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Abstract

Emotion Recognition (ER) is developing area within the artificial intelligence field that is
focused on comprehending and further interpreting of human emotions through various
modalities. Despite that, these approaches are often not ubiquitous as they are affected by
external factors. With recent physiology research connecting development of emotions
to the central nervous system, usage of brain signals became a highly practical option
for emotion recognition. One of the most promising methods of emotion recognition
using brain signals for emotion recognition involves using Electroencephalography
(EEQG). Despite being more complex than classical machine learning or deep learning
approaches, EEG-based emotion recognition is potentially more accurate and robust, with
applications in mental health monitoring, researches in applied physiology or human-
computer interactions. This thesis studies existing approaches of EEG-based emotion
recognition methods for private EMO2018 dataset. We adopted methods of Fast Fourier
Transform with additional processing for key features extraction and tested different
Deep Learning models. Our results show performances of utilized Deep learning models

with best accuracy of 88.6% from Hybrid Neural Network approach.
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Tiiiibituletus neljandat jarku loogikavalemitele
Liihikokkuvote:

Emotsioonide tuvastamine (ER) on tehisintellekti valdkonnas arenev ala, mis keskendub
inimemotsioonide mdistmisele ja tdlgendamisele erinevate modaliteetide kaudu. Vaata-
mata sellele ei ole need lihenemisviisid sageli kdikjal levinud, kuna neid mojutavad
vilised tegurid. Viimaste fiisioloogiauuringute kdigus on emotsioonide arengut seostatud
kesknirvisiisteemiga, mistottu on ajusignaalide kasutamine muutunud emotsioonide tu-
vastamisel viiga praktiliseks voimaluseks. Uks paljulubavamaid meetodeid emotsioonide
tuvastamiseks ajusignaalide abil holmab elektroentsefalograafia (EEG) kasutamist. Kuigi
EEG-pohine emotsioonide tuvastamine on keerulisem kui klassikalised masindppe voi
siivadppe ldhenemisviisid, on see potentsiaalselt tipsem ja vastupidavam, pakkudes
rakendusi vaimse tervise jalgimises, rakendusfiisioloogia uuringutes voi inimese ja arvuti
interaktsioonides. Kéesolevas uuringus analiiiisisime olemasolevaid EEG-pohiseid emot-
sioonide tuvastamise meetodeid EMO2018 privaatse andmekogu pdhjal. Kasutasime
kiire Fourier’ teisenduse (FFT) meetodeid koos tdiendava tootlemisega votmetunnuste er-
aldamiseks ja testisime erinevaid siivadppemudeleid. Meie tulemused néitavad kasutatud
stivadppemudelite sooritust, parima tidpsusega 88,6%, saavutatud hiibriidse nérvivorgu

ldhenemise abil.
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Terms, abbreviations and notations

ML - Machine Learning

NN - Neural Network

ANN - Artificial Neural Network

Al - Artificial Intelligence

EEG - Electroencephalogram

ER - Emotion recognition

PAD - Pleasure, Arousal, Dominance

P.A.D.A - Positive activation - negative activation
DFT - Discrete Fourier Transform

FFT - Fast Fourier Transform

CNN - Convolutional Neural Network

RNN - Recurrent Neural Network

LSTM - Long Short-Term Memory

SPWYVD - Smoothed pseudo Wigner—Ville distribution



1 Introduction

Emotion recognition is a process of identifying emotional state and, hereby, mental
state of a given human. With recent developments in artificial intelligence field, Human-
Computer Interaction systems have become more robust in automatic emotion recognition
from various modalities, of which, the most common ones include facial expressions,
gestures and speech.

These approaches, however proven not to be appropriately accurate [37], since the
feature extraction on those can be affected by external factors such as age, general
appearance, habits or language of a particular subject. Recent studies concluded that
emotions are to be recalled in the brain and central nervous system is directly related
to emotion development [18], bringing the argument to use brain signals as a novel
approach in emotion recognition. Electroencephalogram (EEG) signals, that record
electric impulses produced from neural activity, are a particular interest as they are
directly connected to brain activity.

On the one hand, EGG-based emotion recognition systems could potentially be more
reliable and robust than established classical approaches, and EEG has already proven
to be successful in various fields related to central nervous system [8-13]. On the other
hand, despite focused research on adopting EEG for emotion recognition, it still remains
a challenge, due to convoluted nature of EEG signals data structure for feature extraction
as well as complexity in measurements and definitions of human emotions [53].

The aim of this research is to explore relevant studies to identify the types of models
used on publicly available datasets. This will help build understanding and develop
and test a robust model for emotion recognition from EEG signals, using the private,
self-acquired dataset EMO2018.

The results of this study would be most applicable to any related future work with
EMO2018 dataset or its applications on emotion recognition, as well as general contribu-
tion to a field of research of EEG based emotion recognition. In addition, the implication
may also be extended into reflecting activities of central nervous system. Inspired models
could be adopted to improve mental state, in, for example, health check applications, and
improve user experience, in interfaces those can generate responses based on user state

of mind.



2 Literature review

Advances in the field of Neural Networks allowed for their rapid adoption in various
classification tasks and data processing. [47] utilized generic Convolutional Neural
Network (CNN) model (pre-trained on ImageNet dataset) with transfer learning approach
to improve validation accuracy (paper report an increase from 39.13% to 55.6%). In
addition, the following paper [33], while focusing on image classification, demonstrated
capabilities of Deep Convolutional Neural Network to achieve impressive prediction
accuracy (67.4% compared to 78.1% as of best reported paper [45]) using only super-
vised learning [9]. This yielded CNN models to become very popular method in facial
expressions based emotion recognition.

With development in Recurrent Neural Network (RNN) approaches, speech based
emotion recognition systems were introduced. In comparison to CNN models, it was
reported that extracted speech based features carried more valuable information regarding
specific emotion, despite facial expression features resulting in better performance [8].

Following the establishment of relations between emotion development and central
neural system, EEG based emotion recognition could potentially yield to better results.
The advantage of EEG data is to be minimally affected by human characterized external
factors, such as appearance, age, language and culture. Many approaches adopting
CNN, RNN variations and composite Neural Networks (NN) for emotion classification,

although difficult to compare.

2.1 Emotions

An emotion is a spontaneous yet complex feeling that implies a reaction of a human
subject to any particular event [52]. Even though a person could experience different
types of affective phenomena, such as, moods, feelings or attitudes, to a particular event,
those can simply be designated as emotions [43].

Different psychological studies have proposed various models for structuring emo-
tions, most commonly used are presented in Table 1, those can be separated into two
groups based on their dimensionality, particularly the two-dimensional models (2D) and
three-dimensional models (3D). 2D models describes emotions with two values, namely
valence, that is a measurement of positivity or negativity of an emotion, and arousal, that

is a measurement of intensity of an emotion. 3D models use same valence and arousal
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dimensions with an addition of dominance, that is a measurement of influence (or degree

of control) of an emotion, ranging from submissive to dominant.

Table 1. Most notable emotion models with model name, author and short summary

Model name Author Core concept/Details

Ekman’s model [15] | Paul Ekman Basic emotions separation to happi-
ness, fear, anger, disgust, surprise,
sadness

Parrot’s model [48] Parrot, W. G Basic emotions separation to joy,
sadness, anger, surprise, fear, love

Plutchik’s model [50] | Robert Plutchik Basic emotions separation to fear,

anger, disgust, sadness, surprise,
joy, trust, anticipation

PAD model [1] Albert Mehrabian and | 3D model based on pleasure,
James A. Russell arousal and dominance

Vector model [28] Bradley, M.M Arousal and valence vectors

Positive activation -| Watson and Tellegen | 2D model, y-axis representing low-

negative  activation to-high positive affect, x-axis low-

(P.A.D.A) model [62] to-high negative affect

2.2 Electroencephalogram

Electroencephalogram (EEG) is a medical, non-invasive procedure that reads brain
signals from electrical activity on the surface of the scalp. EEG works by measuring
current flow between dendrites of neurons in cerebral cortex during synaptic excitation
(e.g. brain cells activated).

In order to correctly identify and analyze EEG data it is important to have an under-
standing on brain structure and anatomy. The brain consists of three parts: cerebrum,
brainstem and cerebellum, of which, cerebrum is the largest. Cerebrum is further
separated into four distinct regions, namely lobes, that is frontal, pariental, occipital,
temporal.

EEG data acquisition is typically done by placing a number of electrodes on subject
scalp and providing a stimuli to induce emotional response. For emotion recognition
the International 10/20 electrode placement (shown in Figure 1) is most commonly used
[20]; this methodology was also employed in the EMO2018 dataset. A stimuli is often
any audio-video piece of information (emotional photos, videos, audio recordings) or
an emotional event that is used to record EEG signal data; EMO2018 dataset adopted a

hybrid trigger in a form of video information (emotional words, faces and certain images)
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coupled with emotional tasks of how a subject should express the certain emotion.
Resulting EEG data consists of waveform signals, each corresponding to the electrode

placed, ranging in 0.5 to 100 'V [58]. For EEG data analysis, a signal frequency spectrum

(using Fourier transformations) is used as it can demonstrate a contribution for each

frequency, that is very useful specifically for EEG-based Emotion Recognition [25].

@@@@@@@ "

Figure 1. Visualisation of 10/20 system electrode placement from top head view [34].
Adjacent electrodes are in 10% or 20% distance of skull front-to-back and left-to-right
measurements
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2.3 Features of EEG signal

The most important step in developing any Human-Computer Interface (HCI) based
system, especially emotion recognition systems, is to correctly identify key features.
For an EEG signal, useful characteristics could be extracted from spatial information,
spectral information and temporal information [39], those show relation of data points to
some location, distribution of signal magnitudes across frequencies and signal changes
over some range of time, respectively. Regarding EEG features, those could be utilized
to acquire relation of each signal to specifically placed electrode it originates from,
contribution of different frequencies to each signal and changes in brain electric activity
over specific time interval.

Resulting EEG features could be generally separated into time domain, frequency
domain and time-frequency domain. Even thought time-domain features are considered
to be informative for emotion states classifying, those were utilized in many related
studies, using different methods as statistical measurements [60], for example, Non-
Stationary Index (NSI), Higher Order Crossings (HOC) [49], Hjorth features [6], Fractal
Dimension (FD) [55] [38] and Event Related Potentials (ERP) [16].

On the other hand, frequency domain features was used by the majority of studies
[4], as those can suggest on predominant frequencies in reaction to emotion stimuli,
resulting more useful learning patters for classification. Raw data, that is represented
in time domain, can be transformed into frequency domain by the means of Discrete
Fourier Transform (DFT) [56] and those popular derivatives: Fast Fourier Transform
(FFT) [14], highly optimized algorithm to perform DFT on data and Short-time Fourier
Transform, that performs DFT on slices of times series of data.

As reported in the following paper [3], FFT may have performance problems when
dealing with non-linear and non-stationary signal type as EEG. To overcome this, data
can be transformed into time-frequency domain, using very popular method, namely
Wavelet Transform, that has proved to be well-optimized for analysis in both time and
frequency domains [46]. Wavelet Transform can be separated into two types, namely
Continuous Wavelet Transform (CWT) and Discrete Wavelet Transform (DWT). In EEG
based emotion recognition, utilizing Discrete Wavelet Transform (DWT) is a common
choice, as it decomposes a signal into sub-bands, allowing for better feature extraction as

well as removing noise.
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2.4 Machine learning

Machine learning (ML) is a branch of artificial intelligence (AI) that focuses on develop-
ing autonomous computer algorithms capable of self-improving over a period of time
on various forms of data, thus resembling human-like intelligence. At the core of any
machine learning algorithm, typically referred to as a model, is minimization of a loss
function that quantifies the difference between the predicted output and actual target
values. An ML model is capable of enhancing its prediction accuracy of a given task
through a learning process, which is done by changing values or structures of its inner
components. Producing a model consists of running it on a training set, that will be used
by the model to learn and testing model output on a separate testing set. In a machine
learning approach, it is typical to adopt, test and compare multiple ML models with
numerous parameters to achieve a state-of-art solution for a given task.

Traditional machine learning algorithms, characterized by their relatively simpler
structure and improved interpretation, can be referred as shallow learning algorithms.
Despite the fact of requiring extensive data and feature preparation, these are very
commonly used as classifiers for emotion recognition, bearing in mind that feature
extraction from EEG signal is complex task. It is to note that the majority of related
studies adopted multiple classifiers, among which the most comprehensive ones were

Support Vector Machine (SVM) and its variations and K-Nearest Neighbor (kNN) [4].

2.5 Deep learning

In a wide realm of machine learning algorithms some models are engineered as intercon-
nected networks, with numerous nodes, namely neurons, and connections between them,
namely edges, organized into separate groups, namely layers, resembling a structure
similar to a human brain. A typical model of such type has an input layer for the input
values, several hidden layers, where data processing is taking place and an output layer.
Corresponding model is termed as an Artificial Neural Network.

In Artificial Neural Networks (ANN), each neuron is a function, namely an activation
function, that takes an input data, some sort of a signal, represented as numerical value,
and produces an output. Predominantly, the architecture of multilayered network implies
a unidirectional flow of data [2] from input layer neurons to output layer neurons via

connections between them. Each connection has an assigned weight to it, represented
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as numerical value, which acts as a scaling factor, determining the significance of
corresponding neuron output. A particular output of a neuron is computed from the
weighted sum of its connected input neurons, bias term associated with the neuron and

its activation function:

n

i=1
Output; = Activation(z; + b;) )
where:
* n is number of neurons in the previous layer

* w;j 1s weighted sum of previous layer’s neurons connected to neuron j

a; is the output of activation function of neuron ¢ in previous layer

b; is a bias represented as constant numerical value.

Activation is the activation function of current neuron.

The main configuration of ANN that defines how well it performs, namely accuracy,
on a given dataset is its weights values. Unlike shallow learning algorithms, where data
and features must be carefully engineered, the architecture of Artificial Neural Networks
allows it to train itself by feeding on some training data with patterns and adjusting
weights according to some loss function. In addition, weights could also be set explicitly,

by using some pre-trained data.

2.6 Deep learning in EEG-based emotion recognition

With advancements in deep learning techniques, usage of neural networks of various
types as data classifiers became a common way to produce robust and efficient models.
This is particularly notable in the field of EEG-based emotion recognition, allowing more
comprehensive ways to interpret neurological data and subsequent feature extraction. The
usage of neural network models such as Convolutional Neural Networks and Recurrent

Neural Networks leveraged leveraged extraction of subtle patterns from EEG signals
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with commendable accuracy. Acquired results contribute to developments of more

sophisticated response generative application and Human-Computer Interfaces.

2.6.1 Convolutional Neural Networks

The working principle of Convolutional Neural Network (CNN) is fundamentally the
same as with typical neural network, in terms of being a network of interconnected
neurons with weighted connections and biases. However, the main difference, and
fundamental building block of any Convolutional Neural Networks is the presence and
usage of convolution layers.

Convolution layers use filters, namely kernels, matrices of small size (usually 3-by-3
or 5-by-5), to perform a convolution operation upon spatial input data. Performing
a convolution operation on a given two-dimensional input consists of sliding kernel
across the input and performing element-wise multiplication, which, in the end, results

in convolution of input data with kernel values (Figure 2).

—T 1
Source pixel { 0 }/ 0
St
3 4 2T al A (1x3)+10x0)+(1x1) +
—1 {6/12 (2x2)+(0x6) +(2x2) +
|2 T3 1] (1x2)+(0x4)+(1x1) =-3
2 e e A .
| 2]
L Ts b T
| = L1 2 =g 1
2 6 |1 3 [ il | | —1
B 0B [
e T
2 0| 24— | L1
L1 L— ey
2] 1
Convolution filter |1
(Sobel G) =
Destination pixel /./ L1
| -
//
//

Figure 2. Visual example of convolution operation on spatial input with 3x3 kernel size

[5]
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It is to be noted that the resulting width and height of an output, compared to
ones of input, are decreasing with each convolution operation. This is because the
convolution operation is applied on the neighboring area, with the same size as kernel, of
the target value, therefore excluding values of "vertical edges" and "horizontal edges"
from calculations as those would be out of bounds. Expanding on this, convolution
process can be controlled with parameters Stride s and Padding p, those determine a
step size for kernel movement and number of extra values, typically zeroes, to be added
around an input data, respectively. The nature of convolution operations allows them
to be used as robust method of feature extraction, which is the principle within the
Convolution layers of CNN models

In comparison to traditional ANNs, the concept of a neuron (described in section
2.5), regarding connections, operations and output, differs significantly in CNN, where a
neuron is organized into feature maps, produced by convolution with kernels. In addition,
kernels act as weights [32] those values are adjusted during training, thus controlling the
contribution level of neighbouring data at target input. The level of extracted features
increases along the layers of CNN, with the first layers contributing to basic, low-level
features (for example, edges, lines, contours in case of any image-based classification
tasks) and highest-level features being extracted in the last convolution layer [51]. In this
manner, the output of a particular feature map is computed from the weighted sum of
its connected inputs, bias term and its activation function. With input data / of shape
H x W and kernel K with of shape ky x ky, a feature map S at given position (4, 7) can

be calculated as follows:

ke —1 Ky —1

=Y > I(i+mj+m) K(m,n) 3)
m=0 n=0

Output (i, j) = Activation(z + b) 4)

where
* 2 is weighted sum, expressed for spatial dimensional data,
¢ b is a bias term,

* Activation is the activation function (typically, ReLU).
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Apart from Convolutional layers, models built with CNN architecture utilizes Pooling
layers for decreasing the number of parameters, hence computational power required,
Fully Connected (FC) layers, that interconnect all neurons between the previous and
next layers, therefore combining learned features, Dropout layers that are to prevent a
model from overfitting by neglecting input of some fraction of neurons from the previous
layer and Batch Normalization layers, that normalizes inputs with the aim of improving
training efficiency (Figure 3).

C3: feature maps

S4: pooled maps
C1: feature maps 128@30x30 p p

B4@74xT4 S2: pooled maps

64@37x37
(=1
8x8 2x2 8x8 2x2

Figure 3. Architecture of CNN model layers. Adopted model was used to detect mitosis
in breast cancer pathology images [59]

CNN classifiers of EEG features

Despite CNNs being most commonly associated with image feature extractions [40],
they are generally capable of processing any data that reflects spatial characteristics,
including signal data. Pre-trained CNN model InceptionResnetV2 (modified with Global
Average Pooling layer and extra Fully Connected layers) has been used [11] with four
asymmetrical pairs of electrodes (AF1, F3, F4, F7, T7, AF2, F5, F8, and T8 from
frontal and temporal lobes) as features. A Positive-Negative-Neutral and binary (Positive-
Negative) classification was performed on arousal on public datasets DEAP [30] and
SEED [66], respectively.

Several pre-trained CNN models with classic architectures were used in comparison
to configure CNN [29] with SPWVD method [12] to transform raw signal data into
image form. Classification was performed for 4 classes (fear, relax, happy, sad) with
average validation accuracy of >92% among all models. Surprisingly, the confusion
matrix reveals that the accuracy for classifying the "happy’ emotion is 87%, which is
notably lower than the average accuracy. Similar signal processing approach was also
utilized in predictions for valence and arousal [23] on multiple datasets with different

number of emotion classes, resulting in relatively good accuracy.
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Although the accuracy of classic CNN and image pre-trained models might be
sufficient, those struggle to perform on different datasets and classes, that implies
engineering more dedicated and complex system for this task. Approaches utilizing
modified CNN methods (DE-CNN [61], HCNN [35], MC-CNN [42], PCRNN [67],

RA-CNN [24]) have demonstrated an improved performance.

2.6.2 Long Short-Term Memory networks

Long Short-Term Memory (LSTM) networks are a subset of Recurrent Neural Networks
(RNNs). Unlike majority of deep learning networks encompassing unidirectional, for-
ward flow of data, in Recurrent Neural Networks neurons are capable of sending feedback
signals down the layers. This allows for RNNs to remember and utilize the information
from previous inputs, making them very effective for tasks, where order and context of
data is important, for example, EEG recordings analysis.

However, it has been discovered that RNNs could not train on long-sequence data,
due to vanishing gradient problem [31]. Recurrent Neural Networks are trained using
Backpropagation Through Time (BPTT), a variant of backpropagation, that computes
gradient of the loss function with respect to the weights at each time step. With weights
becoming smaller, gradients decrease exponentially, resulting in less significant weights
updates until those become negligible, which is inevitable for long sequence data. In
LSTM networks this was overcome by introducing a gate system that is to maintain the
flow of data across Recurrent layers for gradient descend calculations. This has heavily
contributed to various fields of RNNs, including speech recognition, text translations and
voice assistant applications [63].

With this improvement, LSTM models have become a very popular choice for EEG
signal feature extraction in emotion recognition. Following article [57] proposed a
Bimodal LSTM model, consisting of one classification layer and two LSTM encoders
for EEG feature extraction, using the SEED and DEAP datasets. Results demonstrated
higher accuracy than similar papers [36], [65] proving LSTM to be a good option
for classification. This paper [41] used LSTM model with attention mechanism on

multichannel EEG data.
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2.6.3 Hybrid Neural Networks

Hybrid Neural Networks (Hybrid NNs) is a sophisticated class of neural network ar-
chitecture, that consists of layers from different types of neural networks (for example,
convolution layers from CNN and recurrent layers from RNN), to leverage their unique
strengths. This structure allows for Hybrid NN to outperform most traditional models
(those that utilize a single type of their characteristic layer, for example, convolution
layers in CNN) even with some degree of modification and configuration.

LSTM network approach introduced in [19] laid groundwork for combining LTSM
with other network types, following with more dedicated hybrid network composition
[17], [64]. Most of Hybrid NN applications in EEG emotion recognition, utilize CNN
and LSTM types of layers [22, 21, 10].
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3 Aims of the thesis

Preliminary to the field of EEG based automatic emotion recognition, this thesis aims
to engineer a model for emotion recognition on electroencephalogram (EEG) data from
a private dataset EMO2018. It was developed in Attention, Behavior and Cognition
(ABC) lab in the Institute of Psychology and the Intelligent Computer Vision (iCV) lab
in the Institute of Technology at the University of Tartu and described in [26]. EM02018
consists multi modal data of reaction to emotion stimuli, namely EEG signals and facial

expression recordings. The specific objectives of the researched are as follows:
* Review and evaluate existing approaches on EEG based emotion recognition;

* Design and develop thorough emotion recognition model that can be further used

with EMO2018 dataset.
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4 Methodology

The following chapter introduces selected methods and gives an overview of adopted
resources. Section 4.1 overviews utilized EMO2018 dataset, process of data acquisition
and structure of data records. Features extraction methods and reasoning are depicted in
Section 4.2. Lastly, characteristics and architecture of used models as well as training

process is presented in Section 4.3.

4.1 Dataset

Most of existing studies in the related field have predominantly relied on publicly
available datasets for their experimentation. Among these, the most frequently utilized
are described in the Table 2, highlighting eminent features.

This thesis, however, is focused on working with private, self-acquired dataset
EMO2018 which consist of multi modal data of EEG signals and videos of facial

expressions with key features for EEG listed in the table Table 3.

Table 2. Details of popular public datasets for EEG emotion recognition

Dataset Labels EEG character-
istics

DEAP [30] Arousal, Valence, Dominance, Liking, Fa- | 32-channel, 512

miliarity Hz

SEED [13] Positive, Negative, Neutral 62-channel, 200-
1000 Hz

DREAMER [27] | Valence, Arousal, Dominance 14-channel,
128Hz

MANHOB-HCI | Arousal, Dominance, Valence, Predictability, | 32-channel

[54] Emotional keywords

Table 3. Characteristics of EM0O2018 EEG data features

Feature characteristics | Feature value

Number of samples 26432

Number of channels 80

Frequency range 0-104 Hz

Labels Anger, disgust, fear, happiness, neutral, sadness, surprise
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4.1.1 Data acquisition

Data gathering was done in multiple sessions across several months and included a total
number of 118 subjects. Each participant had a unique identifier assigned that enables
a cross link between all experiments and modalities. The experiment consisted of four

preliminaries:

1. Mirroring - participant is asked to mimic an emotion depicted using Ekman’s
facial expressions [44] with 7 emotions (anger, disgust, contempt, sad, joy, surprise,
fear) and 6 repetitions, each describing same emotion but using different person
facial expression. Resulting EEG signals from this condition were used for futher

analysis.

2. Expressing - participant is asked to express an emotion depicted by words on the
screen, namely anger, disgust, happiness, neutral, sadness, surprise, fear with 7

words and 6 repetitions.

3. Over expressing - participant is asked to express an emotion on their face as purely
as possible. Emotions are depicted using 2 sets of images from International

Affective Picture System (IAPS) [7] with 7 images in each set and 5 repetitions.

4. Under expressing - participant is asked to hide any emotional response on their
face as best as they can, using IAPS images and same approach as in previous

condition.

For each session the order of the four above mentioned preliminaries was randomized
and in the middle of the session the order of last two conditions was switched for next
participant’s session. The reason for that is to prevent any possible misleading results
that may occur from repetition of same sequence of trials over many times.

The experiment was conducted in an electrically shielded lab to minimize electro-
magnetic interference from equipment and surroundings and enhance signal-to-noise

ratio, improving the data quality.
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4.1.2 Data organisation

Data is organized in two sets consisting of EEG signal data for each participant (in
.bdf format) and labeling data (in .zxt format) containing timestamps and labels for
when the particular emotion in any experiment was expressed. EEG data and annotation
files linked through file name that is constructed with unique participant ID and some
metadata. Each pair of corresponding signal and labeling files encompass the data of the
whole experiment of a specific subject. Example EEG signal for one of the probes for
one of the emotions can be seen on Figure 4.

Each line in a label file is associated with annotations of particular sub-experiment
mentioned in 4.1.1 and can be linked with its corresponding condition. These annotations
include experiment name, start time of expression, stop time of expression, emotion,
emotion intensity and other meta data.

In this thesis, we concentrate on the analysis of data from Ekman’s facial expressions
experiment. The rationale behind using images of individuals displaying emotions is that
such visual stimuli are likely to elicit stronger resonance with participants. Consequently,
this approach is anticipated to yield EEG signals that more accurately reflect real-life

emotional responses, thereby enhancing the reliability of emotion prediction.

EEG Signal

—0.00910 1

—0.00915 1

—0.00920

—0.00925 4

Amplitude

—0.00930

—0.00935

—0.00940
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Figure 4. Example EEG signal from probe T7 for one the participants expressing happy
emotion.
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EMO2018 dataset International 10/20 electrode positioning encompasses signals

spatial information totaling in 80 channels, consisting of 74 scalp-placed and 6 facial

electrodes (Figure 5).
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Figure 5. Electrodes placement for EEG signal reading: a) scalp electrodes with top head
view, face is located the direction of the face is positioned upwards. b) facial electrodes.
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4.2 Feature extraction

The feature extraction process is a critical step in analyzing EEG data for emotion
prediction. Various approaches were employed to extract meaningful features from the
raw EEG signals to enhance the accuracy of emotion prediction models.

Initially, five EEG signals were selected from four primary brain lobes (frontal,
parietal, temporal, occipital) and the central region. This selection was based on the
hypothesis that these regions play significant roles in emotional processing and response.
To transform the time-domain EEG signals into the frequency domain, signal de-trending
Fast Fourier Transform (FFT) was employed. This transformation aimed to capture
the frequency components of the EEG signals, which are believed to carry essential
information about brain activity associated with emotional states. The extracted frequency
components were then used as input features for simple neural network models, including
Support Vector Machines (SVM), Random Forest classifiers, and Fully Connected (FC)
Neural Networks. Despite the theoretical advantages, these initial attempts did not yield
satisfactory predictive performance. Example frequency spectrum generated by fft on
one of the probes can be seen on Figure 6.

To explore alternative feature representations, raw EEG signals were subsequently
fed directly into more complex neural network architectures, such as Long Short-Term
Memory (LSTM) networks and Convolutional Neural Networks (CNN). The rationale
was that these models could potentially learn relevant features directly from the raw data
without the need for explicit feature engineering. However, this approach also proved
ineffective, with models exhibiting low accuracy in predicting emotional states.

Recognizing the need for a more comprehensive analysis, all 76 EEG signals were
included in the feature extraction process. Both the initial FFT-based approach and the
raw signal approach were reapplied to this extended signal set, yet neither method im-
proved prediction accuracy substantially. Consequently, a more refined feature extraction
process was implemented by applying FFT to all 76 EEG signals, and from each signal,
the 10 most dominant frequencies within the range of 0-110 Hz were selected. This
selection was based on the understanding that dominant frequencies could better capture
the essential aspects of brain activity related to emotions. This process resulted in a
comprehensive feature set comprising 760 inputs (76 signals x 10 frequencies per signal),

which was then used as input for various advanced neural network architectures.
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Figure 6. Example frequency spectrum of EEG signal from probe T7 for one the
participants expressing happy emotion.

4.3 Model development

The model development process involved the construction and evaluation of three ad-
vanced neural network architectures to predict emotions from EEG data. These archi-
tectures were designed to leverage the extracted features from the 10 most dominant
frequencies of each of the 76 EEG signals, resulting in a comprehensive feature set of

760 inputs. The following neural network models were employed:

EmotionCNN

The first model, EmotionCNN, focused purely on convolutional layers to extract spatial
features from the frequency domain. This model aimed to capture local patterns and
hierarchies within the frequency features, leveraging the power of deep convolutional
networks.

The architecture of EmotionCNN includes:

* Convolutional Layers: Three convolutional layers with batch normalization and

max-pooling operations extract hierarchical spatial features from the input data.

* Fully Connected Layers: The output of the convolutional layers is flattened and
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passed through fully connected layers with dropout for regularization, leading to

the final emotion prediction.

EmotionLSTM

The second model, EmotionLSTM, employed bidirectional LSTM layers to capture
the temporal dependencies in the EEG data. This model was designed to utilize the
sequential nature of the frequency features, providing a robust representation of the
temporal patterns associated with different emotional states.

The architecture of EmotionLSTM is as follows:

e LSTM Layers: The input features are processed by bidirectional LSTM layers,

which capture temporal dependencies from both directions.

* Batch Normalization and Dropout: The output of the LSTM layers undergoes

batch normalization and dropout to improve generalization and prevent overfitting.

* Fully Connected Layer: The final output is passed through a fully connected layer

to produce the emotion prediction.

Advanced EmotionNet with CNN, Bidirectional LSTM, and Attention

The third model, AdvancedEmotionNet, integrated convolutional layers, bidirectional
LSTM layers, and an attention mechanism to capture both spatial and temporal dependen-
cies in the EEG data. The convolutional layers extracted local features, which were then
processed by the LSTM layers to capture temporal patterns. The attention mechanism
was employed to focus on the most relevant parts of the sequence data, enhancing the
model’s ability to predict emotional states accurately.

The architecture of AdvancedEmotionNet is as follows:

* Convolutional Layers: The input features are passed through two convolutional
layers with batch normalization and max-pooling operations to extract and down-

sample local features.

* LSTM Layers: The processed features are then fed into bidirectional LSTM
layers, which capture the temporal dependencies from both forward and backward

directions.
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» Attention Layer: The output of the LSTM layers is processed by an attention
mechanism, which helps the model focus on the most relevant parts of the hidden

states.

* Fully Connected Layers: Finally, the output is passed through fully connected

layers with dropout for regularization, leading to the final emotion prediction.

The graphical representations of all 3 networks can be seen on Figure 7.
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Figure 7. Graphical representations of constructed networks: (a) CNN based network, (b)
LSTM based network, (c) Advanced network with LSTM, CNN and attention mechanism.
A full-size version of figures is available in Appendix II.
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4.3.1 Training process

For all models, the training process involved standard practices such as data normalization,
splitting the dataset into training and testing sets, and applying cross-validation to ensure
robustness. The models were trained on a comodity graphics card using ’Adam’ optimizer.
Techniques such as early stopping and learning rate annealing were employed to prevent
overfitting and ensure optimal convergence. Hyperparameters such as learning rate, batch
size, number of layers, and number of hidden units were carefully tuned using grid search.
All networks were trained for 150 epochs. The performance of the models was evaluated
using standard metrics such as accuracy, precision, recall, and F1-score. Cross-validation
was employed to ensure the robustness and generalizability of the models.

The iterative process of model training and refinement underscores the importance
of combining advanced feature extraction techniques with sophisticated neural network
architectures to achieve high-performance emotion prediction from EEG data. The
successful application of these models highlights their potential in capturing the complex,

multifaceted nature of emotional brain activity.
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5 Results

The initial attempts at emotion prediction using EEG data were characterized by low
accuracy rates, consistently falling below 20%. These early models, which included
Support Vector Machines (SVM), Random Forest classifiers, and Fully Connected (FC)
Neural Networks, were trained using features extracted from Fast Fourier Transform
(FFT) of five selected EEG signals. Despite various efforts to optimize these models,
including hyperparameter tuning and cross-validation, the performance remained unsatis-
factory. Similarly, models trained on raw EEG signals using Long Short-Term Memory
(LSTM) networks and Convolutional Neural Networks (CNN) also failed to produce

significant improvements, with accuracy rates still below the 20%.

5.1 Advanced Model Training and Successful Results

A breakthrough was achieved with the implementation of more advanced neural network
architectures and comprehensive feature extraction techniques. Three primary models
were developed and tested: EmotionCNN, EmotionLSTM and AdvancedEmotionNet
described in Section 4.3. These models were trained using the 10 most dominant
frequencies from each of the 76 EEG signals, resulting in a feature set of 760 inputs. The
following sections describe the training process and the successful results obtained.
The models were trained for 150 epochs with a batch size of 32. Both the LSTM-
based models and the AdvancedEmotionNet employed two hidden layers, each with 256
hidden units. The training process involved standard optimization techniques such as
Adam optimizer, early stopping, and learning rate annealing to ensure optimal conver-

gence and prevent overfitting.

5.1.1 EmotionCNN Results

EmotionCNN, relying solely on convolutional layers, failed to improve previous unsuc-
cessful results, falling bellow the accuracy of 20%. This highlighted that relying only
on spacial features might not be enaugh to accurately capture all the necessary data.
Training loss plot and confusion matrix for this network can be seen on Figure 8 and

Figure 9, respectively.
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Figure 9. Confusion matrix for EmotionCNN network predictions.
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Figure 8. Loss plot for EmotionCNN network.
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5.1.2 EmotionLSTM Results

The EmotionLSTM model, utilizing bidirectional LSTM layers, effectively learned
temporal dependencies in the EEG data, achieving training accuracy of 96.7% and
validation accuracy of 87.4%. This model also performed greatly, showcasing the

importance of capturing sequential patterns in the data. Training loss plot and confusion
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matrix for this network can be seen on Figure 10 and Figure 11, respectively.
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Figure 10. Loss plot for EmotionLSTM network.
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Figure 11. Confusion matrix for EmotionLSTM network predictions.
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5.1.3 AdvancedEmotionNet Results

The AdvancedEmotionNet, which uses Hybrid Neural Network approach, integrates
convolutional layers, bidirectional LSTM layers, and an attention mechanism, achieved
the highest accuracy among the tested models scoring 98.5% on training and 88.6% on
validation. This model successfully captured both spatial and temporal dependencies in
the EEG data, resulting in robust emotion prediction. Training loss plot and confusion

matrix for this network can be seen on Figure 12 and Figure 13 respectively.
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Figure 12. Loss plot for AdvancedEmotionNet network.

32



advancedemotionnet Confusion Matrix

-70

anger
|

-60

True labels
happiness fear disgust

neutral

sadness

61

surprise

i
disgust fear happiness neutral sadness surprise
Predicted labels

anger

Figure 13. Confusion matrix for AdvancedEmotionNet network predictions.
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6 Discussion

The results from the advanced neural network architectures demonstrate significant
improvements over initial attempts. The AdvancedEmotionNet and EmotionLSTM
models showed the highest accuracy, highlighting the importance of capturing both
spatial and temporal dependencies in the EEG data for robust emotion prediction.

The AdvancedEmotionNet’s integration of convolutional layers, bidirectional LSTM
layers, and an attention mechanism proved particularly effective. The convolutional
layers extracted essential local features, while the bidirectional LSTM layers captured
the temporal patterns from both directions. The attention mechanism further enhanced
the model by allowing it to focus on the most relevant parts of the input sequence. This
combination resulted in the highest accuracy among the tested models, demonstrating its
potential for practical applications in emotion recognition using EEG data.

The EmotionLSTM model also performed well, emphasizing the significance of
temporal dependencies in EEG signals. The bidirectional LSTM layers effectively
captured the sequential patterns, contributing to high prediction accuracy. This model’s
success further validates the importance of utilizing LSTM networks for time-series data
like EEG.

On the other hand, the EmotionCNN model did not achieve the desired accuracy,
indicating that spatial features alone are insufficient for accurate emotion prediction from
EEG signals. This suggests that future work should focus on models that can capture
both spatial and temporal features to enhance performance or further investigate other
ways of feature extraction that can be suited for CNN networks.

These findings highlight the critical role of advanced feature extraction and neural
network architectures in improving emotion prediction accuracy from EEG data. The
successful application of these models underscores their potential in various domains,
including mental health monitoring, human-computer interaction, and applied physiology

research.
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7 Conclusion

In this research we explored EEG signals for automatic emotion recognition, evaluat-
ing and improving existing approaches on related field on EMO2018 dataset, private
collection of EEG recordings. We have compared the performance of Convolutional
Neural Networks (CNNs), Long Short-Term Memory networks (LSTMs), with numerous
configurations, and a Hybrid Neural Network (Hybrid NN) that integrated convolution
layers, recurrent layers and attention mechanisms.

Our experiments demonstrated that Hybrid Neural Network, with above mentioned
structure, had the best results with accuracy of 98.5% on training and 88.6% on validation,
proving it to be competent of extracting both spatial and temporal information for feature
extraction. On the other hand, the application of CNN model revealed that spatial feature
extraction alone might not be sufficient.

Future work could explore further enhancements, such as combining additional
physiological signals with EEG data, experimenting with different neural network ar-
chitectures, and applying transfer learning techniques to leverage pre-trained models
on larger, diverse datasets. Additionally, improving the interpretability of these models
could provide deeper insights into the neural correlates of emotions, contributing to both

scientific understanding and practical applications.
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Appendix

I. Figures
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Figure 14. Graphical visualization of EmotionCNN network structure in full-size
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Figure 15. Graphical visualization of EmotionLSTM network structure in full-size
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Figure 16. Graphical visualization of AdvancedEmotionNet network structure in full-size
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