deep learning algorithms require a large amount of data
available. One method to ensure this is to have a large number of subjects, which also ensures
subject diversity. Small datasets lead to a variety of problems, including overfitting and signal and
subject dependence. Since there is not a representative amount of data for each class, the model
may learn patterns in the training data that are not representative and are considered noise, causing
it to generalize poorly and leading to overfitting. Besides, with small databases, it is occasionally
necessary to use the same subject or segments of the same signal for the training and testing phases
of modeling which is not ideal for real-world applications.

Furthermore, aspects like the acquisition settings are also relevant. Regarding face video,
illumination is one of the biggest concerns as well as ensuring that the participant’s face is always
caught on camera even if they slightly move. This leads to a division in the databases into those
which are recorded in a laboratory-controlled environment and those recorded in-the-wild, which
brings additional challenges but is more similar to real-world scenarios.

Finally, it is crucial that the data is recorded from people who are exhibiting real emotions
so that it can be used in daily applications. This is usually achieved by eliciting the emotions of
the participants by having them watch videos or listen to music clips. Therefore, naturalistic data
should be preferred to acted data - i.e., having an actor demonstrate a specific emotion - whenever

possible.

3.2 Available Databases

There are already different databases that contain face expression information and physiological

signals, namely ECG, that are further presented and analysed. A summary of these databases may
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be found in Table 3.1.

AMIGOS

AMIGOS - A dataset for Multimodal research of affect, personality traits and mood on
Individuals and GrOupS - was presented by Miranda-Correa et al. [61] in 2015. Three main neural
and peripheral physiological signals were recorded using wearable sensors: EEG, ECG, and GSR.
Besides, frontal, full-body, and depth videos were also recorded. The 2.5D nomenclature in Table
3.1 is due to the depth features added to the 2D videos. The recordings were performed in a
laboratory environment with controlled illumination.

Different from other databases, emotions were elicited using both short and long videos in
two configurations, one with individual viewers and one with groups of viewers. Experimentally
speaking, this translates into two distinct settings: in the first one, 40 healthy volunteers watched
16 short emotional videos, and, in the second one, 37 participants watched 4 long videos, 17 alone
and the other 20 in a group (5 groups of 4 people). This way, the database allows the study of
the affective responses of individuals in relation to their personality and mood, and the analysis
of how these responses are affected by the individual/group configuration, and the duration of the
videos.

Regarding the emotion assessment, both internal and external annotations were performed,
being both present in the dataset. In the internal annotation, the volunteers self-assessed their own
affective states in terms of valence, arousal, control, familiarity, like/dislike, and selection of a
basic emotion (sadness, happiness, fear, anger, disgust, and surprise plus neutral). In the external
annotation, the annotators evaluated the emotion each subject was experiencing through valence

and arousal levels.

BioVid Emo DB

BioVid Emo DB was presented by Zhang et al. [99] in 2016. Three psychophysiological
signals were recorded: Skin Conductance Level (SCL), ECG, and trapezius EMG (tEMG).
Besides, four video signals were also recorded: frontal, left-sided, right-sided, and frontal depth
maps with a Kinect Sensor. The experiment was performed in a quiet laboratory environment with
controlled illumination.

A total of 94 healthy subjects participated in the experiment but only the data of 86 subjects
are available in the database due to missing and/or corrupted recordings. Each participant watched
15 standardized film clips, 3 per each discrete emotion, and only the data of the video for which
they felt the strongest emotion is available - e.g. if a participant felt most disgusted by the first
‘disgust’ clip, only the video signals and psychophysiological parameters of this particular clip is
provided in the database. The length of the clips varies from 32 to 245 seconds, with an average
length of 68 seconds.

Regarding the emotion assessment, the five discrete emotions (amusement, sadness, anger,

disgust, and fear) that are portrayed by the videos are the labels of the database.
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DEAP

DEAP was presented by Koelstra et al. [46] in 2012. The EEG signal was recorded along
with several peripheral physiological signals: GSR, respiration amplitude, skin temperature (T),
blood volume, EMG, and Electrooculogram (EOG). Additionally, face video was also recorded.
The experiments were performed in laboratory environments with controlled illumination.

The experiment involved 32 volunteers; however, face video was only recorded for 22 of the
participants. The emotion elicitation was made with a subset of 40 available one-minute long
excerpts of music videos.

Participants rated each video in terms of the levels of arousal, valence, like/dislike, dominance,

and familiarity.

DECAF

DECAF - a multimodal database for DECoding user physiological responses to AFfective
multimedia content was presented by Abadi et al. [1] in 2015. Different modalities were recorded:
near-infrared (NIR) facial videos, horizontal Electrooculogram (hEOG), ECG, tEMG, EEG,
and Magnetoencephalogram (MEG), which also acquires brain signals - enabling a comparison
between the EEG and MEG modalities.

A total of 30 volunteers participated in the experiment, which consisted of listening to 40
one-minute music records and 36 movie clips. This allows for a comparison between music and
movie stimuli for emotion recognition. All MEG recordings were performed in a shielded room
with controlled illumination. Due to the sensitivity of the MEG equipment, all other devices used
for data acquisition were placed in an adjacent room and controlled by the experimenter.

Regarding the emotion assessment, the participants were asked to rate each stimulus for
arousal, valence, and dominance, from 1 (low) to 9 (high). In addition, a thorough data labeling

was performed by 42 annotators.

MANHOB-HCI

MAHNOB-HCI was presented by Soleymani et al. [81] in 2012. Different modalities were
recorded: EEG, eye gaze, audio, face and body videos, and different physiological signals - ECG,
GSR, skin temperature (T), and respiration (RSP) amplitude.

A total of 30 healthy volunteers participated in a total of two experiments for the development
of this database; however, only the data of 27 of them are available in the database due to technical
problems and unfinished data collection of the remaining 3 participants. The first experiment
consisted of watching 20 emotional videos; while the second one consisted of watching 14 video
fragments and visualizing 28 images. The experiment environment in the laboratory was isolated
from the outside environment, and the light and temperature were controlled to avoid variation in
physiological reactions due to uncontrolled parameters.

Regarding emotional assessment, in the first experiment, the participants had to self-report
their felt emotions using arousal, valence, dominance, and predictability as well as emotional

keywords; while in the second experiment they were asked to agree or disagree with the tag that
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was displayed along with the emotion elicitation.

RECOLA

RECOLA - REmote COLIlaborative and Affective interactions - was presented by Ringeval et
al. [72] in 2013. Different multimodal data were recorded continuously and synchronously: face
video, audio, ECG, and electrodermal activity (EDA), also known as GSR.

In total, 46 participants took part in the experiment and were recruited as 23 dyadic teams - i.e.
groups of 2 participants. The experiment consisted of a survival task that required the collaboration
of the members of the group. It was performed in two controlled rooms in terms of lighting and
isolation from external noises, one for each participant.

Regarding annotation, although the full length of the recording is available in the database,
only the first five minutes of each recording were annotated, which was believed to be the
most interesting part of the survival task, in which the participants spent more time discussing
their strategies. The annotators measured emotion continuously on two dimensions: arousal and
valence, as well as social behaviour labels on five dimensions. Concerning the annotation of the
social behaviour, it consisted of answering each of these five questions: (i) agreement: does the
person seem to agree with his/her partner? (ii) dominance: does the person appear to be dominant?
(iii) engagement: does the person seem to be engaged? (iv) performance: does the person’s speech
appear to be clear and relevant for the task? (v) rapport: do the person and his/her partner seem to

be or could become friends?

3.3 Conclusion

Bearing in mind the discussed requirements regarding a good database and the information
gathered from each database previously presented, some conclusions may be taken regarding the
most suitable databases for the work.

For instance, due to the high number of subjects in BioVid Emo DB, substantially higher than
in the remaining ones, this database is ideal for the task at hand, which requires a high amount of
data. However, since its annotations are only regarding discrete models, it presents the limitations
of these types of models.

Considering only databases with annotations regarding dimensional models, RECOLA is the
one that presents the highest number of subjects. However, it only has annotations regarding
valence and arousal which consist of the most simple dimensional model, the 2D one, which
besides being very much used is still incomplete in comparison to more recent models.

Finally, AMIGOS seems to be a good database as well, since it allows to establish
the comparison between annotations following discrete and dimensional models with several
dimensions. However, in both RECOLA and AMIGOS, the number of subjects is considerably
smaller than in BioVid Emo DB.

Following these observations, it can be concluded that there is not one perfect database.

Researchers should aim at developing larger databases, either in terms of number of subjects
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or number of records per subject. This would allow dividing different subjects into training and
testing sets, therefore having a test set of subjects "unseen" by the algorithm, which is ideal for
real-world applications but hard to perform with a low number of subjects. Moreover, having a
representative amount of data for each class would allow quality learning and avoid the overfitting
phenomena. The elicitation of emotions found in the databases are all very similar, but the
annotation of emotions varies. This is also a factor that researchers need to focus on carefully
since it is crucial to determine the quality of a database. For instance, having untrained volunteers
perform an annotation can be very susceptible to errors, especially considering dimensional

emotional models.



Table 3.1: Summary of current available databases for emotion recognition containing data on facial expression and ECG.

*On DEAP, only 22 subjects have frontal face video.

0¢

Collection Traits Subjects Data Sources Emotion Elicitation Annotations
Valence, Arousal, Control,
AMIGOS [61] ECG, BEG, GSR, 40 Lab Short vs Long Videos Familiarity, Like/Dislike,
Face (2.5D), Full-body . . .
Six Basic Emotions + Neutral
I SCL, ECG, tEMG, . . . . .
BioVid Emo DB [99] Face (2.5D) 86 Lab Film Clips Five Discrete Emotions
EEG, ECG, EMG, GSR, RSP, T, Arousal, Valence, Like/Dislike
b b 9 9 b b * . . b b 9
DEAP [46] Blood Volume, Face (2D) 32 Lab Music Clips Dominance and Familiarity
DECAF [1] ECG, EEG, MEG, hEOG, tEMG, 30 Lab Movies and Music Clips  Valence, Arousal, Dominance
Face (NIR)
ECG, EEG, RSP, T, Eye Gaze . Valence, Arousal,
MAHNOB-HCT [81] Audio, Face (2D), Body Video 27 Lab Videos and Images Dominance, Predictability
RECOLA [72] ECG, EDA, 46 Lab Team Survival Tasks Valence, Arousal

Face (2D), Audio
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Chapter 4

Prior Art

4.1 Introduction

A multimodal emotional recognition model is composed of four main parts or processes:
pre-processing, feature extraction, classification, and fusion. Note that the fusion step is not
necessarily the last one since it can occur in different phases of the process, as presented in
subsection 2.3.3. The present section aims to present and discuss the various methods used in the

literature for the different steps of the process and both modalities (face video and ECG signals).

4.2 Pre-processing

The aim of pre-processing is to prepare the raw inputs for the future steps of the process by
addressing problems related to the inputs’ acquisition and other challenges intrinsically related to

the modality. Therefore, each modality has its specific pre-processing pipeline.

4.2.1 ECG Pre-processing

The acquisition of the ECG signals is affected by different types of noise which makes difficult a
reliable extraction of features.

One type of noise very much present is the baseline wander (BW), which is a low-frequency
artifact caused by breathing and body movement [45]. It translates into the signal as an oscillation

of the baseline, as seen in Figure 4.1 - i.e. the signal does not appear to be aligned on the x-axis.
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Figure 4.1: ECG baseline wander due to breathing and body movement, from [83].
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To remove the baseline wander, different approaches are found in the literature. Since this
artifact is a low-frequency noise, one common example of its removal is by using a high-pass
filter, with cut-off frequencies usually in the range of 0.5 to 1 Hz. However, some consider that
this approach can distort the ECG waveform. Therefore, other possible alternatives to filtering are
transforms that may also cancel the ECG noise. Wavelet transforms can accurately capture both
time and frequency information of a signal and, in [14], different wavelet transforms are compared
in terms of performance.

Another type of common noise is called powerline interference. Such noise is characterized by
a 50/60 Hz interference that arises from electrical interference - e.g. light bulbs, electronic devices
like mobile phones and computers, etc. [45]. Figure 4.2 shows the effect of this noise on an ECG
signal, in which it can be observed that it superimposes the low-frequency ECG waves like P and

T waves.
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Figure 4.2: ECG affected by powerline interference, from [45].

To remove the powerline interference, a notch filter is normally used - i.e. a bandstop filter that
eliminates the components of the signal within a specific frequency range and allows frequencies
outside of that range.

In addition, electrode motion artefacts are mainly caused by small movements of the electrodes
in contact with the skin. This artefact is more problematic since its spectral content overlaps with
the QRS complexes making it more difficult to filter out. It is most problematic in uncontrolled
environments with an increased amount of movement from the person leading to the detection of
false heartbeats [45].

Finally, some artifact components can be removed through visual detection, requiring more

expertise and knowledge [78].

4.2.2 Face Video Pre-processing

Considering face video, one of the first steps of pre-processing is usually the extraction of the
frames from the video. While some consider that only some key frames are necessary, others say
that all frames are essential to reduce the loss of information.

Face detection and alignment are traditional pre-processing steps in many face-related

recognition tasks. Detection approaches locate the faces present in the data, obtaining their
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bounding box or geometry. The Viola-Jones (V&J) face detector [86] is a classic and widely
employed implementation for face detection, which is computationally simple for detecting
near-frontal faces. However, it has problems with occlusions and large pose variations. The
MultiTask Cascaded Convolutional Neural Network (MTCNN) [98] is a modern alternative for the
V&I algorithm, leveraging a 3-stage neural network detector. This method uses facial landmarks
- i.e. eyes, nose, and corners of a mouth - for the detection, so these can also be used for face
alignment without extra computation steps. In fact, the authors in [51] have compared the existing
methods for face alignment and concluded that deep learning methods like the MTCNN are the
state-of-the-art when it comes to facial alignment since it achieves a very good performance
in a fast way. Classic models such as the Active Appearance Model (AAM), the mixtures of
trees (MoT) structured models, and the discriminative response map fitting (DRMF) lack in
both speed and performance in comparison to new deep learning methods. In 2019, Deng et
al. [20] presented RetinaFace, a robust single-stage face detector that performs pixel-wise face
localisation on various scales and which has proven to be able to perform better than the previous
state-of-the-art methods, namely the MTCNN.

Variations in illumination and contrast can introduce large changes in images, especially in
unconstrained environments, and hence impair the FER performance. Therefore, illumination
normalization is usually part of pre-processing when the lighting conditions are not controlled.
Several methods have been found in the literature and in [68], the authors compared three different
methods: global contrast normalization (GCN), local normalization, and histogram equalization.
GCN and histogram equalization were reported to achieve the best accuracy for the training and
testing steps, respectively. Figure 4.3 shows the pre-processing pipeline used in this comparison

study [68], showing an example of face detection and illumination normalization.

Face
Detection Cropping

Input

Global Histogram Local

Resize izati izati -
Cont.rastl Equalization Normalization
Mormalization

Figure 4.3: Face detection and illumination normalization example, from [68].

4.3 Feature extraction and selection

Feature extraction is able to transform the input into a set of important and relevant features for
the following classification. The found methods for feature extraction may be divided into feature

extraction from handcrafted features, in which the researcher manually computes and extracts the
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features before feeding them to the classifier, and feature extraction from deep learning methods, in
which patterns are automatically detected and recognized from the data and features are obtained
for further classification. The performance of the latter usually surpasses that of the former but it

requires more data to be able to extract useful information.

4.3.1 Handcrafted methods
4.3.1.1 ECG

Looking into the handcrafted features, these can be categorized according to the domain they are
extracted as frequency or time-domain features. Furthermore, features can also be distinguished
as fiducial or non-fiducial. Fiducial Features are retrieved from specific points of a given signal,
such as the P wave, the QRS complex, and the T wave. Contrarily, non-fiducial features consider
the totality of a signal or segments of it. This section divides approaches concerning the extracted
features domain (time or frequency) and further analyses the fiducial and non-fiducial approaches
in each. Fiducial approaches are usually present in time-domain methods, whilst non-fiducial
approaches may be present in both domains. In each domain, statistical features calculated from
the signal were also considered. Table 4.1 summarizes the techniques and features that will be

further analysed.

Time-domain features

As already mentioned, the intuition behind the use of ECG signals is the variation in heart rate
due to emotional states. Therefore, time-domain features are most times associated with heart rate
(HR) and heart rate variability (HRV).

Zhongmin et al. [88] took segments of the ECG signals to extract statistical features: mean,
median, maximum, range, variance, and standard-deviation. This is a non-fiducial approach since
it does not focus on specific points of the ECG signal. However, these statistical measures can
also be calculated as fiducial features as performed by many different authors. For instance, in the
work of Wei et al. [90], the mean and the standard-deviation were taken from the amplitude of the
P, R, and T peaks and also from the HRV.

In the work of Valstar et al. [57], both similar non-fiducial and fiducial approaches were
considered by, on the one hand, taking the mean and variance of the ECG signal and, on the other
hand, taking the mean, variance, mean of rising and falling slope and percentage of rising values
of HR and HRV. Additionally, the authors extracted the zero-crossing rate (ZCR) - that, as the
name indicates, is the rate at which a signal transitions from positive to negative or vice-versa -, the
normalized length density (NLD), the skewness, and the kurtosis values. Skewness is a measure of
the asymmetry of a distribution while kurtosis defines how heavily the tails of a distribution differ
from the tails of a normal distribution. In this case, these were computed from the time-domain
signal, but can also be computed from the frequency-domain signal, being called spectral skewness

and spectral kurtosis. The formulas for the calculus of these two measures are the following:
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X — 3

skewnessX = 32}673#’ 4.1
X — 4

kurtosisX = ‘@674“ 4.2)

where X represents the input signal, i is the mean value, and ¢ is the standard deviation.

Guo et al. [34], besides skewness and kurtosis, also calculates the entropy, which characterizes

the randomness of data set, from the HRV by the formula:

entropyX = —sump *logp, (4.3)

where p contains the histogram counts of the data set. In the same work, additional fiducial
features were introduced, including the average of RR intervals (mean-RRI), standard-deviation
of the RR intervals (SDRR), the coefficient of variation of RR intervals (CVRR) - corresponding
to the ratio of the SDRR and mean-RRI -, and the standard deviation of the successive differences
of the RR intervals (SDSD).

Finally, Hsu et al. [41], besides the SDSD and the standard-deviation of RR intervals - here
named SDNN -, calculated other fiducial features: root mean square of differences between
adjacent RR intervals (RMSSD), number of successive RR intervals that differ more than 50 ms
(NN50), percentage of successive RR intervals that differ more than 50 ms (pNN50), the number
of beats per minute (BPM), the median value of RR intervals (median-RRI), the interquartile
range of RR intervals (IQR-RRI), mean absolute deviation of RR intervals (MAD-RRI), mean of
the difference between adjacent RR intervals (diff-RRI), coefficient of variation of RR intervals

(CV-RRI), and the difference between the maximum and the minimum RR interval (range).

Frequency-domain features

In order to extract features from the frequency domain, signals need to be transformed from
their natural time domain to this one. Some of the most used techniques are the Fast Fourier
Transforms (FFT), the Power Spectral Density (PSD) and the Discrete Cosine Transform (DCT)
[34; 41; 62].

The FFT is an algorithm that computes the discrete Fourier transform (DFT) of a sequence in
a rapid way in comparison to the direct application of the formula 4.4:

Xe = P xpe 2N, 4.4)
n=0

with xo, ..., xy—1 be complex numbers and k =0, ..., N-1. The difference between a DFT and a
DCT is that the DCT uses only real numbers, while a Fourier transform can use complex numbers.
The DFT shows the spectral content of the signal: the amplitude and phase of harmonics in the

signal whilst the PSD describes how the power of the signal is distributed over frequency, applying

to signals existing over all time, or over a large enough time period.
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In the works of Ménard et al. [62] and Sun et al. [84], the features used for classification are
the actual coefficients from the frequency-domain representation of the signals. However, from
these representations, a vast number of features can be extracted.

In many pieces of research [34; 41; 57], the power of the signal in different frequency
bands is extracted from the frequency-domain representation, being these bands divided into
very-low-frequency range (VLF) (0.0033-0.04 Hz), low-frequency range (LF) (0.04-0.15 Hz),
and high-frequency range (HF) (0.15-0.4 Hz). These are frequently used to calculate the power
ratio between the low-frequency range and the high-frequency range (LF/HF). In Hsu et al. [41],
the authors went further on to calculate extra features related to these such as the LF and HF
powers normalized to the sum of the LF and HF power (LF,,,, and HF,,,,,); the power of each
one of the three bands expressed as a percentage of the total power (pVLF, pLF, and pHF); the
frequency of the highest peak in each of the three bands (VLFy,, LFy,, HF¢,).

Alike the time-domain features, researchers usually exploit statistical features from the
frequency-domain representations such as the maximum, mean, standard-deviation, kurtosis,

skewness, and entropy as seen in different papers [57; 88; 90].

Non-linear features

Table 4.1 shows a different category inside feature extraction, regarding non-linear analysis.
The Poincaré plot of RR intervals is used to evaluate HRV. The resulting point cloud is usually
characterized by its length along the line of identity (SD;) and its breadth across this line (SDy).
These two values, together with the ratio between SD; and SD», represent valuable measures,
having been used in Guo et al. [34] and Hsu et al. [41], and can be calculated by the following

formulas:

1

SD; = 45
'~ 28DSD, .5
1
D> = 2SDRRy — ——— 4.
SD2 = 25DRR, 28DSD, (4.6)
SD,

SD, = 221 47
12 sD, 4.7)

Hsu et al. [41] also calculated a set of non-linear features related to ECG-derived respiration
(EDR) - namely the respiratory rate (RSPrate) and the coherence between final EDR signal and
RR intervals (coherence) -, with autocorrelation of the QRS complexes through time - namely
the maximum autocorrelation coefficient (ACF,,.) and the reciprocal of the lag time (ACFy.,)
autocorrelation -, and with non-linear dynamics - namely the approximate entropy (ApEn) and
the sample entropy (SampleEn), which are similar methods that quantify the randomness or

predictability of RR interval dynamics.
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Feature selection

As observed, after the feature extraction phase, many researchers end up with a large number
of features to enter classification, some of which might be irrelevant and others redundant. It may
easily lead to different consequences such as to propitiate a time-consuming process to analyse
and train the classifier, and to cause overfitting problems and poor ability of generalization, which
leads to a low recognition rate. It is also easy to encounter the problem of sparse features, also
known as "curse of dimensionality", which results in the decrease of the model performance [78].
Feature selection allows to circumvent these issues.

There are several feature selection algorithms. In general, some algorithms reduce the
dimensionality by taking out some redundant or irrelevant features like sequential backward
selection (SBS) and sequential forward selection (SFS), while others transform the original one
into a new set of features like principal component analysis (PCA) and independent component
analysis (ICA) [78].

The surveyed research has led to two methods for feature selection: PCA, in Guo et al. [34],
and the Generalized Discriminant Analysis (GDA), in Hsu et al. [41]. The GDA differs from the
PCA in being a feature reduction approach that is used for dealing with non-linear discriminant

problems using a kernel function operator.



Table 4.1: Summary of the handcrafted feature extraction and features selection methods used on the surveyed approaches for ECG emotion recognition.

Feature Extraction

Paper Year Dataset . . . . Feature Selection
Time-domain Frequency-domain Non-linear

Ménard et al. [62] 2015 Private - FFT coefficients -
mean-RRI, CV-RR,

Guo et al. [34] 2016 Private SDRR, SDSD, kurtosis, LF, HF, LF/HF SDy, SD», SDq, PCA
skewness, entropy
ZCR, mean,
variance, skewness,
kurtosis, NLD Spectral entropy, slope

Valstar et al. [57] 2016 RECOLA mean, variance, mean of  and mean - -
rising and falling slope LF, HFE, LF/HF
and percentage of rising
values of HR and of HRV
mean and standard- .
_deviation of maximum, mean and

Wei et al. [90] 2018 MAHNOB-HCI ) standard-deviation - -
amplitude of P from PSD of HRV
R, T and HRV
SDNN, RMSSD, NN50, VLF, LF, HL, TP, RSP coherence
pNNS50, SDSD, BPM, LF/HE, LF,o;m, D r‘g% SD ’

Hsu et al. [41] 2020 Private median-RRIL, IQR-RRI,  HFyom, pVLE pLE, 1 lla’n s;m lelé’n GDA
MAD-RRI, diff-RRI, pHF, VLF,, LF},, AEF ’ AEF
CV-RRI, range HF, coef> freq
mean, median,

. BioVid Emo DB, maximum, minimum, amplitude, skewness,

Zhongmin et al. [88] = 2020 DEAP range, variance, kurtosis, PSD, DE ) )
standard-deviation

Sun et al. [84] 2022  Private - DCT coefficients - -

8¢
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4.3.1.2 Face

Besides the division between handcrafted and deep learned, facial features can be further divided
into global and local features. Global features extract information from the whole facial region,
whilst local ones extract information from specific regions of interest, usually corresponding to
AUs. Features can also be split into static and dynamic: static features describe a single frame or

image, and dynamic ones include temporal information.

Handcrafted features can be further divided into appearance and geometrical. Appearance
features use the intensity information of the image, while geometrical ones measure distances,
deformations, curvatures, and other geometric properties. In the deep learned features, the nature
of the extracted information is usually unknown. Although geometrical features are effective for
describing FEs, they fail to detect subtler characteristics like wrinkles, furrows, or skin texture
changes. Appearance features are more stable to noise, allowing for the detection of a more
complete set of FEs, being particularly important for detecting microexpressions [15]. Table 4.2

summarizes the techniques and features that will be further analysed.

Appearance features

Global appearance features are based on feature descriptors extracted from the whole facial
region. Gabor filters and Local-Binary Patterns (LBP) are the most popular global appearance

features.

Gabor filter-based feature extraction consists of the application of a Gabor filter bank to the
input image, defined by its parameters including frequency (f), orientations (6), and smooth
parameters of the Gaussian envelop (o), which essentially means that it analyzes whether there
is any specific frequency content in the image in specific directions in a localized region around
the point or region of analysis [44]. In Gu et al. [32], each image is divided into equally-sized
local blocks, without focusing on specific regions of interest. The Gabor filters are applied to each

block, combining them after classification.

LBP was first presented in 1994 [63] to be used in texture description. This method labels
the pixels of an image by thresholding the neighbourhood of each pixel and considers the result
as a binary number: 1 if the neighbourhood pixel’s intensity is equal to or higher than the one in
the centre and O otherwise. After calculating with all neighbours, an eight-digit binary value
is produced. When this binary value is converted to decimal, the LBP code of the pixel is
generated and placed at the coordinates of that pixel in the LBP matrix. Figure 4.4 demonstrates
the described operation, which brings the advantage of being computationally simple. Shan et al.
[77] implemented LBP as feature descriptors, using an AdaBoost to learn the most discriminative
LBP features.

Another well-established method to obtain global appearance features is through
Scale-Invariant Feature Transform (SIFT). SIFT algorithm was first presented in 2004 [55] and
not only is it rotation-invariant but it is also concerned with scaling. It is a feature extraction

method where image content is transformed into local features that are invariant to translation,
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Figure 4.4: Example of LBP calculation, from [21].

scale, and other image transformations. Also, it is a very efficient method with a close to real-time
performance. First, images are searched for local extrema over scale and space. Then, it finds
potential key points and uses both a contrast and an edge threshold to eliminate any low-contrast
key points and edge key points and what remains are the strong interest points. After, an orientation
is assigned to each key point to achieve invariance to image rotation and, finally, a key point
descriptor is created. In addition to this, several measures are taken to achieve robustness against
illumination changes, rotation, etc [64]. In Zhongmin et al. [88], the authors have extracted SIFT
features from facial images and then merged them with deep extracted features in order to propose

an emotion recognition methodology.

Dynamic global appearance features are an extension to the temporal domain. Local Binary
Pattern histograms from Three Orthogonal Planes (LBP-TOP) is an extension of LBP computed
over three orthogonal planes at each bin of a 3D volume formed by stacking the frames [15].
In Zhao et al. [100], LBP-TOP is proposed, and in Valstar et al. [57], the Local Gabor Binary
Patterns from Three Orthogonal Planes (LGBP-TOP) was used, first by splitting the video into
spatio-temporal video volumes, applying the Gabor filter and only then the LBP method.

Local appearance features require previous knowledge of regions of interest such as mouth,
eyes, or eyebrows. Consequently, its performance is dependent on the localization and tracking of
these regions. In Geetha et al. [30], the appearance of gray-scale frames is described by spreading

an array of cells across the mouth and extracting the mean intensity from each cell.

Geometric features

Global geometric features for RGB images usually describe the face geometry based on the
location of specific fiducial points, by attempting to measure distances, deformations, curvatures,
and other geometric properties [28]. In the work of Valstar et al. [57], 49 facial landmarks were
tracked with the supervised descent method (SDM) [92] and aligned with a mean shape from
stable points (located on the eye corners and the nose region). As features, the authors considered
the difference between the coordinates of the aligned landmarks and those from the mean shape
and between the aligned landmark locations in the previous and the current frame. The facial
landmarks were then split into groups according to three different regions: i) the left eye and left
eyebrow, ii) the right eye and right eyebrow, and iii) the mouth. For each of these groups, the

Euclidean distances (L2-norm) and the angles (in radians) between the points were computed.
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The Euclidean distance between the median of the stable landmarks and each aligned landmark in
a video frame was also computed. Finally, the arithmetic mean and the standard-deviation were
computed on all features.

Geometric features can provide useful information when tracked on the temporal axis. For
RGB data, facial motions can be estimated through optical flow, as done by Wollmer et al. [91].
Figure 4.5 shows an example present in this work that demonstrates how a movement in the

mouth region translates itself into optical flow computation.

IIL Jll

Previous frame Optical flow Next frame

Figure 4.5: Example for optical flow computation: between the frames there is a substantial change
in the mouth region, from [91].

Feature selection

As previously seen in ECG based approaches, many authors apply feature selection methods
prior to classification in face based approaches as well. Both Gu et al. [32] and Valstar et al. [57]
have applied PCA, which has been previously discussed. However, in the work of Gu et al. [32],
another feature selection method is presented: Fisher’s Linear Discriminant (FLD). FLD is used
to seek a projection for each local feature such that it can be optimally separated from the others,

taking into account the categories in the data, unlike PCA.



Table 4.2: Summary of the handcrafted feature extraction and features selection methods used on the surveyed approaches for facial expression/emotion

recognition.
Feature Extraction
Paper Year Dataset Feature Selection
Appearance Geometric
Zhao et al. [100] 2007 Cohn-Kanade LBP-TOP - -
Geetha et al. [30] 2009 - intensity - -
Shan et al. [77] 2009 Cohn-Kanade LBP - -
Gu et al. [32] 2012 JAFFE, CK Gabor filters - FLD, PCA
Wollmer et al. [91] 2013 SEMAINE - optical flow -
mean and standard-deviation mean and standard-deviation
Valstar et al. [57] 2016 RECOLA of coordinates differences, PCA
of LGBP-TOP features .
distances, and angles
. BioVid Emo DB,
Zhongmin et al. [88] 2020 DEAP SIFT - -
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4.3.2 Deep learning methods

Deep learning has recently gained popularity since it has attained cutting-edge performance
for several applications. Deep learning attempts to capture high-level abstractions through
hierarchical architectures of multiple non-linear transformations and representations. However,

it has the downfall of requiring a large amount of data to be able to learn from.

Deep learning methods are transversal to ECG signals and face videos. Therefore, in this
section, some deep learning techniques that have been applied for emotion recognition are briefly

presented with examples of use for either ECG signals, face videos, or both.

Convolutional neural network (CNN)

Due to its translation invariance properties, CNN has been widely used in a variety of computer
vision applications. Convolutional layers, pooling layers, and fully connected layers are three
types of heterogeneous layers found in deep feed-forward artificial neural networks. To convolve
through the entire input and produce activation feature maps, the convolutional layer has a set of
learnable filters. Following the convolutional layer, the pooling layer is utilized to lower the spatial
size of the feature maps and the network’s computational cost. The two most frequent non-linear
down-sampling procedures for translation invariance are average pooling and max pooling. These
two types of layers are the part of the network responsible for feature extraction - i.e. turn the
input into a meaningful representation -, whilst the fully connected layer, normally added at the
end of the network, is responsible for classification, ensuring that all neurons in the layer are fully
connected to activations in the previous layer and to enable the 2D feature maps to be converted

into 1D feature maps for classification.

Regarding ECG, Santamaria-Granados et al. [76] used a convolutional neural network for the
automatic feature extraction of the physiological signals, and through fully connected network
layers, the emotion prediction is made. This is a fully-supervised learning task, which takes
the labels of the training data to train and update the whole model in order to achieve the best
results. In Sarkar et al. [65], a self-supervised learning is proposed, in which the network learns
high-level abstract representations from unlabeled ECG data by applying transformations to the
ECG signals and training the model on a transformation recognition task. This allows the model
to learn spatiotemporal representations that generalize well across different datasets and different
emotion categories. The weights of the convolutional layers in the self-supervised network are
then transferred to an emotion recognition network, being kept frozen, and the fully connected
layers are trained with the labeled ECG data.

Regarding face, Zhongmin et al. [88] followed an approach similar to the one from Sarkar
et al. [65] by taking advantage of the weights of the convolutional layers from a pre-trained
network to extract the features and only train the fully connected layers for classification. In
this paper, they have used the Inception-ResNet-v2, which is a type of convolutional neural
network that can accurately recognize similar objects and achieves very good results in image

classification, pre-trained on ImageNet database. The structure for this network can be found in
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Figure 4.6. Finally, Nguyen et al. [16] used a 3D convolutional neural (C3D) network to extract

spatio-temporal features from the video stream.
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Figure 4.6: Schema of the Inception-ResNet-v2 network, from [88].

Deep belief network (DBN)

The DBN is a more complicated model proposed by Hinton et al. [38] that learns to extract a
deep hierarchical representation of the training data. The traditional DBN is built with a stack
of restricted Boltzmann machines (RBMs), which are two-layer generative stochastic models
composed of a visible-unit layer and a hidden unit layer. In a DBN, the units in higher layers
are trained to learn the conditional dependencies among the units in the adjacent lower layers,
except the top two layers, which have undirected connections.

Liu et al. [53] presented a boosted DBN that iteratively performed feature representation,

feature selection, and classifier construction in a unified loopy state from facial images.

4.4 Classification

After the features are extracted, a decision method or classifier is needed, in order to do the proper
recognition. As we have seen, handcrafted features necessarily need a classifier afterwards to
execute the task. Despite the fact that deep learning models usually perform both feature extraction
and classification in the same network, there is also the possibility of extracting features from
a pre-trained model and then using them for classification. Therefore, this section intends to
discuss the classification methods used in multimodal emotion recognition tasks, despite the way
the features are obtained.

There exist several classification models suitable for emotion recognition, including K-nearest
neighbour (KNN), Random Forest (RF), Support Vector Machine (SVM), CNNs, DBNs, and
LSTMs [78]. In multimodal tasks, the most commonly found classifiers are the SVM, CNN, and
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DBN as can be seen in Table 4.3.

SVM
A very common method found in the literature is by making use of a linear SVM. An SVM

is a non-probabilistic binary linear classifier, which means that given a labeled training set, the
SVM computes an optimal classification boundary that maximizes the width of the gap between
the two categories, as can be seen in Figure 4.7(a). This can be broadened into a multiclass SVM,
by using either a one-to-one approach - which breaks down the multiclass problem into multiple
binary classification problems and a binary classifier is applied per pair of classes - or a one-to-rest
approach - which breakdown is set to a binary classifier per each class [8]. Some data might not
be correctly classified in low dimension space due to its non-linearity, and the sample space is
mapped onto a high dimensional space with kernel functions, in which the sample can be linearly

separable.

X1

(a) (b)

Figure 4.7: Schematic representation of a) a binary and b) a multiclass SVM, from [8].

Valstar et al. [57] have used extracted features from face video, audio clips, ECG, and EDA
signals and then used an SVM for classification followed by a late fusion strategy, having obtained
a concordance correlation coefficient of 0.661. In the works of Liu et al. [87] and Tang et al. [36],
an SVM was used to classify the features extracted from EEG and eye gaze after two different
early fusion strategies, obtaining accuracies from 91% to 94% on SEED dataset and around 83%
on DEAP dataset. Huang et al. [94] have also used SVM to obtain predictions from EEG signals,
which then fused with the predictions from face information, lead to an accuracy from 81% to
83%, depending on the fusion strategy. Wei et al. [90] have used different SVMs to classify from
EEG, ECG, RV, and GSR features and then merged them with a weighted strategy, achieving an
accuracy of 84.62%. Finally, Zhongmin et al. [88] used SVM for classifying prediction from
early fused features of ECG, SCL, tEMG and face video, reaching an accuracy of 80.89% on
BioVid Emo DB and 84.09% on DEAP datasets. A summary of these works regarding modalities,
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classification, fusion strategies, and results can be found in Table 4.3.

MKL
Multiple Kernel Learning (MKL), as used in [74], aims to learn the kernel in an SVM from

training data in an optimized way. Using video, audio, and text modalities, this method achieved

an accuracy of 76.85%.

CNN

CNN:s, as previously described, allow for both feature extraction and classification. The work
of Huang et al. [94] differs from the previously presented ones since it uses a set of fully connected
layers, as seen in Figure 4.8, to classify from previously extracted handcrafted facial features,
which are then fused with the predictions from the ECG signal, leading to an accuracy from 81%

to 83%, depending on the fusion strategy.

X — 1 ‘m \m Happiness

2 Neutral
X,— 2 2
3 Sadness
Xigg—— 169 200 1 Fear
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Figure 4.8: The architecture of the proposed system for face expression classification with one
hidden layer with 200 neurons and whose output is the scores of four emotion states (happiness,
neutral, sadness, and fear), from [94].

DBN

DBN was used by Nguyen et al. [16] in order to classify emotional state. Therefore, the DBN
was treated as a multilayer perceptron (MLP), in which its hidden layers are built as RBMs with
the principle as follows: the first layer RBM is treated as the input of the network; the hidden
layer of one RBM represents the input of the following RBM and the last hidden layer RBM
becomes the output of the network. A logistic regression classification was then added to the top
of the network to make the prediction based on the output of the last hidden layer. This method

has achieved an accuracy of 89.39%.
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4.5 Fusion

As seen in Chapter 2.3.3, fusion can come either before or after classification, named early and
late fusion, respectively. Early fusion has been considered a popular technique in order to merge
all modalities into a single high-dimensional feature vector for the classifier since it joins all
meaningful information together. Nevertheless, this fusion approach still has some problems,
including the generation of high dimensional features on small datasets, leading to stress on the
computational resources with respect to training and evaluating the classification model. For that
reason, other researchers opt for late fusion strategies, which have also shown promising results.
The surveyed papers presented in Table 4.3 have shown very different fusion strategies that

will be further discussed.

4.5.1 Early fusion

Starting with early fusion strategies, these go from a simple concatenation of the features as in
Poria et al. [74] to complex deep learning methods such as DBNs, deep auto encoders (DAEs), and
long-short term memory (LSTM) networks. Either one of these deep learning methods has shown
that the increase in complexity resulted in better results in terms of accuracy in comparison to
simple concatenation because the different modalities can be redundant, so concatenating features
might not be efficient.

In Zhongmin et al. [88], the authors have used DBNs in order to merge the previously
extracted features. More specifically, they have used three DBNs: the first one to merge the
handcrafted features from the three physiological signals (multimodal DBN) obtaining high-level
physiological features, and the second one to merge the handcrafted features with the deep features
from face images (bimodal DBN) obtaining high-level facial features, and the final one to merge
the high-level physiological and facial features (bimodal DBN) obtaining the final features to use
for classification.

Liu et al. [87] and Tang et al. [36] are two subsequent works that have used different deep
learning methods for early fusion not yet discussed: DAE and LSTM.

Deep autoencoder (DAE)

DAE was first introduced in [37] to learn efficient codings for dimensionality reduction. In
contrast to the previously mentioned networks, which are trained to predict target values, the DAE
is optimized to reconstruct its inputs by minimizing the reconstruction error. The structure of the
bimodal DAE in Liu et al. [87] can be seen in Figure 4.9. The middle layer contains the high-level

concatenated features to be used for classification.

Long-short term memory (LSTM)
Long-short term memory (LSTM), introduced by Hochreiter & Schmidhuber [39], is a special
form of the traditional recurrent neural network (RNN) that is used to address the gradient

vanishing and exploding problems that are common in training RNNs [51]. These can process
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Reconstructed EEG features Reconstructed Eye features

Figure 4.9: Structure of bimodal DAE, from [87].

entire sequences of data without treating each point in the sequence independently, but rather,
retaining previous useful information to help with the processing of new data points.

Firstly, to understand the LSTM, it is important to define two concepts. The first is the cell
state, corresponding to the current long-term memory of the network. The second is the hidden
state, which represents the output at the previous point in time. In summary, LSTMs use three
gates: forget gate, input gate and output gate. The forget and the input gate use the information
from the previous hidden state and the new data point in the sequence to determine which pieces
of the cell state should be forgotten and what new information should be added to it. Then, the
output gate decides the new hidden state [40; 95]. The architecture of the typical LSTM block can

be seen in Figure 4.10.
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Figure 4.10: Architecture of the typical LSTM block, from [40].

Since the LSTM can model long-term dependencies in a sequence, it becomes very helpful
for the task since there is either a sequence of ECG segments and/or video frames to be fused
together. This advantage shows in the fact that Tang et al. [36] not only achieved the best accuracy

out of the early fusion strategies but of the late fusion ones as well for the SEED dataset.
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4.5.2 Late fusion

Moving to late fusion strategies, the ones observed in the literature were linear regression, sum
and product rules, and score/weighted strategies.

As seen in section 2.3.3, the sum rule sums the confidences for a given class from each
classifier and chooses the one with the highest confidence as output, whilst the product rule works
like the sum rule but the confidences are multiplied instead. These two methods have achieved
similar results in the work of Huang et al. [94].

Nguyen et al. [16] has used a score level late fusion which computes the likelihood in relation
to the individual likelihoods from video and audio and weights regarding the number of audio
and video clips. Wei et al. [90] also considers weights multiplied by the classifiers’ probabilities.
These weighted methods seem to surpass other late fusion strategies.

Valstar et al. [57] uses the probabilities of the different classifiers merged together using linear
regression for classification. The difference between this work and the previous two is that while
the latter estimates the values of the coefficients according to the set of presented inputs and output,

the former previously calculates these coefficients.
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Table 4.3: Summary of current available algorithms for multimodal emotion recognition regarding classification and fusion and the obtained results.
Legend: CCC - concordance correlation coefficient; A - accuracy.

Paper Year Modalities Dataset Emotional Model Classifier Fusion Technique Results
Video, audio, . Late _
Valstar et al. [57] 2016 ECG. EDA RECOLA Discrete SVM (linear regression) CCC=0.661
Poria et al. [74] 2016 video,audio. Lo EMOCAP  Discrete MKL Bady — A =76.85%
text (concatenation)
. EEG, SEED, . . Early SEED: A=91.01%
Liu et al. [87] 2016 eye signal DEAP Dimensional SVM (BDAE) DEAP: A = 83.25%
EEG, SEED, . . Early SEED: A =93.97%
Tang et al. [36] 2017 eye signal DEAP Dimensional SVM (LSTM) DEAP: A = 83.53%
Nguyenetal. [16] 2017 Audio, vidleo ~ eNTERFACE  Discrete DBN Late A = 89.39%
(weights)
) . CNN, Late Sum: A =81.25%
Huang et al. [94] 2017 Face, EEG Private Discrete SVM (sum & product) Product: A = 82.75%
Wei et al. [90] 2018 ]é];(li’ ECG, RV, MAHNOB-HCI  Discrete SVM Late (weights) A=84.62 %
ECG, SCL
. ’ ’ BioVid Emo DB, Dimensional, Early BioVid: A = 80.89%
Zhongmin et al. [88] 2020 ?ji\:(v}l oo DEAP Discrete SVM (MDBN, BDBN)  DEAP: A = 84.09%

MY J0LI]
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4.6 Conclusion

In this chapter, various studies on the state-of-the-art have been analysed, allowing some
conclusions to be drawn.

Regarding feature extraction, handcrafted methods are much more present in the literature,
especially for the ECG signals. These handcrafted methods implicate expertise from the
researchers since it is up to them to define the best features to extract for the task. With the
ECG being a more recently explored modality, it is possible that the datasets containing this signal
are smaller, therefore difficulting the learning ability of deep learning methods.

Nevertheless, deep learning methods seem to be the current state-of-the-art, with more recent
works exploring this alternative since they are able to achieve better results. Also, since the
features are automatically recognized from the data, it does not require such knowledge about
the signals from the researchers. Moreover, it is shown that feature selection is a useful method by
removing unnecessary or irrelevant features and enabling the high performance of the developed
algorithms, both for handcrafted and deep extracted features.

Concerning classification, multimodal approaches show a clear preference for SVM classifiers.

Finally, looking into fusion methods, both early and late fusion strategies have shown
promising results. However, since the surveyed papers not only present different fusion strategies
but also modalities and classifiers, it is difficult to extract direct comparisons.

In conclusion, this dissertation will focus on the development of a robust and accurate emotion
recognition model, making use of both handcrafted and deep learned features and tested on

different classifiers and fusion techniques.






Chapter 5

Implementation of Prior Art Baselines

5.1 Introduction

After analysing the most common methods applied for emotion recognition using different
modalities, the initial work developed focused on attempting to replicate some of those methods as
the basis for the following work. Furthermore, besides replicating the approaches, some alterations
needed to be made due to missing information or different programming languages used, which
will also be described further.

In this chapter, the model of Zhongmin et al. [88] was chosen to obtain a baseline for emotion
recognition both from ECG signals and face video due to its promising results while combining
the desired modalities. Like the authors, the BioVid Emo DB [99] was used for the development
of this work. In the article, an emotion recognition model was proposed using three different
physiological signals together with facial videos which can be seen in Figure 5.1. For this work,
both SCL and tEMG signals were disregarded, hence keeping a higher simplicity in comparison
to the methodology proposed by the authors.

5.2 Methodology

5.21 ECG

Pre-processing

The authors used MATLAB to pre-process the psychophysiological signals but the same steps
were recreated using Python, the programming language used throughout this work. A filtering
process was implemented to filter out any noise or unwanted frequencies. First, a 2"¢ order
Butterworth band-stop filter was used with cut-off frequencies of 49 and 51 Hz to remove the
powerline interference. Second, the authors proposed a 2" order Butterworth low-pass filter with
a cut-off frequency of 35 Hz followed by wavelet packet decomposition to remove the baseline
wander. These were combined and replaced by only one step, using a 2" order Butterworth

band-pass filter with cut-off frequencies of 1 and 35 Hz, which achieved a similar effect since the
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High-level features of
physiological signals

Deep CNN
feature

Figure 5.1: The MDBN-based model proposed by Zhongmin et al. that combines sentiment
features from video and multiple psychophysiological signals, from [88].

baseline wander is a low-frequency noise.

Feature extraction

After pre-processing the signals, these were divided into different windows and the features
were computed per window. There was no information regarding the size of the windows, only
that the step size was equal to 40 ms. This indicated that the windows should be relatively small,
otherwise the overlap would be so large that they would be identical. However, in the literature,
some works have found larger windows to be most suitable, since the emotions portray themselves
in the ECG signals as gradual in time. Therefore, four different combinations of window and step

sizes were calculated and compared:

1. the step size of 40 ms from the article was respected with a 100 ms sized window, resulting

in a 60 ms overlap;

2. three larger windows all with 50 % of overlap:

2.1. 1 s window with 50 ms of overlap;
2.2. 5 s window with 2.5 s of overlap;

2.3. 10 s window with 5 s of overlap.

For each window, the time domain features computed were the mean, median, maximum,
minimum, range, variance, and standard-deviation; and the frequency domain features computed
were the amplitude, skewness, kurtosis, power spectral density (PSD), and differential entropy

(DE). The amplitude feature was assumed as the maximum value for the magnitude of the fast
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Fourier transform (FFT) of the input signal, while the skewness, kurtosis, and differential entropy

were calculated from the magnitude of the FFT as well. Finally, these features were standardized.

Classification

The classifier used by the authors was the SVM, which is widely used in emotion recognition
tasks as seen in Chapter 4. A C-Support Vector Classification (C-SVM) is the type of SVM that
was used by the authors and therefore recreated in this work, with a linear kernel type and a cost
(C) value of 1.

The SVM with these parameters was used throughout the different experiments in this chapter
and the overall pipeline for the ECG part can be seen in Figure 5.2, which was adapted from Figure
5.1 to obtain only the steps involved with the ECG.

Figure 5.2: ECG pipeline adapted from the model proposed by Zhongmin et al. seen in figure 5.1.

Since no information was given regarding how to aggregate the features or predictions for the

different windows, the classification was also done in four different ways:

1. classifying each window individually, assuming the label of each window equal to the label

of the original full-length signal;

2. aggregating the features of the different windows from the same signal using the mean value

of each feature prior to classification;

3. aggregating the features of the different windows from the same signal using the mean and

the standard-deviation values of each feature prior to classification;

4. classifying each window individually and then aggregating the predictions to generate one

final prediction per full-length signal.
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5.2.2 Face

Pre-processing

In the video pre-processing, the authors extracted all frames from the video stream. These
frames are sequential and temporally continuous in the video data. However, that turned out to
be very computationally expensive for further steps, besides resulting in many identical frames.
Therefore, only 5 frames per second were extracted from the videos, instead of 25 frames per
second.

Afterward, the face in each frame was detected and cropped to match the input size of
the Inception-ResNet-v2 network. This was achieved using the pre-trained MTCNN from
facenet-pytorch !.

Feature extraction

To extract features from each frame previously obtained, two different approaches were used:
the first one was handcrafted and consisted of extracting scale-invariant feature transform (SIFT)
features; the second one was to use the Inception-ResNet-v2 network to extract deep features.

The SIFT features are widely used in computer vision and consist of a set of key points and
respective descriptors that are calculated from the image. Here an issue aroused: since the frames
turned out to have a very different number of key points, classification could not handle them. A
well established solution for this problem without disregarding any of the data is called Bag of
Visual Words (BoVW), which consists of aggregating the key points’ descriptors in clusters and
counting the number of key points in each cluster in order to make a histogram of the frame. The
clustering operation was done using the k-means algorithm, with k equal to 50 (number of classes
multiplied by 10).

The deep features resulting from the Inception-ResNet-v2 network were considered to express
emotion-relevant information in the video. The Inception-ResNet-v2 network used by the authors
was mainly based on the TensorFlow network available pre-trained on ImageNet dataset. The
authors fine-tuned it for a face recognition task and then extracted the deep features from different
layers to test on an emotion recognition model. The features that achieved the best result were
extracted from the fully connected layer. In this work, to avoid training the network for an
additional task other than emotion recognition, the features from the same pre-trained model were
extracted and used directly for the emotion recognition model. This was then compared with
the features extracted from the Inception-ResNet-v1 from facenet-pytorch !, which is already
pre-trained on a face recognition dataset, VGGFace2. From the Inception-ResNet-v2, a total of
1536 features were extracted, while from the Inception-ResNet-v1, a total of 1792 features were

obtained.

1 https://github.com/timesler/facenet-pytorch


https://github.com/timesler/facenet-pytorch

5.2 Methodology 47

Classification

Due to the huge number of frames, using an SVM as a classifier was impractical. Therefore, a
multilayer perceptron (MLP) was used for classification. For the deep extracted features, this
consisted of a linear layer from Pytorch with 5 neurons, which received 1536 or 1792 input
features, depending on if coming from the Inception-ResNet-V2 or Inception-ResNet-V1. The
number of neurons correspond to the number of classes and are followed by a softmax activation.
For the handcrafted features, the same structure was maintained but the classifier received 50 input
features instead. However, to evaluate the effect of the number of layers in the classifier, an MLP
with four linear layers was also used. The three hidden linear layers are followed by a ReLU
activation function and a dropout layer with a probability of 0.2, and the last linear layer, also
know as output layer, is followed by a softmax activation. The classifier was trained for 1000
epochs, with a batch size of 100 samples, and a learning rate of 1074, having Adam as optimiser
and cross entropy loss to compute the loss between the inputs and the targets. An early stopping
strategy was also implemented based on the validation loss, and the model which presented the

lower validation loss was kept.

The overall pipeline for the face part can be seen in Figure 5.3.
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Figure 5.3: Video pipeline for a) deep features, and SIFT features having as classifier a b) one-layer
MLP or a c) four-layers MLP.
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5.2.3 Data division

Data division can be performed in several ways, such as:

1. random: many approaches in the literature perform a random division of the examples by
considering the segments/frames as the inputs of the classifiers and shuffling the data before

the division. This results in information of the same signal/video being present in both sets.

2. signal-independent: this works by first assigning each recording to their set and only then
dividing it into segments/frames. This is a more realistic scenario since it ensures that

information from the same recording is not used in both sets, but it is also more challenging.

3. subject-independent: this setting works similar to the previous one but also ensures that
recordings from the same subject are not present in both partitions of the dataset, being the

most strict scenario.

Alike the authors, a random division of the dataset was performed, by considering 80% of the
data for training and 20% for testing. On the one hand, for the ECG segments, this division was
enough since the parameters chosen for the classifier were the ones used by the authors. On the
other hand, for face frames, a validation set was necessary to train the MLP, considering 10% of

the training data for validation.

5.3 Results

5.3.1 Dataset overview

Prior to discussing the results obtained for each modality, it is important to understand the
characteristics of the data in terms of the number of examples for each class both in the original
dataset and after pre-processing - i.e. after the division in segments/frames. This information may
be found in Table 5.1 and it was achieved by considering the duration of the ECG segments equal
to 10 s.

Table 5.1: Number of examples for each class both in the original dataset and after pre-processing.

Number of Records

Amusement Anger Disgust Sad Fear Total
ECG signals 86 86 86 86 86 430
Face videos 86 86 86 85 86 429
ECG segments 976 1252 324 1657 1594 5803
Face frames 50561 63940 18870 81710 80580 | 295661

From the table above it can be observed that the original dataset contained the same number of
recordings for each class with an exception on the face modality due to one corrupted and therefore
unavailable video.

After pre-processing, the average length of recordings for the different classes highly

influences the number of examples. On the extremes, the average length for the fear class is around
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180 seconds and for the sad class is 143 seconds, while for the disgust class in only 56 seconds.
This leads to class imbalance. Note also that for each 10 s segment there are approximately
50 corresponding frames, leading to a much higher amount of data for the face modality after
pre-processing.

5.3.2 ECG

Visually, the filtering process was successful in pre-processing the ECG signal and an example
can be seen in Figure 5.4.
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Figure 5.4: Example of pre-processing of an ECG signal with a) representing a the same raw
signal in two different scales and b) the result from filtering represented in both scales.
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The classification results can be seen in Table 5.2 for the different window sizes, comparing
them with the results obtained by the authors. Note that the results are only available for two of
the four options of window sizes described in the methods due to the fact that the fit time of the
SVM scales at least quadratically with the number of samples and may be impractical beyond tens

of thousands of samples, which is the case of the other two options.

Table 5.2: Classification results obtained using the different windows individually.

Window Accuracy Individual Accuracies
Size Overlap Train Test Amusement Anger Disgust Sad Fear
5s 25s 33.61 % 31.55% 0.50 % 9.68 % 0 % 3238 % 72.40 %
10s 5s 4138 % 32.05 % 11.00 % 18.05% 427% 34.14% 58.51 %
Zhongmin et al. [88] - 54.21 % 64.70 % 5732% 1221 % 43.75% 93.07 %

Table 5.2 shows that the obtained accuracies fall short in comparison to the ones obtained
by the article. Nevertheless, it points out that the longest-sized windows allow for a better
classification of all classes, while the other fails to represent both amusement and disgust classes.

Figure 5.5 shows the different confusion matrices obtained from predictions of the test dataset

and corresponding labels, which allows to see which classes is the model predicting the most.
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Figure 5.5: Confusion matrices obtained using the different windows individually.

Overall, we can observe that the majority of the predictions are lying either in the fear or on
the sad classes. A possible explanation for this is the data imbalance seen in subsection 5.3.1,
which results in the model penalizing more the errors in this two classes, ultimately leading to a
better classification of these.

This phenomenon can be solved by instructing the SVM to balance the weights of each class
- i.e. to use the values of the labels to automatically adjust weights inversely proportional to class

frequencies in the input data. This was performed in the following experiment.
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Effect of balancing class weights

Table 5.3 and Figure 5.6 show the results in terms of accuracy and predictions distribution

obtained with balancing the weights of each class.

It can be observed that, for both window sizes, all classes are identified. However, it has the
drawback of not achieving such high overall accuracies since in the unbalanced experiment the
high accuracies of the last two classes made up for the low accuracies in the others. Looking at the
results from the authors, they seem to have chosen an unbalanced experiment as well, since there

is such a high difference in performance between the different classes.
Given the results obtained with the windows separately, it brings the hypothesis that

aggregating them may bring better results, since the emotion may not be present throughout all
segments of each signal.

Table 5.3: Classification results obtained using the different windows individually, while balancing
the weights of the classifier.

Window Accuracy Individual Accuracies
Size Overlap Train Test Amusement Anger Disgust Sad Fear
5s 25s 2931 % 25.85% 28.59 % 2012% 2390% 1536% 38.99 %
10s 5s 38.05% 25.78 % 30.18 % 2475% 2479 % 21.04% 28.64 %
Zhongmin et al. [88] - 54.21 % 64.70 % 5732% 1221 % 43.75% 93.07 %
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Figure 5.6: Confusion matrices obtained using the different windows individually, while balancing
the weights of the classifier.

Effect of aggregating the predictions by majority voting

A post-model aggregation of the previously obtained predictions was performed by majority
voting and the results may be found in Table 5.4. Note that this step is only reasonable when
applied with a balanced classifier, otherwise the number of predictions from classes sad and fear

would outshine those from the other classes.
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Table 5.4: Classification results obtained using the different windows individually, while balancing
the weights of the classifier, followed by majority voting of the predictions.

Window Accuracy Individual Accuracies
Size Overlap Train Test Amusement Anger Disgust Sad Fear
5s 25s 3326 % 2624 % 31.76 % 2209% 2250% 1628 % 38.37 %
10s 5s 56.74 % 28.57 % 34.15 % 3489 % 25.00% 1627 % 31.76 %
Zhongmin et al. [88] - 54.21 % 64.70 % 5732% 1221 % 43.75% 93.07 %

Looking at the results it can be concluded that this aggregation slightly benefits the predictions.
However, it is not a significant increase since the model does not benefit from this aggregation to
improve its predictions in the training phase.

Therefore, to attempt at obtaining better results, a pre-model aggregation was thought by

merging the different segments using the mean and/or standard-deviation of each feature.

Effect of aggregating windows with mean and/or standard-deviation
Table 5.5 shows the results obtained by aggregating the different windows using both the mean

value alone and the mean value together with the standard-deviation prior to classification.

Table 5.5: Classification results obtained using the mean and/or standard-deviation aggregation of
features.

Window Accuracy Individual Accuracies
Size Overlap Train Test Amusement Anger Disgust Sad Fear
Mean
100 ms 60 ms 2238% 13.95% 0 % 13.33 % 0 % 23.08 % 43.75 %
1s 50 ms 29.65% 4.65 % 0 % 0 % 0 % 1538 % 12.50 %
5s 25s 83.14% 1395 % 13.04 % 6.67% 1053 % 30.77% 12.50 %
10s 5s 97.09 % 12.79 % 13.04 % 20.00% 1053% 7.69% 12.50 %
Mean + Standard-Deviation

100 ms 60 ms 2413 % 8.14 % 4.35 % 13.33 % 0 % 1538 % 12.50 %
Is 50 ms 4331 % 6.98 % 0 % 6.67 % 0 % 3077%  6.25 %
5s 25s 95.64 % 20.93 % 8.70 % 6.67% 52.63% 23.08% 12.50 %
10s 5s 100%  19.77 % 8.69 % 13.33% 57.89 % 0 % 12.50 %
Zhongmin et al. [88] - 54.21 % 64.70 % 5732% 1221 % 43.75% 93.07 %

These results point to large overfitting demonstrated by the high difference between train and
test accuracies, meaning that the model is not generalizing well. Note that, while in the previous
experiences the random data division lead to having segments of the same signal in both datasets,
in this experience that does not happen since the division is performed after the aggregation with

the mean and/or standard-deviation. Thus, the classifier is facing a signal-independent challenge,
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which turns out to be quite difficult.

The C-SVM, as the name indicates, depends on the value of the C parameter, which is a
regularization parameter whose aim is to balance overfitting and underfitting a model during
training. The strength of the regularization is inversely proportional to C - i.e. a lower value of C
will increase regularization, thus reducing the overfitting phenomena and vice-versa. Therefore,
values of C ranging from 1073 to 10? were tested on the mean and standard-deviation features to

observe the performance.

Effect of C-value

Figure 5.7 shows the results obtained by varying the C value for the 5 s windows. This window

was chosen since it was the one which allowed best to visually represent the effect of the C-value.

100 1 —— Fain
Test
]
£
& B0
=]
5
o
< 40
20
-5 -4 -3 -2 -1 0 1 2

loglaiC)

Figure 5.7: Train and test accuracies obtained by varying the value of C for 5 s windows.

As expected, a lower C-value was able to reduce the overfitting phenomena, approximating
the train and test accuracies. Also, C equal to 10~ shows a slightly higher validation accuracy
than the one observed before with C equal to 1. However, C equal to 10~ is not enough to fight

overfitting.

5.3.3 Face

The MTCNN turned out to be successful in detecting and cropping the faces in each frame and an

example can be seen in Figure 5.8.

SIFT results and the effect of the number of layers
After extracting the SIFT features and applying the BoVW algorithm, these were evaluated

using an MLP with one linear layer with a softmax activation. This MLP was chosen to allow
a direct comparison with the results from the deep features, since the Inception-Resnet-V2 also

has one fully connected layer in the end with a softmax activation for classification. Then, an
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(b)

Figure 5.8: Example of pre-processing face video with a) representing a full frame from a video
with size 1038x1388x3 and b) the result from the MTCNN with size 299x299x3.

MLP with four fully connected layers as previously described in the methods section was used to
evaluate the effect of the number of layers.

The results can be found in Figure 5.9 and Table 5.6. From these, it can be observed that the
one-layer classifier shows a slight loss decrease during training. This is insignificant in comparison
to the decrease observed in the four-layer model, which shows a higher capacity to learn from the
training data, despite needing more training epochs to reach the best model possible due to its
complexity. The latter also achieves a lower loss and higher accuracy both in the train, validation,

and test datasets in comparison to the one-layer classifier.
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Figure 5.9: Train and validation loss evolution over the number of epochs using SIFT features for
a) the one-layer MLP and b) the four-layers MLP.

Table 5.6: Classification results obtained using the SIFT features.

Accuracy Individual Accuracies
Number of layers . L. .
Train  Validation Test Amusement Anger Disgust Sad Fear
1 31117% 31.03% 31.15% 2.68 % 3.08 % 0% 57.83% 5145 %
4 6339% 61.07% 61.19% 56.67 % 59.70% 6.01 % 69.39 % 69.54 %
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In the work of Zhongmin et al. [88], no results are given for the SIFT-only classifier.
Nevertheless, the obtained results are relatively satisfactory, with around half of the examples

being classified correctly. However, these characteristics alone do not fit to the disgust category.

Deep results and the effect of pre-training
The results from the extracted deep features were obtained from a one-layer MLP as previously
described and can be found in Table 5.7.

Table 5.7: Classification results obtained using the features extracted from Inception-Resnet-V2
and Inception-Resnet-v1, pre-trained on ImageNet and VGGFace?2 datasets, respectivelly.

Network Accuracy Individual Accuracies
Train  Validation Test Amusement Anger Disgust Sad Fear
Inception-ResNet-V2 | 4576 % 4554 % 4545 % 46.31 % 3424% 255% 5395% 5521 %

Inception-ResNet-V1 | 7041 % 69.69 %  69.77 % 81.04 % 63.67 % 34.69% 7330% 7236 %

As previously described in the methods section, the authors extracted the features from
the pre-trained Inception-Resnet-V2 and classified them with an emotion recognition classifier,
obtaining an accuracy of 59.42%. So, these can be compared with the results indicated in the
first row of Table 5.7. The accuracies obtained, although lower, are satisfactory since there is no
information if the authors trained only the fully connected part of the network for the emotion
classification, or fine-tuned the convolutional layers as well.

Then, the authors fine-tuned the Inception-ResNet-V2 for a face recognition task and extracted
features from it to perform emotion recognition, obtaining an accuracy of 70.83%. In this work,
the Inception-ResNet-V1 already pre-trained for a face recognition task was used in replacement
to extract the features for emotion recognition. Therefore, these results are equivalent and it can
be observed that similar results were obtained while saving an additional computational step,
even though the Inception-ResNet-V1 is a prior version to the Inception-ResNet-V2. For that
reason, the features extracted from the Inception-ResNet-V1 will be used for further improvements

throughout this work.

5.4 Conclusion

This chapter focused on analysing the state-of-the-art approach of Zhongmin et al. [88] and
replicating it, serving as a baseline for further work. As it can be concluded, missing information
in the original article made it difficult to accurately replicate the reported results.

The results obtained from the ECG signals were the most different in comparison with the
work of Zhongmin et al. [88]. This could be due to the number of assumptions that needed to
be made. The face results, although a direct comparison with the paper could not be performed
for the SIFT features, showed promising results, with good accuracy values by itself. Therefore,

further efforts should be concentrated on the ECG signal prior to fusion.






Chapter 6

Improvements on Emotion Recognition
from ECG Signals

6.1 Introduction

The initial work developed focused on attempting to replicate some state-of-the-art methods,
which achieved weaker results regarding emotion recognition from ECG signals relative to the
reported performance. Therefore, this chapter describes some improvements that were explored
including deep feature extraction, merging these with the previously handcrafted features, and,
finally, temporal aggregation of the segments of each signal by making use of an LSTM to obtain

only one prediction per signal.

6.2 Methods

Deep feature extraction and classification using MLP

Sarkar et al. [65] has proposed a self-supervising learning methodology for emotion
recognition from ECG signals in order to tackle the problems of fully-supervised methods - i.e.
having a model trained from scratch for every classification task. The proposed methodology can

be divided into two stages of learning:

1. First, ECG signals undergo six different transformations: noise addition, scaling, negation,
temporal inversion, permutation, and time-warping. Then, a network is used to learn
robust and generalized features from unlabelled ECG through recognition of these signal

transformations.

2. Then, the original ECG signals and the emotion labels are used to train a network for
emotion recognition, with the frozen convolution layers of the previous network and new

fully connected layers to perform the emotion classification.
This methodology can be seen in Figure 6.1 and, in the end, it produces a total of 128 features.
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Recently, Antunes [5] has improved this methodology by adding two additional
transformations: baseline wander and magnitude warping. The self-supervised network she
obtained was used in this experiment to extract deep features from the ECG signals.

To fit the inputs expected by the network, the ECG signals had to undergo a resampling process
from 512 Hz to 256 Hz, a z-score normalization - i.e. normalizing the signal so that the mean of
all its samples became equal to O and the standard-deviation equal to 1 - and were divided in 10 s

windows with no overlap.

O — . — Multi-task Pieruda
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Figure 6.1: An overview of the proposed framework for self-supervised emotion recognition
presented by Sarkar et al., from [65].

For classification, an MLP with four linear layers was used. The three hidden layers were
followed by a ReL.U activation function and a dropout layer, while the output layer was followed
by a softmax activation. The MLP received 128 input features and all hidden layers had 512
neurons, which is four times the number of features it received as input. The output layer received
the 512 values returned by the previous hidden layer and had 5 neurons, equal to the number of
classes. This classifier was trained for 200 epochs, with a batch size of 100 samples, and a learning
rate of 107, having Adam as optimiser and cross entropy loss to compute the loss between the
inputs and the targets. An early stopping strategy was adopted, and the model which presented the
lower validation loss was saved. This training details remained the same throughout the following
experiments of the present chapter.

Regarding data division, since this experiment considers the individual segments as inputs of
the classifier, it was performed in a random way, by considering 80% of the data for training and

20% for testing as in section 5.2.3. Also, 10% of the training data was used for validation.

Classification from handcrafted features using MLP

Up to this point, two different sets of features were obtained: handcrafted ones, as described
in Chapter 5, and deep ones, as just explained. To fairly compare the results obtained from deep
features with handcrafted ones, the latter was classified using an MLP which received the 28 input
features and presented the same structure as before: four linear layers, all three hidden layers had
112 neurons (four times the number features), and the output layer received 112 values and had 5
neurons, equal to the number of classes.

Note that for the calculation of these handcrafted features, the signals could not be normalized

with a z-score normalization, otherwise the mean and standard-deviation features would be
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pointless. Therefore, these features were calculated from the signals prior to this step of

pre-processing and standardized just as in Chapter 5.

In this experiment, the data division was performed in the same way as the previous one.

Concatenation of deep and handcrafted features

The deep extracted features were merged with the handcrafted ones by means of a simple
concatenation to evaluate which set of features performed the better: handcrafted only, deep
only or the concatenation of both. Before entering the classifier, the concatenation of these
features was standardized by removing the mean and scaling to unit variance so that differences
in scales between the two would not interfere with the learning of the model. The mean and
standard-deviation were extracted from the training data and used to standardize both validation

and test data.

The concatenation of both types of features resulted in 156 input features. The classifier was
developed following the same strategy as before with the hidden layers having 624 output neurons,

and the output layer receiving 624 values and presenting 5 neurons.

In this experiment, the data division was performed in the same way as the previous two.

Temporal aggregation of segments with LSTM

Since most techniques rely on emotion segments rather than the complete signal, they are
compelled to take the same label into account for each segment. This practice, however, can be
misleading because there is no guarantee that the emotion is distributed evenly over the entire
signal as opposed to being centered on specific areas. Having said that, there is a high motivation
for methodologies that aggregate segments that are part of the same signal and predict emotions
for the entire signal rather than for individual segments. In order to do this, heuristic methods such
as the mean, median, maximum, among others, could have been used. However, these treat all the
segments of the signal equally. Therefore, more complex methods can be studied to learn in a more
intelligent way, ignoring some of the segments and giving more attention to the most relevant ones.
That being said, the various signal segments were aggregated using a bidirectional LSTM, which
is useful for learning sequential temporal information and may be of relevance concerning ECG
data. In summary, the bidirectional variant of the LSTM consists of two layers: in the first layer,
the input sequence flows forward; while in the second layer, the input sequence flows backward.

The outputs from the two LSTM layers are then concatenated.

Being a bidirectional LSTM, there are several ways to use it to perform aggregation and even
classification. By defining its hidden size as equal to the number of categories, it outputs double
the number of classes. Therefore, either the first five (forward) or the last five (backward) outputs
can be used followed by a softmax activation to serve as a classifier as well. Alternatively, all 10
outputs may be used, followed by a linear layer that will map them to the number of categories
in the data using 5 neurons. To prevent overfitting, dropout can be used between the LSTM

outputs and the linear layer. The schematic representation of this last method can be seen in
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Figure 6.2. Note that this step was performed with the set of features that allowed to obtain a
better performance in the previous experiments.

Also note that in this experiment, since the division of the data is applied to the
full-length signals instead of the individual segments, the train, validation and test datasets are
signal-independent as described in section 5.2.3, which brings an additional challenge to the

model. The percentages of data for each partition remained the same.

—_—
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Figure 6.2: Schematic representation of the ECG pipeline adopted to aggregate the features of the
different segments using an LSTM, followed by dropout and a linear layer for final classification.

6.3 Results

Table 6.1 shows the results obtained using a four-layer MLP to classify emotions from deep

features only, handcrafted features only, and the concatenation of both.

Table 6.1: Classification results with four-layer MLP for ECG improvements.

Features Accuracy Individual Accuracies
Train  Validation Test Amusement Anger Disgust Sad Fear
Handcrafted 3194% 3074 %  29.11 % 0 % 1.56 % 0 % 60.62 % 44.63 %
Deep 7024 %  43.07%  47.03 % 30.23 % 3745% 8.06% 6657 % 52.81 %
Deep + Handcrafted | 55.74 % 3528 %  28.55 % 16.28 % 22.55 % 0 % 48.63 % 27.19 %

On the one hand, using the deep extracted features, the model was able to fit the training
data well, reaching a training accuracy of 70.24%. In validation and test, despite achieving lower
accuracies, these are still relatively satisfactory, with almost 50% of the segments being correctly
classified. Looking at the individual accuracies obtained, the most challenging one is the disgust
class, with only 8% of the segments being correctly identified. On the other hand, using the
handcrafted features, the results are much lower, with classes amusement and disgust not being

identified in any segment, and the anger class achieving an unsatisfactory result.
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Combining both types of features harms the results obtained with deep features only. This
leads to the conclusion that all of the assumptions made to obtain the handcrafted features harmed
the results from the model.

In conclusion, despite the considerable overfitting in the deep self-learning approach, which
could be fought with additional regularisation, it has shown the superior ability to pinpoint the
appropriate features for the task at hand, attaining improved overall performance in the test data.
Therefore, the deep extracted features were considered for the aggregation of the segments with
the LSTM.

Table 6.2 shows the results obtained using an LSTM to aggregate the segments of the same
signal and classify the different emotions, with and without the help of a linear layer at the end.

Table 6.2: Classification results with LSTM for segments aggregation.

Model Accuracy Individual Accuracies
Train  Validation Test Amusement Anger Disgust Sad Fear
LSTM (forward) 24.1 % 2727 %  22.09 % 14.29 % 0 % 17.39 % 0% 81.25 %
LSTM (backward) 2122%  18.18% 1628 % 0 % 0 % 0% 68.75% 18.75 %
LSTM + Linear 5627% 18.18% 3372 % 14.29 % 17.65% 82.61 % 0% 31.25 %
LSTM + Dropout (0.2) + Linear | 57.56 % 3636 %  32.56 % 2143 % 3529% 7391% 625% 625%

It can be observed that both forward and backward approaches achieved low results. In fact,
these were obtained within the first 10 epochs of training and the model was never able to improve
them by finding a better fit to the training data. Therefore, there was the need to use the full
potential of the bidirectional LSTM by combining both forward and backward outputs.

From the different experiments regarding temporal aggregation of the segments, the one which
used an LSTM followed by a linear layer with dropout brought the best results. Even though some
overfit is still present in this approach, the dropout was able to approximate the accuracy of the
validation dataset to the training dataset, thus reducing the overfit as intended. Note that this
last methodology is also the only one capable of identifying all classes. Despite achieving lower
results in comparison to the non-aggregated deep approach, these results can be in part due to the
signal-independent data partitions that are used to train and test the aggregation structures, which

becomes more demanding for the model, thus obtaining lower accuracies in the test dataset.

6.4 Conclusion

The present chapter focused on the application of deep learning techniques to the handcrafted
methodology presented in Chapter 5 regarding emotion recognition from ECG signals. These
deep learning techniques focused not only on feature extraction but also on the classification and
aggregation of segments.

Deep extracted features proved to be more efficient for the task at hand when compared to
handcrafted features, both classified with a similar MLP. In fact, when concatenating both, it

brought down the accuracy obtained with deep features only.
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Regarding aggregation, different methods could have been used. For instance, the mean and
standard-deviation values such as in Chapter 5. However, it would be expected that more complex
aggregation methods like MLPs and LSTMs would be able to obtain higher accuracies by being
more selective and potentially highlighting the parts of the signal more significant to the task.
Since the signals have very different lengths, from 32 s to 245 s, an LSTM was chosen to deal
with them due to its capacity to model both short-term and long-term dependencies in a sequence,
followed by a linear layer with dropout. Although the results were not as high in comparison to the
non-aggregated results, this can be justified by the fact that the scenario changes from completely
random to signal-independent, which difficulties the training of the model. Nevertheless, it is still

an improvement from the preliminary results obtained.



Chapter 7

Improvements on Facial Emotion
Recognition

7.1 Introduction

The initial work developed focused on attempting to replicate some state-of-the-art methods
already proven to be able to achieve good results regarding facial emotion recognition. However,
some improvements can still be explored. Therefore, in this chapter, these improvements will be
attempted by first evaluating if there is an advantage in joining the handcrafted features with the
deep ones and second in merging the different frames by making use of an LSTM in order to

obtain only one prediction per video.

7.2 Methods

Concatenation of deep and handcrafted features

So far, in Chapter 5, handcrafted features using the SIFT and BoWs methodologies and deep
features from the pre-trained Inception-ResNet-v1 were obtained. Similarly to the improvements
of the model from ECG signals in Chapter 6, the handcrafted and deep features were merged by a
simple concatenation. This aimed at verifying which set of features worked best.

The concatenation lead to a total number of 1842 features. Then, they were scaled to avoid
big differences between the two. Finally, they were evaluated using an MLP with one linear layer
and 5 neurons as in subsection 5.2.2. This classifier was trained for 200 epochs, with a batch size
of 100 samples, and a learning rate of 107#, having Adam as optimiser and cross entropy loss to
compute the loss between the inputs and the targets. An early stopping strategy was adopted, and
the model which presented the lower validation loss was saved. This training details remained the
same throughout the following sections of the present chapter.

Alike the methodologies developed to obtain the baseline, since this experiment considers the
individual frames as inputs of the classifier, the data division was performed in a random way, by

considering 80% of the data for training and 20% for testing as in section 5.2.3. Also, 10% of the
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training data was used for validation.

Temporal aggregation of frames with LSTM

At last, to obtain only one prediction per video, instead of per frame, the different frames
of the same video were aggregated with a bidirectional LSTM. Following the best approach to
aggregation seen using ECG signals in Chapter 6, the ten outputs from the LSTM were fed to a
linear layer with 5 neurons which mapped them to the final 5 categories, followed by a softmax
activation. A dropout layer was also added in between. A schematic representation of this model
can be seen in Figure 7.1.

It is important to remind that, in this experiment, the data division is applied to the full-length
videos instead of the individual frames. Therefore, the train, validation and test datasets are
signal-independent as described in section 5.2.3, which brings an additional challenge to the

model.
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Figure 7.1: Schematic representation of the pipeline adopted to concatenate both SIFT and deep
facial features and to aggregate the features of the different frames using an LSTM, followed by
dropout and a linear layer for final classification.

7.3 Results

Table 7.1 shows the results obtained from both the preliminary experiments, with either SIFT
features or deep features alone, and the results obtained when concatenating both attempting to
improve the facial emotion recognition model.

When concatenating the handcrafted with the deep extracted features, an increase in
performance was observed in all partitions of the dataset. Although the accuracies per class have
all seen an increase, the class that benefited the most from this concatenation was the disgust class.

It is curious that the two types of features alone were not able to successfully distinguish this class
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Table 7.1: Best classification results obtained using the SIFT features and/or the
InceptionResNet-V1 features.

Features Accuracy Individual Accuracies
Train  Validation Test Amusement Anger Disgust Sad Fear
SIFT 63.39% 61.07% 61.19% 56.67 % 5970 % 6.01 % 69.39% 69.54 %
Deep 7041 %  69.69 %  69.77 % 81.04 % 63.67 % 34.69% 73.30% 72.36 %
SIFT + Deep | 76.32%  75.19% 7495 % 85.37 % 69.82% 5753% 7T7745% 7413 %

from the others, but together the network is able to take advantage of both to hereby correctly
identify more than half of the signals labeled as disgust.

Contrarily to what was observed with the ECG signals in Chapter 6, these results show that
there is no overfitting in the model, and that it is able to generalize well to unseen data. This
indicates that for the face modality more complex methods could be developed to attempt to
achieve even better performances, while for the ECG modality, a simpler approach could be more
beneficial. Nevertheless, comparing these two unimodal approaches, the face stands out as the
strongest modality.

Table 7.2 shows the results obtained using an LSTM to aggregate the frames of the same video
followed by a linear layer to classify the different emotions, with and without the use of dropout in
between. From this table it can be observed that using an LSTM without dropout does not allow
the model to correctly learn from the data. In fact, these results were obtained only in the second
epoch of training and it represents the random model - i.e. only one class being predicted, leading
to an accuracy of 100 % divided by the number of classes. Looking further into training, the model

showed huge overfitting and no capability of generalizing, hence the importance of dropout.

Table 7.2: Classification results with LSTM for frames aggregation.

Model Accuracy Individual Accuracies
Train  Validation Test Amusement Anger Disgust Sad Fear
LSTM + Linear 2202% 2121% 1395% 100 % 0 % 0% 0% 0%
LSTM + Dropout (0.2) + Linear | 62.45% 2576 %  22.09 % 66.67 % 17.65% 13.64% 10.53% 18.75%
LSTM + Dropout (0.4) + Linear | 70.04 % 2576 % 1047 % 3333 % 0 % 0% 0% 31.25%

The addition of dropout allows the model to learn well from the training data, reaching
accuracy values similar to the ones observed before; however, these still show a weak capacity
for generalization, with the validation and test accuracies both falling short of the ones obtained in
the training phase.

Like in Chapter 6, this signal-independent data partition can be in part responsible for the
results obtained with the temporal aggregation. However, other differences between the two can
be discussed. Imagine a recording with 60 s - roughly equal to the average length of the recordings.
Once the division in 10 s ECG segments occurs, it creates 6 segments and, with the percentages
considered for data division, 5 segments would go to the train dataset and 1 to the test dataset.
Following the same reasoning for face videos, it creates 300 frames, with 240 frames going to the

train set and 60 to the test set. From this, it can be concluded that the model for emotion recognition
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from face frames receives 50 times more samples than the model from ECG segments, which has
been previously confirmed with the overview of the dataset present in subsection 5.3.1. Besides,
many consecutive frames are similar and, being present in both train and test datasets enables the
model to learn and adapt to all the data partitions much easier. In the temporal aggregated models,
the number of examples becomes equal to the original ones present in the dataset and this drastic
reduction in the number of samples, allied with the signal-independent partition, shows to be more
significant and therefore harsher in the facial emotion recognition model. To fight this, more data
is needed both by gathering more examples from the subjects already recorded and by recruiting
more subjects. Finally, feature selection methods could come at hand here due to the high number
of input features, some which may be irrelevant and others redundant, which can also be in be in
part responsible for the overfitting observed.

Nevertheless, a dropout of 0.2 seems more fit for the problem since it allows to identify all
classes, while a dropout of 0.4 does not.

In the temporal aggregation models, the results from the two unimodal models invert, with the
face modality showing a huge overfitting in comparison to the ECG modality. Here, similar to
the non-aggregated ECG model, the aggregated facial emotion recognition model could perhaps
benefit from a simpler approach. For instance, instead of a linear layer in the end, the outputs of

the forward and backward LSTMs could be merged with a simple sum, multiplication or average.

7.4 Conclusion

The present chapter focused on further improving the methodology presented in Chapter 5
regarding facial emotion recognition. It focused on joining together the previously handcrafted
and deep extracted features, and also on the aggregation of the different frames to obtain only one
prediction per video.

The concatenation of handcrafted and deep extracted features proved to be more efficient for
the task at hand when compared to both of these features alone. It brought enough information to
classify all categories adequately and therefore further experiments were conducted with this set
of features.

Regarding aggregation, the results fall short of the non-aggregated results, which can
be justified by not only the fact that the scenario changes from completely random to
signal-independent, but also by the harsh reduction in the number of samples for the model to

train and test on.



Chapter 8

Multimodal Emotion Recognition

8.1 Introduction

Having established two approaches for emotion recognition from face videos and ECG signals,
this chapter intends to evaluate if the fusion of the two modalities is able to achieve a better
performance. Therefore, one early fusion and two late fusion techniques were implemented and

are here compared.

8.2 Methods

Early fusion

Early fusion techniques aim at combining the features of the different modalities prior to
classification. In the previous two chapters, two different models were developed for emotion
recognition from the full length of the recordings, both for the face videos and the ECG signals.
The early fusion strategy developed aims at joining those two models. In summary, the features
of a pair of ECG signal and face video enter the model and each go through their separate
bidirectional LSTM, each with 5 hidden units. This results in 10 outputs from each LSTM, which
are concatenated together before passing through a linear layer which will map them to the final
5 classes using 5 neurons. As before, a dropout layer with a probability of 0.6 is also added
in between. This probability was chosen bearing in mind the results, since lower probabilities
would not allow the model to keep training past the first 5 epochs without overfitting. All of

these steps are trained together. A schematic representation of this model can be seen in Figure 8.1.

Late fusion

Late fusion techniques aim at combining the predictions of the classifiers of the different
modalities. Therefore, the same previous pre-trained models were used and the probabilities from
each signal and recording were extracted from the corresponding models. These probabilities were

then fused by two different methods:
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1. the sum rule, which sums the confidences/probabilities for a given class from each classifier

and chooses the class with the overall highest confidence as output.

2. the maximum rule, which for each sample takes the classifier that is most confident in its

output and chooses that one to make the final prediction.

A schematic representation of these models can be seen in Figure 8.2.
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Figure 8.1: Schematic representation of the pipeline adopted for the early fusion model.
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Figure 8.2: Schematic representation of the pipeline adopted for the late fusion model.
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8.3 Results

The results obtained for each modality individually as well as for the fusion of the two with early

and late fusion techniques can be seen in Table 8.1.

Table 8.1: Classification results with LSTM for frames aggregation.

. . Accuracy Individual Accuracies
Modality Fusion
Train  Validation Test Amusement Anger Disgust Sad Fear

ECG - 5756 % 3636 %  32.56 % 2143 % 3529% 7391% 625% 625%

Face - 6245% 2576 %  22.09 % 66.67 % 17.65% 13.64% 1053 % 18.75%

ECG + Face Early 64.62%  2537%  27.06 % 100 % 2353% 870% 6.67% 12.50 %
ECG + Face Late (sum) - % - % 57.65 % 100 % 5294 % 60.87 % 46.67% 31.25%
ECG + Face Late (maximum) - % - % 60.00 % 92.86 % 47.06 % 60.57 % 53.33% 37.50 %
Zhongmin et al. [88] | Early (MDBN) ‘ - - 80.89 % ‘ 89.25 % 90.74 % 52.60 % 86.45 % 85.42 %

On the one hand, the results for the early fusion model show that this suffers from the same
problems observed with the face videos alone in Chapter 7. High overfitting is observed, with a big
difference in performance between the different data partitions. More data could help the model
learn more representative patterns that would allow it to better generalize to unseen data, feature
selection methods could also help to eliminate irrelevant and redundant features, thus improving
the performance of the model, and a simpler model could prevent it from adapting so well to the
training data, leaving the other data partitions with such a different performance. On the other
hand, the results from both late fusion models show that these are able to take the best out of the
two individual models and combine them to obtain better predictions overall. Figure 8.3 visually
represents the results obtained from ECG signals alone, face videos alone, and both late fusion

techniques, for easier comparison.
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Figure 8.3: Comparison between accuracies obtained for the modalities, individually and
combined.

From the figure above, it can be observed that the face videos are better at identifying the

amusement class, while the ECG signals show a clear preference for the disgust class. Overall,
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both the sum and maximum rule surpass the performances of the individual models for all the
classes, except disgust. The advantage of fusion is most noticed for fear and sad classes, which
despite the low accuracies obtained by the unimodal models, the confidences of these are able to
complement each other and produce the right predictions when fused.

It is important to notice that, in the work of Zhongmin et al. [88], the disgust class was
identified as the most complicated one to recognise; however, the developed model does not follow
this behaviour, with disgust being the second most correctly identified class. Finally, despite the
fact that the developed model could not achieve such high accuracies as the one obtained by
Zhongmin et al. [88] with the same data, it still shows its worth by being in signal-independent
settings, which was not guaranteed by the authors. Also note that the results are not directly

comparable, since the authors consider four modalities, instead of two.

8.4 Conclusion

This chapter intended to develop multiple fusion methodologies in order to develop a bimodal
model from the unimodal models developed in Chapter 6 and 7.

The early fusion approach showed the same problems already observed in the facial model
alone, with huge overfitting. To fully understand the potential of this approach, more data is
needed to provide the model with many diverse examples and enable it to generalize well even for
unseen data.

Both late fusion approaches are simple and were able to take advantage of each unimodal
model to produce better results, thus satisfying the hypothesis that fusing different modalities is

beneficial for an emotion recognition task.



Chapter 9

Conclusion and Future Work

The main goal of this dissertation was to develop an emotion recognition model using both ECG
signals and face videos, to explore the hypothesis that multi-modality methods can perform better
than single-modality models. To achieve this, the fundamentals behind emotion modelling and
the different possible modalities were explored, reaching the conclusion that the two chosen

modalities are the most promising in terms of performance and robustness.

After getting acquainted with the several state-of-the-art methods for all the steps involved in
an emotion recognition model, the promising methodology of Zhongmin et al. [88] was replicated
to serve as a baseline for this work and to understand what improvements could be made. Missing
information in the original article made it difficult to accurately replicate the reported results.
Especially for ECG signals, the results obtained fell short of those reported by the authors, which
could be due to the number of assumptions that needed to be made. Moreover, their methodology
combined handcrafted and deep feature extraction from face videos, but only handcrafted feature
extraction from ECG signals, which left a possible improvement since deep learning methods seem
to be the current state-of-the-art due to their better results. Also, a limitation was encountered
regarding the division of ECG signals in segments and of face videos in frames. This division
allied to a random partition of the dataset lead to data from the same recording being present in

both train and test splits, which is an unrealistic scenario.

After pointing out the limitations and possible improvements of the baseline, different
improvements were explored and applied. Starting with the ECG, the methodology of Sarkar et
al. [65], further improved by Antunes [5], was chosen to extract deep features from a pre-trained
network. These features showed to be able to achieve the best performance in comparison to the
handcrafted features alone and to the concatenation of both. Therefore, these were considered
for further improvements. The results of the baseline regarding face information were already
satisfying, so one improvement was made, which consisted of concatenating both handcrafted
and deep extracted features, which in this modality proved to achieve even better results than
when considered separately. Furthermore, the problems regarding random data partition and the
consideration of ECG segments and video frames separately were tackled at once by the addition

of an LSTM. The LSTM receives as input the characteristics of subsequent segments/frames and
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returns a set of features representing the signal/video as a whole. This aggregation enabled the
division of the data into train and test datasets without containing elements of the same recording.
Despite being a much more realistic scenario, it proved to be much more difficult for the model,
especially for the face modality. This model showed a high overfit, which could be reduced by
giving the model more data to train on, which would allow it to learn representative patterns from
the samples instead of memorizing the training data and not being able to perform in unseen
data. Also, feature selection methods could be used in the future to reduce the number of features

entering the model, keeping only the most relevant ones to the task.

Having established two unimodal models, different fusion scenarios were explored to achieve
the final goal. To do so, one early fusion approach was first attempted which consisted of the
features of a pair of ECG signal and face video entering the model and each going through their
separate bidirectional LSTM. These results from each LSTM were then concatenated together
before passing through a linear layer which mapped them to the final 5 classes. All of these steps
were trained at once. The early fusion approach showed the same problems already observed in
the facial model alone, with huge overfitting. To fully understand the potential of this approach,
more data is needed to provide the model with many diverse examples and enable it to generalize

well even for unseen data.

Two late fusion techniques were then developed by combining the predictions of the previously
developed and pre-trained classifiers of the different modalities. The probabilities from each
signal and video recording were extracted from the corresponding classifier and these probabilities
were then fused by both the sum rule, which sums the confidences/probabilities for a given class
from each classifier and chooses the class with the highest confidence as the prediction, and the
maximum rule, which for each sample takes the classifier that is most confident in its output and
chooses that one to make the final prediction. Both late fusion approaches are simple and were
able to take advantage of each unimodal model to produce better results, thus achieving the final
goal and satisfying the hypothesis that fusing different modalities is beneficial for an emotion
recognition task.

In comparison to the initial work of Zhongmin et al. [88], this work was not able to achieve
such high values of accuracy. Nevertheless, it was developed under a much more realistic scenario
and was still able to achieve satisfying results despite only considering half of the modalities.
Future efforts should be made on the collection of more data to be able to provide the model with
realistic and diverse examples to train on, which would eventually allow it to generalize better to

different and unseen data.

Bearing all this in mind, future work should focus both on the data and on the development
of the models. Regarding the data, more recordings from the same subjects and more recordings
from different subjects would allow to create a more diverse dataset. This would allow to divide
the data into training and testing partitions not only in a signal-independent manner but also
subject-independent, which is ideal for real-world applications but hard to perform with a low
number of subjects. Also, more data is always needed to allow quality learning of the model

and avoid the overfitting phenomena. Still focusing on the data, the annotations need to be made
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carefully. Taking BioVid Emo DB [99] as an example, each recording is labeled as the emotion the
video intends to elicit in the participants. A better assessment of the participant’s emotional state
should be done and the labeling could even be performed per segments of the recording, since there
is no guarantee that the emotion is present throughout the whole recording. Regarding the models,
data with missing annotations can be used for unsupervised/self-supervised learning, resulting in
more generalized features rather than task-specific ones. Finally, other fusion techniques should
be explored, namely late fusion techniques due to their simplicity and proven results, especially

those which provide different weights to the classifiers.
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