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Abstract

The major challenge in any electroencephalogram (EEG) classification task lies with
in the dilemma of feature extraction, as raw time series signal provide little correlated
information, yet it holds colossal varieties of hidden feature patterns. Frequency
domain transformations are considered state of the art to tackle such complexity.
Nevertheless such conventional feature extraction techniques for instance; discrete
wavelet transformation (DWT), short time Fourier transform (STFT), differential
entropy or classical non-parametric power spectral density (PSD) estimation models
are computationally expensive as they demonstrate high computational complexity
and extensive run time. Consequently artificial intelligence driven multi channel
EEG based systems struggles to process neural information in real time and such
barrier minimizes the dynamics of relevant human computer interaction (HCI) and
brain computer interaction (BCI) applications. Multiple Signal Classification Algo-
rithm (MUSIC) is an eigen decomposition based parametric PSD estimation model,
which solely uses linear transformation rather than computing windowed periodi-
gram from autocorrelted function of the targeted signal for transformation. Hence
MUSIC algorithm should demonstrate lesser time complexity and run time than
contemporary classical non-parametric PSD models. Nevertheless this particular
model is relatively unexplored for such feature extraction task specifically in the
area of emotion recognition, as the model is difficult to implement in terms of EEG
signals which demonstrate random behaviour. Our research investigates the perfor-
mance of MUSIC algorithm in feature extraction task for emotion recognition from
multi channel EEG signals and compares its performance with conventional classical
non parametric models. It also clarifies the complexity in subspace estimations for
EEG waveforms through in detailed analysis, which are indispensable parameters
for implementing any eigen decomposition based models in such particular cases.
Our proposed model derived state of the art 5-fold cross validation accuracies of
97% and 97.4% for Multi Layer Perceptron (MLP) network and Hybrid Long Term
Short Memory (LSTM)-MLP network, respectively on the SEED emotional dataset.
The proposed MUSIC model optimizes 95% —96% run time comparing with conven-
tional classical non-parametric techniques for feature extraction. With exceptional
0.01 sec. machine specific run time for feature extraction task, the proposed model
shows great prospect in real time applications. Network performance and advanced
visualization techniques demonstrate the MUSIC model based feature space holds
significant superiority over non-parametric model generated feature space. Addi-
tionally the research also found extensive flaws in the widely popular SEED dataset,
which were ignored in previously. Over 17% trials were found to hold multiple cor-
rupt channel resulted from external artifacts, which should have effected previously
conducted researches. Our research also discusses the effects of such flawed trial in
network performance.

Keywords: Multiple Signal Classification Algorithm, Neural Information Process-
ing, Multilayer Perceptron Network, Data Visualization, Brain Computer Interfac-
ing, Human Computer Interaction, Biomedical Signal Processing.
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Chapter 1

Introduction

1.1 Feelings and Emotions in Consciousness

Professor Dr. Antonio Damasio in his book “The Strange Order of Things : Life,
Feeling and the Making of Cultures” has argued that feelings and human emotions
have been the sole influence in initiating progress. For example the prime motive be-
hind development of efficient anesthetics is to mitigate human feeling of discomfort.
The author presented a delicate and intriguing explanation behind the development
of culture and progress of civilization in a diversified perspective of human feeling
and emotions. These important aspects of human behavior particularly, emotion
is highly correlated with human consciousness. Each of them is indispensable for
the co-existence of the other [15]. The phenomenal evolution of medical imaging
modalities in recent times, have facilitated us to explain more of such complex in-
vestigations [12]. As a consequence, relevant fields which focuses on the application
of the theoretical and hypothetical aspects of neuroscience have experienced im-
mense advancements [116].

In the late 1920s, psychiatrist Dr. Hans Berger invented EEG and recorded the first
EEG brain waves in order to interpret psychophysiology of mental diseases. Though
Hans Berger’s psychophysiological research later became the foundation of modern
brain imaging modalities, correlation of EEG brain waves with psychological states
remained ambiguous for a prolonged period. After world war 2, in the 1950s EEG ex-
perienced clinical use in neural disorder (specifically epilepsy and seizures) diagnosis,
but substantial correlation with mental diseases remained quiet challenging [3], [9].
But in the recent past, advancements in hardware provided enormous computational
capabilities. This has lead to opportunities, which were previously nonexistent in
the study of EEG recordings. Hybrid neural imaging techniques such as, simultane-
ous acquisition of fMRI and EEG recordings, granted delicate information regarding
the neural dynamics of cognition [I1].Recent researches have discovered fascinating
insights, about the correlation of EEG features with various cognitive processes, by
describing complex phenomenons such as, neural oscillation and neural microcircuits
[11]. Wearable brain activity recording devices such as EEG and fNIRS (functional
near infrared spectroscopy) can now provide correlated information about cognitive
behaviors such as memory, perception and emotions [17], [76], [92].

As discussed previously, feelings and emotions are the prime motive behind the
progress of civilization. As observing such cognitive states with wearable devices
has become accessible, it has unfolded new dimensions for research and development



beyond our imaginations. In the process, the fields of HCI, BCI and Neuromarketing
[26] have experienced massive breakthroughs. Such breakthroughs have also radi-
cally transformed associated fields such as virtual reality, assistive technologies and
numerous other domains.

1.2 Application of EEG Based Emotion Recogni-
tion in BCI & HCI

EEG based emotion recognition have seen a wide range of applications in recent
years, it’s application ranges from clinical environment to ensuring biometric based
security in ATMS [25]. EEG emotional recognition techniques are also being used
to evaluate clinical therapies for cancer patients [02]. Such emotion recognition
based BCI systems are also playing key roles in observing cognitive states of critical
patients in ICU [103] and patients with consciousness disorder [75]. Recently similar
EEG based emotion recognition systems have seen use in tele-medicine and e-health
applications for treating patients with psychological disorder, as such systems can
provide a decent overview of the psychological states of the patient [11]. EEG
based emotion recognition systems have also showed great potentials in ensuring
passwordless secured transactions in ATM by only monitoring cognitive state of the
user [91], [107].

In HCI research, EEG emotional and attention analysis has been a decisive frame-
work for assessing the competence of m-learning platforms [97]. Virtual reality based
e-learning educational platforms have witnessed considerable increase in efficiency,
with the integration of EEG headsets. By evaluating learners mental states, such
system tweaks the learning environment for optimum efficiency [63]. Modern BCI
technologies are capable in ensuring safe driving, as driver’s EEG features provide
highly correlated information regarding their stress levels and mental states [11],
[17]. Motor impairment is a common phenomena in post-stroke patients and in pa-
tients suffering from spinal cord injuries. In such instances, BCI systems can now
restore lost sensorimotor functions with advanced neurorehabilitation robotics [43],
[93]. Wearable EEG headgears are now currently revolutionizing the mobile gaming
industry, by providing a medium for user interaction with virtual reality based sys-
tems. Such interaction is solely based on the analysis of users emotional states and
motor imagery states [105]. Researches in consumer neuroscience has demonstrated,
EEG recordings of consumers emotional states can provide highly correlated infor-
mation regarding their product preferences and liking. Such knowledge describing
consumer behavior is now being portrayed as a decisive aspect for contemporary
marketing schemes [57], [74], [90].

1.3 Limitations of Existing EEG Feature Extrac-
tion Techniques

A superficial work flow of EEG based BCI and HCI is illustrated in figure 1.1. The
fundamental obstacle in any BCI based application is the feature extraction task.

Machine learning and deep learning algorithms for instance, SVM, ANN, CNN,
LSTM and other sequential models have always been considered as the state of the
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art in EEG brain signal classification tasks [59], [73], [31]. However in such classifi-
cation tasks the major challenge lies within the dilemma of feature extraction. Raw
time series signal provide little correlated feature information, yet it holds colos-
sal varieties of hidden feature patterns. Standard deviation, absolute deviations,
statistical norms and other statistical parameter computations have received admi-
ration in time series feature extraction tasks, as t and p-values for such statistical
features have demonstrated considerable correlations [99]. Overlapping windowing
techniques in raw time series data have also shown potentials, as it eradicates the risk
of hidden feature patterns in time series [37]. Having said that, frequency domain
transformations in particular DWT, STFT, non-parametric classical power spectral
estimators, parametric based autoregressive power spectral estimator models can be
considered as the state of the art in EEG feature extraction tasks [31], [73], [L01].

Nevertheless the particular frequency domain estimators comes with expensive com-
putational cost, as they have higher computational complexity and considerably
extensive run time. Our investigations has shown, mean run time for computing
nonparametric welch power spectrum estimation in a intel CORE-i5 processor(32
GB DDR4 RAM, 512GB SSD Memory), for a 240 seconds (downsampled to 200
HZ) 62 channel EEG recording is 30.5 seconds. Such extensive run time minimzes
the dynamics of HCI and BCI applications, by shrinking real time data processing
capabilities in systems with comparatively lesser configurations. Real time data
processing in such cases demands spark or hadoop based distributed computational

systems [16], [61], [104].

1.4 MUSIC Algorithm in Cognitive Research

PSD Estimators which uses parametric eigen analysis models should have a lesser
time complexity, as it solely uses linear transformations rather than computing win-
dowed periodigram from autocorrelted functions [2]. Parametric eigen analysis based
PSD estimators, specifically models which uses eigen matrix decomposition princi-
ples have seen little exploration in EEG feature extraction tasks. One reason behind
the unpopularity of such PSD estimators is, such models requires some preceding
information regarding the signal. For instance, the MUSIC algorithm demands esti-



mations about the signal’s subspace dimension and noise thresholding parameters.
In terms of complex random signals analogous to EEG, such parametric information
are ambiguous and generates complexity.

The MUSIC algorithm have given incredible results in detecting DoA through PSD
estimation, specifically in the radar and communication research [24], [51], [67].
Successful implementation of MUSIC models extents to the domain of structural
engineering in corrosion monitoring [70]. Previously , the MUSIC model has been
very successful in EEG source localization, due to its efficiency in DoA estimation
(7], [12], [18], [56]. However, as a consequence of its complexity in terms PSD
estimation of random signals, a limited number of researches have been conducted
to investigate its possible use in EEG feature extraction tasks [10], [16], [20], [23],
[37]. Particularly in terms of psychological feature extraction, almost no research
can be seen which focuses on the possible implementation of the MUSIC model.

1.5 Aim, objective and Outcome of the Research

In this paper we investigated the use of MUSIC model in EEG emotional feature ex-
traction task, on publicly available SEED dataset. The feature extraction model uses
parametric based eigen matrix decomposition for estimating power spectral density.
Our research also explains the complex concept of estimating subspace dimensions
for EEG waveforms in unique cases through detailed analysis. As estimation of
subspace dimentionality are indispensable in implementing any eigen analysis based
parametric PSD estimators, we believe our findings will benefit a wide spectrum of
future EEG information processing researches. An enormous amount of researches
have already been conducted on the SEED dataset, unfortunately no researches had
focus on a thorough investigation on the attribute and characteristics of the dataset
[29], [32], [36], [39], [19], [53], [65], [99]. Our investigation have also revealed some
fascinating attributes of the SEED dataset, which had unknowingly effected pre-
viously conducted researches on this popular EEG waveform dataset. Figure 1.2
illustrates the fundamental objectives of this reasearch through mapping of prob-
lem statements. Figure 1.3 illustrates the core objective of this research through a
simplified block diagram.
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Figure 1.2: Problem Statement Mapping

The novelty of this research work are specifically states as follows:



The research discusses extensive flaws in the SEED emotional dataset through
three dimensional time series visulization. Such observation also creates im-
mense scope for future researches on this dataset.

The article discusses specific complex characteristics of non-stationary EEG
siginals, which construct complexity for implementing Eigen decomposition
based parametric feature extraction models for such bio-signals.

The research analyses the quality of the extracted MUSIC model based fea-
ture spaces through high dimensional visualization and network performance
evaluation.

Finally, the research conducts machine specific run time comparison of pro-
posed MUSIC model based feature extraction technique with conventional
non-parametric feature extraction technique.
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Figure 1.3: Block diagram explaining the core objectives

1.6 Thesis Outline

Remaining part of the thesis report has been organized as follows:

Chapter 2 provides an overview of the prerequisite background knowledge from
the domain of biomedical engineering.

Chapter 3 briefly reviews the literature of existing state of the art researches in
feature extraction task for neural information processing and implementation
of MUSIC algorithm in several other domains,

Chapter 4 gives an overview of the dataset and findings from the investigation
on the dataset characteristics,

Chapter 5 discusses the research methodology in details,
Chapter 6 contains detailed evaluation of the proposed method,
Chapter 7 illustrates the concluding remarks for this research,

Finally, Appendix A and Appendix B discusses about the developed modules
and code bases for MUSIC model based feature extraction task and three-
dimensional visualization of large scale multi-channel EEG data, respectively.
Both of the repository have been made public.



Chapter 2

Background Comprehension

The brain is called "the command panel of the human body”. It is a part of the
central nervous system (CNS). The average weight of the human brain is approx-
imately 1.5 kg or 3.3 Ib which is around 2% of the human body. But the fact is
“brain demands 17% of the cardiac output and 20% of the human body’s oxygen
consumption”, which means it is metabolically one of the most active organs. In-
terestingly, the brain’s metabolic activity varies in different regions as it is not a
homogenous organ. Therefore, the metabolic activity of any brain region denotes
the distinct functional activity which can be radiographically imaged.

In this chapter we discuss the basic brain structure and physiology, which are pre-
requisites for understanding the origin of neural action potential or neural activity.
Then we provided an brief summary about different types of bio-signals. Finally,
we discuss about the origin of neural action potentials and fundamentals EEG in
observing such neural activity.

2.1 Anatomy, Functions and Regulatory Behaviours
of Human Brain

The brain is a multi-functional organ as the brain controls intelligence, personality,
emotion, motor skills, memory, automatic functions, etc. Basically, five senses (sight,
smell, taste, touch, and hearing) act as the input of the brain. The brain receives
inputs as chemical and electrical signals and processes output signals according to
those inputs. Sometimes, the brain stores inputs as memory. Each part of the brain
has distinct functions and abilities.
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Figure 2.1: Three layers of meninges [/]



The brain is wrapped by three types of meninges: the dura mater, the arachnoid
mater, and the pia mater (Figure. 2.1). These meninges layers are also continuously
found in the spinal cord.
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Figure 2.2: Three parts of human brain [1]

The brain can be divided into three regions considering the phylogenetic principles
and ontogenetic growth. They are:

e Hindbrain/ Rhombencephalon
e Midbrain/ Mesencephalon

e Forebrain/ Prosencephalon

During embryonic development, the dorsal surface ectoderm generates a neural tube
which subsequently develops the brain and spinal cord. Basically, three primary
ganglia are generated from the neural tube which eventually makes up the brain by
gorming these three parts of the brain [1], [5], [19]

These regions are elaborately described.

2.1.1 Hindbrain/ Rhombencephalon

The rhombencephalon or the hindbrain is subdivided into the following parts:

e Medulla oblongata
e Pons

e Cerebellum.

These parts can be identifiable at week 22 of embryonic development. The medulla
oblongata is connected to the spinal cord, it’s like a communication port between
the brain and the spinal cord. Pons lies above the medulla which connects the
brain stem and the cerebellum. The brainstem incorporates the midbrain, pons,
and medulla oblongata.

Medulla oblongata plays a vital role in terms of maintaining homeostasis as many
centers and nuclei lie within the medulla oblongata. Such as the cardiovascular cen-
ter, the respiratory rhythmicity centers, the nucleus gracilis and nucleus cuneatus,
the olivary nucleus, the sensory and motor nuclei of cranial nerves VIII, IX, X, XI,
and XII, etc. Functions of medulla oblongata are given below:
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Figure 2.3: Parts of Hindbrain (Sagital View) [7]

It has a role in the cardiovascular system by maintaining heart rate, peripheral
vasculature, and the strength of contractility of the heart muscle.

It receives afferent information from set a baseline for respiratory rate.

It transfers afferent information to the thalamus and cerebellum.

It regulates blood pressure by baroreceptors.

It regulates coughing, vomiting, sneezing, and swallowing by serving as a “re-
flex center”.

Pons is located between the medulla oblongata and midbrain and it is the thickest
part in the brainstem region. It is also called “the pons Varolii” which means
"bridge of Varolius”. Cranial nerves V, VI, VII, and VIII are generated from this
part. Functions of the pons are illustrated below:

e [t has a sensory role in taste, hearing, and equilibrium.

8
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It has a role in touch pain sensation.

It has a motor role in lateral eye movement, facial expression, chewing, swal-
lowing, body fluids like urine, tears, saliva, nasal and oral mucus secretion.

it controls sleep, respiration, and body posture.

It is related to generating dreams and sleep paralysis.

The cerebellum is the largest part in the Rhombencephalon region which contains
more than the total number of neurons (almost 100 billion) though it is only 10 % of
total brain mass. Tiny granule cells are the most common type of neuron cells in the
cerebellum and also in the brain. But its Purkinje cells are the most distinguishable
neuron cells as they are extraordinarily large, dendrites are formed like a flat tree
and their axons go to deep nuclei and synapse with output neurons. There are two
cerebral hemispheres (right and left) which are connected by the “vermis” made up
the entire cerebellum part. Several sulci and fissures divide it into multiple lobes,



lobules, and folia. The outer layer or surface cortex of it is gray matter and the
inner layer is white matter. The brainstem is attached to the cerebellum by three
pairs of cerebellar peduncles. A pair of inferior peduncles by which most spinal
input signals launch into the cerebellum is connected to the medulla oblongata, a
pair of middle peduncles by which the rest of the entire brain input signals enter the
cerebellum are connected to the pons and cerebellar output signals go out by a pair
of superior peduncles which are connected to the midbrain. The functions of the
cerebellum were mostly unknown till the 1950s. Most of its current known functions
have been discovered by researching cerebellar damage of humans and animals. The
cerebellum has multiple numbers of independent modules and its combination with
motor or non-motor areas will demonstrate a distinctive behavioral pattern. The
functions of the cerebellum are given below [1], [5], [19], [38],

e [t maintains muscle contraction and motor coordination. For this reason,
people with cerebellar lesions have problems with coordinating and locomotion.

[Tt controls emotions, linguistic, and various non-motor and sensory activities.

It maintains spatial, timing, and sound difference related perception.

It helps planning and scheduling works .

It controls precise and intentional skill-related movement, therefore only hu-
mans can perform intricate works like writing.

2.1.2 Midbrain/ Mesencephalon

The mesencephalon or the midbrain is smallest the part of the brainstem which
connects the forebrain and the hindbrain. Midbrain is subdivided into three parts:

e Tectum/ Quadrigeminal Plate (dorsal part)
e Tegmentum (central part)
e Crura Cerebri/ Cerebral Peduncle (ventral part)

The cerebral aqueduct separates two regions, the rectum, and the tegmentum; it
is surrounded by periaqueductal grey and continues the circulation of cerebrospinal
fluid. Subtantia Nigra is responsible for separating the tegmentum from the cerebral
peduncle. Two pairs of cranial nerve nuclei, the trochlear (CN IV) and the oculomo-
tor (CN III) are located ventral to periaqueductal grey. The tectum contains four
bulges named the corpora quadrigemina. The upper pair is known as the superior
colliculi, whereas the lower pair is known as the inferior colliculi. In the tegmentum
part, red nuclei are visible which has a connection with the cerebellum, and retic-
ular formation which is an array of interconnected nuclei is also located here. The
corticospinal nerve tracts are carried by the cerebral crus which is a bundle of nerve
fibers. Cerebral Peduncles are two large fiber bundles, each of those fiber bundles
has a connection with the cerebral cortex, the brainstem, and the spinal cord [16].
The functions of the midbrain are [1], [4], [5], [19], [21], [3&], [113],
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Figure 2.5: Midbrain segments (cross section through inferior colliculus) [19]

e The superior colliculi control visual attention, visual reflexes (pupil dilation
and contraction, blinking, focusing), visual tracking of moving objects, and
eye movement according to a stimulus

e The inferior colliculi transmit signals from the inner ear to the brain (especially
thalamus) and control reflexive actions in response to sound

e The substantia nigra and ventral tegmental area produce dopamine which is
essential in motor control, motivation, pleasure, decision making, emotion,
reinforcement, etc.

2.1.3 Forebrain/ Prosencephalon

The prosencephalon is the largest part of the human brain and it contains two parts:

e Diencephalon

11



e Telencephalon

The diencephalon originates from the foremost primary cerebral vesicle [18]. It is
also known as “tween brain” as it controls metabolism. It is further divided into
three structures:

e Thalamus
e Hypothalamus

e Epithalamus

The thalamus is a gray matter, located in the dorsal region of the diencephalon,
which lies between the cerebral cortex and midbrain. All sensory signal has to pass
through the thalamus before entering cerebral cortex; that’s why it is called “gateway
of the cerebral cortex”. It is equally divided into two halves (right and left). Some
branches of the posterior cerebral artery like the polar artery, inferolateral arteries,
posterior choroidal arteries, and paramedian thalamic-subthalamic arteries provide
blood supply to the thalamus. The thalamus is interconnected with some parts
of the cerebrum (sensory thalamus and sensory cortex, motor thalamus and motor
cortex, limbic thalamus and limbic cortex). The functions of the thalamus part are
described below:

e Human conscious perception depends on the information of the cerebral cortex.
It acts as a relay and filters sensory information before passing to the cerebral
cortex region

e [t also acts as a relay of motor signals from the cerebellum to the cerebrum
and regulates feedback loops to the basal nuclei and the cerebral cortex

e Particular regions of the thalamus combining with the prefrontal cortex have
a role in paying attention, working memory, and quick decision making. The
study clarifies that the mediodorsal thalamus controls connectivity of circuit
and helps to take real-time decisions

e [t regulates sleep and wake states

e The thalamus is a vital part in terms of generating antisaccade eye movement
in primates

e [t contributes to the limbic system’s function like memory and emotion-related
functions

The hypothalamus is the most ventral part of the diencephalon. It elongates pos-
teriorly to the mammillary bodies containing 3-4 mammillary nuclei and anteriorly
to the optic chiasm. It is a part of the limbic system and the pituitary gland is
connected to it. It is smaller in size (4 cm2) but has some vital roles in the body.
They are:
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The hypothalamus controls pituitary gland activities by secreting hormones.
Growth, reproduction, stress, and metabolism are regulated by the anterior pi-
tuitary gland which is controlled by hypothalamic hormones like Thyrotropin-
releasing hormone (TRH), Corticotropin-releasing hormone (CRH), Dopamine,
Growth-hormone-releasing hormone (GHRH), Gonadotropin-releasing hormone
(GRH), Somatostatin. The hypothalamus releases two hormones like oxytocin
and vasopressin that stores in the posterior pituitary gland and maintains uter-
ine contraction, lactation, and water reabsorption and excretion

The hypothalamus coordinates the autonomic nervous system by influencing
functions like heart rate, blood pressure, pupillary response, etc. It also con-
trols emotional response and fight or flight response

The hypothalamic thermostat controls sympathetic and parasympathetic re-
sponse according to temperature

It controls the hunger and thirst for water by arcuate nucleus and osmorecep-
tors. The arcuate nucleus contains some receptors for two types of hormones
that control hunger and energy expenditure. Whilst, osmoreceptors monitor
the osmolarity of blood and stimulate thirst during dehydration. In case of
dehydration, the hypothalamus secretes antidiuretic hormone that conserves
body water

The hypothalamus initiates and coordinates reproductive functions which are
distinguishable in terms of sex

The hypothalamus involves in the maintenance of sleep and the circadian
rhythm of the body

It is an important part of the memory conservation of the brain. Severe
memory deficit appears in case of lesion formation in this region

Figure 2.6: Thalamus (red colored region) [19]
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The epithalamus is the small mass of tissue that is in the posterior part of the
diencephalon. It comprises the pineal gland, habenular nuclei, and a thin roof over
the third ventricle. The functions are demonstrated below:

e The limbic system is connected to other regions of the brain with the help of
the epithalamus

e [t controls motor pathways, energy conservation, and emotions

e Secretion of melatonin by the pineal gland is regulated by it.

The telencephalon develops to the cerebrum which is the largest part of the brain.
It contains the cerebral cortex, the hippocampus, the olfactory bulb, and the basal
ganglia. This is situated at the vertex position of the central nervous system (CNS).
Two cerebral hemispheres are equally sized and divided by the longitudinal fissure
but attached by the corpus callosum. The surface area of the cerebrum is enormous
(approximately 2500 cm2) but the cerebrum easily fits in the cranial cavity due to
the gyri formation or folding of the surface. Sulci divide each cerebral hemisphere
into anatomically different lobes:

e Frontal Lobe
e Parietal Lobe
e Occipital Lobe
e Temporal Lobe

e Insula

The frontal lobe is the largest lobe among the five lobes of the hemisphere. The cen-
tral sulcus and the lateral sulcus separate the frontal lobe from the parietal lobe and
the temporal lobe, respectively. The frontal lobe is responsible for activities related
to functions like skeletal movement, eye movement, speech, and speech production.
It integrates non-task-based memory that stores in the brain. Some of its emotional
and cognitive functions are: emotional control, judging, planning, foresight, decision
making, motivation, etc.

The parietal lobe is situated in the uppermost region of the brain. The central sulcus,
the parieto-occipital sulcus, and the lateral sulcus separate it from the frontal lobe,
the occipital lobe, and the temporal lobe, respectively. The parietal lobe is well
known for its sensory functions like touch, heat, pain, etc. It is responsible for
two-point discrimination by touch, graphesthesia, and localization of touch.
Coordination of multisensory tasks, language processing, the memory of stimuli, and
numerical awareness are also parts of its functions. The occipital lobe is located at
the back of the brain and it is called the visual center of the brain where vision is
first precepted and processed. It has an important role in the recognition of face,
object, and color. It also deals with spatial perception, movement, memory, and
distance-related functions. The binocular perception is achieved by combining two
images received by two occipital lobes to one image which helps humans to obtain
better spatial perception. The temporal lobe is separated from the frontal lobes and
the parietal lobes by the lateral sulcus; the lateral fissure is situated on top of it.
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The temporal lobe involves in the formation of explicit long-term visual memory. It
is also essential in storing auditory and verbal memory. Damage in this part causes
permanent or temporary amnesia. It plays an important role in language recognition
and processing. Hearing, smell, and learning are also included in its area of function.
The insula is a small part of the cerebral cortex which is located within the lateral
sulcus. It concerns with taste, pain, cardiovascular homeostasis, and visceral sen-
sation. It has an important role in consciousness, addiction, and empathy towards
other individuals. The limbic system is located on the medial side of each of the
cerebral hemispheres and it consists of some important components like the cingu-
late gyrus, the amygdala, and the hippocampus. It is called the center of emotion
and learning. It has an impact on the endocrine system and the autonomic nervous
system. The hippocampus plays an important role in memory consolidation which
converts short-term memory to long-term memory and navigation-related spatial
memory. On the other side, the amygdala deals with memory, decision, and emo-
tional responses.

The basal ganglia are a group of subcortical nuclei which are located deep within
the white matter. They have intense communication with the cerebral cortex, the
thalamus, and the brainstem. The basal ganglia deal with ”feedback mechanism” to
the cerebral cortex and modulation cognitive and emotional response. By filtering
the excitatory input to the cerebral cortex, the basal ganglia prevent unwanted
excessive movements [1], [1], [5], [19], [21], [22], [38], [L13].

2.2 Bio-signals

The biosignal denotes a sort of signal possessing space, time, or space-time informa-
tion that is generated from a biological event. The biological event may be electrical,
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mechanical, or chemical activities of a living being. The biosignal is essential in the
case of medical diagnosis or study of any physiological mechanism of a biological
event by analysis methods like filtering, amplifying, digitization, processing, or stor-
ing. Along with these conventional methods, digital processing methods like wavelet
analysis, artificial intelligence, and averaging of the signal are utilized to upgrade
the quality. The biosignal can be classified as being of a particular nature like either
being continuous or discrete and either being deterministic or random. Electrical
circuits, or computer, or a combination of both execute the analysis procedure of
the biosignal. Followings are sources of biosignals [28]:

e Bio-electric Signals: The electrochemical changes in nerve and muscle cells
generates low amplitude and frequency bioelectric signals. Basically, the flow
of ions through the cell membrane (the action potential), generated by stimu-
lus, is transmitted by activated cell to cell which eventually creates an electrical
field. That causes a change in extracellular potential which can be measured
by bioelectrodes. Examples are: electrocardiogram (ECG), electromyogram
(EMG), electroencephalogram (EEG), and electrogastrogram (EGG).

e Bio-magnetic Signals: Living organs develop a weak magnetic field which
can be measured by accurate magnetic sensors or SQUID (superconducting
quantum interference device). Examples are: magnetoencephalogram (MEG),
Magnetoneurography (MNG), Magnetogastrography (MGG), and magneto-
cardiography (MCG).

e Biochemical Signals: Amount of various biochemical agents like ions (Ca2+
and K+), partial pressure of oxygen and carbon dioxide, glucose, etc., which
are known as biochemical signals contains essential information of the physi-
ological system.

e Bio-mechanical Signals: Biomechanical signals are produced by mechanical
activities (motion, pressure, displacement, etc.) of a living being. Waveform
representing changes in pressure can indicate the systolic pressure and the
diastolic pressure.

e Bio-acoustic Signals: Acoustic noise generated by biological systems is
known as bioacoustics signals. Example: Bioacoustic signal of the heart valve
denotes its functionality.

e Bio-optical Signals: The light-induced by biological events generates bio-
optical signals which can be measured with the help external medium. Exam-
ple: Fluorescence generated by the amniotic fluid is essential to monitor the
fetus.

2.3 Neural Action Potential and Electroencephalo-
gram (EEG)
The electroencephalogram records the electrical potential of the brain by an elec-

trophysiological mentoring method. It is a graphical representation of the potential
differences in brain function of two regions during a course of time. The extracranial
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EEG follows a noninvasive procedure and records the electrocerebral activity with
the help of electrodes placed on the surface of the scalp.

2.3.1 Origin of Neural Action Potential

The intracranial EEG records detailed and precise information of brain function
with the help of surgically implanted electrodes that target specific parts of the
brain.
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Figure 2.8: Neuron, Synapse and Action Potential

The resting potential is — 80 mV for both of the brain cells, glial cells, and nerve
cells, which active transport of K+ (to inside of the cell) and Na+ (to the outside
of the cells). When the stimulus exceeds the threshold, The influx of Na+ to the
cell leads to an increase in the potential and changes in the polarity of the nerve cell
(+30mV), this case is known as the action potential.

However, due to subsequently decreased permeability for Na+ and increased per-
meability for K+ turns the potential inside of the cell negative again. The action
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potential reaches the synapse, the mediator is released which causes a potential dif-
ference across the neighbor’s postsynaptic membrane. The influx of the Na+ turns
the neuron to be less negative which generates the excitatory postsynaptic poten-
tials (EPPs). On the contrary, when neurons become more negative, the inhibitory
postsynaptic potentials (IPPs) are generated. The amplitude of the postsynaptic
potentials is around 5 — 10 mV with a time span of 10 -50 msec. The sources of the
EEG waveforms are the synchronously generated postsynaptic potentials.

2.3.2 EEG Acquisition Setup

The extracranial EEG (conventional EEG) procedure starts with preparing the skin
as the interface between surface and electrode has a resistance below 5 kOhm. In
order to prepare the skin, a cleaning site with diluted alcohol or light abrasion can be
essential. Electrodes are either attached to cables or embedded in caps or nets. The
placement of electrodes is very important for interpretation or comparing results.

Figure 2.9: Electrode placements for 10-20 System
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Figure 2.10: Simplified EEG Block-diagram

The international 10-20 electrode system defines the placement of electrodes regard-
ing the application. To identify the lobes of the cerebrum, each electrode has a
distinct index regarding the lobe: Fp (pre-frontal), F (frontal), T (temporal), P
(parietal), O (occipital), and C (central). Though the central lobe doesn’t exist, the
“C” electrode can be crucial in detecting the stages of sleep. The electrodes which
are labeled with “z” or 0 denote the midline sagittal plane of the brain and act as
the reference points. The odd and even numbers represent the electrodes placed on
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the left and the right side of the brain respectively. The “A” (also referred to as
“M”) indicates the electrodes placed on earlobes.

Generally, 19 electrodes are placed on the scalp in such a manner that they cover
up the entire scalp with an interval of 10 — 20% distance between them. In some
cases, more or fewer electrodes are used considering the subject (fewer electrodes
for infants and more electrodes for better spatial resolution of the desired region).
A series of stimulations like eye closure, mental activity, sleep, intermittent photic
stimulation is needed to induce desired EEG activity. The differential amplifier’s
two inputs are connected to the electrode and the reference electrode which amplifies
the signal by 1000 — 100000 times or 60 -100 dB of voltage gain. The analog signal
has to be filtered before entering the output section. The high-pass filter (0.5-1 Hz),
the low pass filter (35-70 Hz), and the notch filter are used for filtering the analog
signal. The output can be either analog (pen paper-based) or digital (computer or
oscillator). In the case of digital output, the analog to digital converter is required
according to the purpose. The awake state of a normal subject is characterized by
10-100 pV in EEG; the amplitude of EEG increases rapidly (500-1500 nV) in the
case of epilepsy. The montage consists of series of EEG channels which is essential
for display and lateralizing and localizing information.

There are several kinds of montage used in the EEG, such as sequential montage
(each channel denotes the voltage difference of two neighbor electrodes), referential
montage (each channel denotes the voltage difference of an electrode and a reference
electrode), average referential montage (each channel denotes the voltage difference
of an electrode and average of all outputs), and Laplacian montage (each channel
denotes the voltage difference of an electrode and the weighted average of adjacent
electrodes).

2.3.3 EEG Bands and Waveforms

Neurological conditions, metabolic disorders, and drug addiction affect the normal
EEG pattern. The EEG has several distinguishable rhythms which are described in
Table 2.1:

EEG Bands | Frequency Range (Hz) Characteristics
Delta 0.5 to 4 Sleep wave
Theta 4to8 Indicates partial cognitive states
Alpha 8 to 13 Main feature during awake state
Beta 13 to 30 Focused state
Gamma greater than 30 Information processing and voluntary movements

Table 2.1: EEG Bands

2.3.4 EEG Artifacts

The artifacts in the EEG signal interfere with the actual EEG signals. The artifacts
of the EEG are described below:
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Figure 2.11: The figure illustrates different EEG bands: delta band (0.5 to 4 Hz),
theta band (4 to 8 Hz), alpha band (8 to 13 Hz), beta band (13 to 30 Hz) and

ecliptic seizure waveform (from the top)

1. Physiological artifacts: non-cerebrum induced signals are considered as
physiological artifacts. Some of the physiological EEG artifacts are given be-

low:

2. AC

EOG (eye) artifacts: Eye blinking, eye movements, extraocular muscle
activities can distort signals by changing the amplitude level.

EMG (Muscle) artifacts: Muscle contraction can produce an un-
wanted signal in the EEG.

ECG (cardiac) artifacts: ECG can distort the EEG signals by over-
lapping, though the amplitude is low. ECG artifact is also known as
pulse artifact.

Perspiration-induced artifacts: perspiration overlaps the EEG signal
by changing the electrical baseline of the electrodes.

Respiration-induced artifacts: it is common in the sleep EEG which
is induced by movement of chest and head while inhaling and exhaling.

electrical and electromagnetic fields induced artifacts: AC power

sources and wires can create electrical and electromagnetic fields which can be
observed in the EEG by appearing a large spike of 50 or 60 Hz.

3. Incorrect reference placement induced artifacts: Not properly place-
ment of reference channel can lead to abrupt changes in the EEG.
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4. Patient’s movement-induced artifacts: patient movements (arm move-
ments, head movements, walking) can overlap delta and theta bands in lower
frequencies.

5. Electrode pop induced artifacts: Changing contact potential between the
electrode and the scalp can lead to this artifact.

6. Wire movement induced artifacts: The movement of wires which connect
the electrodes and the amplifier can distort the EEG signal by overlapping.

2.3.5 Handling EEG Artifacts

To remove artifacts, one of the conventional methods is to discard the epochs of the
artifact enriched data (>4100 V). Another method is to utilize spatial and frequency
band filters. However, these methods have some cons also, like loss of essential data,
overlapping, etc. Recent studies show that independent component analysis (ICA)
techniques can be effective to deal with the artifacts.

2.3.6 EEG Applications

The EEG is extensively used in both clinical and research fields. It is an important
part of neuroscience, cognitive science, cognitive psychology, neuromarketing, and
neurolinguistics-related research. EEGs are playing crucial roles in the study of
mental disabilities. Combining with PET, it can be helpful to monitor drug effects
in the brain. The EEG is essential for the diagnosis of epilepsy. It can be useful
in the diagnosis and treatment of several other disorders or conditions like brain
tumor, brain damage, stroke, sleep disorders, encephalopathy, encephalitis, etc.
Comparing to other methods to study the brain function like functional magnetic res-
onance imaging (fMRI), positron emission tomography (PET), single-photon emis-
sion computed tomography (SPECT), etc., the EEG provides some disadvantages
like:

e Poor spatial resolution,

e Not useful in the case of detecting the source of activities like effects of the
drug,

e Relatively time-consuming during preparation as a long time is needed to
properly connect multiple electrodes at the exact locations,

e Poor signal to noise ratio.

Despite having these disadvantages, the EEG provides some advantages to the users.
The followings describe the advantages of the EEG:

e Relatively lower cost,
e Noninvasive procedure for the surface EEG,
e Relatively smaller in size,

e No radioligands or magnetic field is needed,
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e Higher temporal resolution in millisecond range,
e Not claustrophobic,

e Relatively tolerant of movement of the subject (even having a method for
reducing movement induced artifacts).

Finally, the combination of EEG and machine learning can be essential in the auto-
matic analysis of diseases (dementia, epilepsy, etc.) and mental states. The EEG-
based brain-computer interface can be an important part of the communication and
rehabilitation of people who have limited motor response. [13], [18], [28]
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Chapter 3

Literature Review

The domain of HCI and BCI are now rapidly flourishing, as wearable devices for
efficiently observing human cognitive states are becoming more accessible. Emotion
recognition based systems have broader spectrum of application in both of these do-
mains. Recent HCI researches have enhanced e-learning experience by dynamically
changing learning environment through EEG emotional and attention analysis. EEG
based advanced cognitive state analysis is also ensuring save driving by predicting
drivers concentration and stress levels [91]. The application of EEG based mental
state also extends to the domain of marketing and consumer behavior. Recent stud-
ies in neuro-marketing and consumer neuroscience have shown, consumer emotional
states highly correlates with the their liking and preferences of specific products
[90]. Most of the recent researches in EEG emotional state classification tasks fo-
cus on implementing new classification techniques such as; spiking neural networks
and graph neural networks. Nevertheless the real complexity in such classification
task lies in the efficiency of feature extraction methods, as time series signals of
EEG recording demonstrate lightly correlated features. For extracting highly corre-
lated feature set from such signals with random characteristics, frequency domain
transformations are comparatively efficient. Wavelet Transformation, Short Time
Fourier Transformation and non-parametric PSD estimators are highly popular for
such feature extraction tasks. According to the review of Wang and Wang, 2021
on EEG feature extraction task, non-parametric PSD estimation models and differ-
ential entropy models are the mostly used feature extraction techniques in recent
researches.

3.1 Overview of Conventional EEG Feature Ex-
traction Techniques

As previously discussed, the major challenge in any EEG classification task is feature
extraction from raw time series signal. For extracting psychological feature infor-
mation from EEG waveform, past researches have explored multitudinous varieties
of methods. Table 3.1 gives an overview of existing researches in psychological state
feature extraction task from multi-channel EEG signals.

Duan, Zhu, and Lu, 2013 and Zheng, Zhu, Peng, et al., 2014 calculated differen-
tial entropy for 6, 6, «, B and v frequency bands for selected channels, follow-
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Authors

Feature Extraction Method

Classification Method

W. Zheng et al.[54]
Z. Yin et al. [109]

L. Piho et al. [98]
D. Nath et al. [95]
E. S Pane et al. [30]
H. Dabas et al. [57]
M.A.Rahman et al.[100]
Q. Gao et al. [39]
M.A.Rahman et al.[117]
H. Cui et al. [38]
W. L. Zheng et al. [71]
Y. Yang[66]

W. L. Zheng et al. [10]
F. Wang et al.[100]
J. Liu et al. [58]

R. Nawaz et al. [96]
G. Zhao et al. [69]
H. Zamanian et al. [68]
A. Bhattacharyya et al.|

W. Zheng et al.[30]
T. Song et al. [102]
T. Zhang et al. [85]
J. Yang et al. [108]
Y. Luo et al.[60]
X. Wu et al.[83]
F. Yang et al.[34]

]

Non-parametric PSD Model
Non-parametric PSD model
Non-parametric PSD model and Wavelet
Non-parametric PSD model
Non-parametric PSD model
Non-parametric PSD model
Non-parametric PSD model and PCA
Non-parametric PSD model and STFT
Non-parametric PSD topographic map
Non-parametric PSD topographic map
Differential Entropy
Differential Entropy
Critical Frequency Band Investigation
STFT
STFT
STFT
STFT
‘Wavelet based decomposition
‘Wavelet based decomposition
Differential Entropy
Differential Entropy
Differential Entropy
Differential Entropy
Data augmentation approach
Connectivity Network

High dimensional features

Sparsed Correlation Analysis
SVM
KNN
LSTM
Random Forest
Naive Bias
Artificial Neural Network
SVB
CNN
CNN
Disciminative Graph Regularization
Hierarchical Network
Deep Belief Network
CNN
SVM
SVM
SVM

Random Forest
Discriminative graph regularized
DCNN
RNN
Bidirectional LSTM
Generative adversarial network
SVM
ST-SBSSVM

Table 3.1: Relevant Researches in Psychological Feature Extraction Task from
Multi-channel EEG Waveforms

ing 512 points STFT with non overlapping windows. Extracted features had the
best prediction results in hybrid model incorporating DBN and HMM. Differential
entropy computation from the transformed sequence had the time complexity of
O(K N log N), where K and N represents "number of electrodes” and ”sample size”
respectively. Zhao, Ge, Shen, et al., 2018 explored both STFT and PSD estimations
for extracting features from 7 classes of emotional states. For feature extraction task
Gao, Wang, Wang, et al., 2020 experimented an unique method of feature fusion. It
fuses features from PSD estimations and features extracted from WT. The extracted
fusion feature was represented as;
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XFusionFeature = |:XPSD7 XWEE:|
(3.1)

= |:a17"'7a487517"'7ﬁ72] C R

Pane, Wibawa, and Purnomo, 2019 used hybrid feature extraction techniques, which
uses non-paramatric Welch model for PSD estimation. Yin, Liu, Chen, et al., 2020
extracted subject independent features from PSD estimations and statistical pa-
rameters. Rahman, Hossain, Hossain, et al., 2020 at first extracted channels from
Frontal, Prefrontal, Central, Parietal and Occidental lob by excluding the
rest of the channels from each trial of 64 channels. Then reduced selected 35 chan-
nels to 5 channel trials with PCA. The research uses classic Welch PSD estimation
model for transformation and extracted statistical features from the transformed
spectra.

As the literature review so far suggests, non-parametric classical estimator models
are widely used for PSD estimator based psychological feature extraction. EEG
neural functional signals can be contemplated as a random processes with stationary
intervals. Theoretically F'T for such signals do not exist, as random processes posses
finite power rather than finite energy. But FT of the auto correlation function
derives the PSD of such random processes. For a signal z(t), time averaging auto
correlation function can be stated as the following,

R, (1) = 2L7—‘9 /T: r*(t)x(t+ ) dt (3.2)

Fourier Transform of the above time averaging auto correlation function will derive

the PSD function, P,,(F') of the signal z(t). The expected value, I';,(F') in the
limit Ty — oo denotes the actual PSD, which can be expressed as,

LlF) = i E|Pon()

Tg*}OO

— lim E 1‘ ’ t‘j?’””'fdt2
o TQIE)IIOO 2T9 _T9 x( )e )

Equation 3.2 and equation 3.3 are the principle hypothesis behind Periodogram,
which is the fundamental of any non parametric PSD estimators. If L{z(n)} =
X(f), then for the sequence z(n) with N number of samples, the Periodogram is
expressed as,

(3.3)

(3.4)

Non-parametric Bartlett, Welch and Blackman-Turkey estimator methods are just
the modifications of the above denoted fundamental Periodogram equation (3.4).

25



The widely used Welch model, modified equation 3.4 by firstly subdividing the full
sequence to L overlapping segments and secondly taking the average from all the
computed windowed Periodogram. When each segment is of size M with D number
of overlapping samples and factor of normalization U, the Welch estimator P!’ can
be expressed as,

1< ~0)
=0 (3.5)

1 L—1 |: 1 M-1 9
=13 10| Z s
L U o

The quality factor, ()4 for such PSD estimation is measured by the ration of its
squared spectrum power estimation (E[Pj;‘x( f )]) to its spectrum power variance,
(Var[P2,(f)]). Welch estimator model represents a better quality factor than its
contemporary non-parametric methods (such as, Bartlett method). For 50% over-
lapping windows, the Welch Quality Factor is expressed as,

Q. Fveren) = 1L.3INAS (3.6)

N and Af represents signal length and frequency resolution respectively. Equation
3.6 states, PSD estimation accuracy increases with increasing signal length and
frequency resolution for the Welch method. Computational complexity for the Welch
model (with 50% overlapping windows) and Bartlett method are expressed as,

5.12

Total _Number_of _Computationgyeen) = N log, A_f (3.7)
) N 0.9

Total _Number_of_Computation gariett) = 5} log, A_f (3.8)

Though Welch estimators performs better in spectrum estimations with enhanced
quality factor, in terms of time complexity Welch estimator requires larger number
of computations comparing to contemporary methods. Still due to its spectral esti-
mation accuracy, the welch method is hugely popular for feature extraction in EEG
information processing tasks [2], [3], [15], [2].

3.2 MUSIC Model in DoA Estimation

MUSIC models are widely used in array signal processing due to increased perfor-
mance in DoA estimation. DoA computations are based on signal spatial spectrum
estimation. The phase differences among the signal array elements leads to sig-
nal azimuth estimation, which is the fundamental of DoA estimation. The phase
difference in signal azimuth estimation is expressed as,

dsin 6

©=e 25 (3.9)

d and X\ are "inter-spacing among signal array elements” and ”signal wavelength”
respectively. DoA estimation model architecture consist of target space, observation
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space and estimation space. Target space represents signal sources, whereas obser-
vation space represents signal detector arrays. Estimation space constitute of signal
azimuth computation and spectrum estimations.

Target 2
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7
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d Antenna Array
Figure 3.1: Direction of Arrival Estimation Model in Radar Communication [[64]]

MUSIC algorithm possesses some unique characteristics which include, capability
of simultaneously processing signals from multiple sources and capacity of real time
processing in specific conditions along with providing extraordinary precision.Owing
to such features of the algorithm, the MUSIC model have performed significantly
better than contemporary techniques in estimating DoA. Eignespace algorithms
(MUSIC, root MUSIC in particular) also have reduced time complexity as they only
use linear transformation for spectrum estimation. MUSIC algorithm uses charac-
teristics decomposition of signal covariance matrix, by producing two orthogonal
matrices of signal subspace and noise subspace. The orthogonal matrices derives
the following spectrum function,

1
a(0)E,EHa(0)
E,, EX represents the signal noise subspace and hermitian matrix of the signal noise

subspace respectively. Signal spectrum is computed using equation 3.10. Detecting
the spectrum peaks from the computed spectrum derives the DoA estimation [24],

[35], [51], [64],

P(music) (0) -

(3.10)

3.3 MUSIC Model in EEG Source Localization

MUSIC algorithm is an eigen decomposition based parametric PSD estimator model.
MUSIC methods have demonstrated incredible efficiency in Direction of Arrival
(DoA) estimation tasks and the algorithm was adapted for evoked source localization
in neuroscience research. Mosher, Baillet, and Leahy, 1999 pioneered such technique
in EEG source localization, Giri, Kumar, and Gandhi, 2018 conducted EEG source
localization in harmonic domain and Jatoi, Kamel, and Musavi, 2017 estimated
active brain sources using MUSIC spectrum analysis.
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EEG Source localization is a complex DoA estimation task. Reconstruction and lo-
calization of neural functional sources plays a key role in improving the performance
of noninvasive brain imaging technologies. MUSIC algorithms performs tremen-
dously in such localization tasks by minimizing gross errors, providing indepen-
dence from model ordering and lastly by allowing modeling of distributed functional
sources. MUSIC localization techniques in such cases have produced significant
results compared to SPECT scans and MRI scan, in terms of precisely localizing
functional neural regions [7], [12], [34], [18], [56], [79].

Figure 3.2: EEG Function Neural Source Localization [[31], [79]]

3.4 MUSIC Model in EEG Feature Extraction

Unlike source localization with DoA estimation tasks, very few researches can be
found which explore MUSIC algorithm in EEG feature extraction task. Among that
few researches, Ubeyli, 2009, Alkan, Koklukaya, and Subasi, 2005, Naghsh-Nilchi
and Aghashahi, 2010 explored eigen analysis based methods (in particular Pisarenko
method and MUSIC method) for extracting features in epilepsy classification task.
The extracted features were tested on RNN, ANN, MLP and Logistic Regression.
Siuly and Li, 2015 used similar techniques in feature extraction along with PCA for
reducing the number of feature dimension space. Lastly no significant researches
can be found, which specifically focuses on exploring MUSIC model based approach
for extracting psychological feature information from functional EEG signals.

3.5 Scope of Research in the SEED Dataset

Non-parametric models estimate PSD through Fourier transformation of the auto-
correlation functions. Such techniques are computation intensive. On the contrary,
parametric eigen analysis based PSD estimation models uses solely linear transfor-
mation and as a result demonstrates lower computational complexity. On this basis
parametric eigen decomposition based techniques such as, MUSIC model holds po-
tentials for efficient spectrum feature extraction from random time series signals.
Nevertheless such parametric based PSD estimation models are relatively unex-
plored in EEG feature extraction tasks. Specifically for the widely used SEED [39]
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[29] EEG waveform dataset for emotion recognition no prior researches are avail-
able, which investigate the performance of parametric eigen analysis based PSD
estimation models in feature extraction.

Rahman, Hossain, Hossain, et al., 2020 used a unique method of PCA and t-stat
analysis for feature extraction in EEG emotion recognition task. Zheng, 2017 ex-
plored grouped sparse canonical correlation analysis in predicting three distinct emo-
tional states. For the same dataset Zheng and Lu, 2015 and Chen, Miao, Yang, et
al., 2019 used differential entropy based feature extraction technique and investi-
gated critical frequency bands with deep belief network. Yang, Wu, Zheng, et al.,
2018 and Jin, Luo, Zheng, et al., 2017 both also used differential entropy based
feature extraction technique for emotion recognition tasks.

This research focuses on investigating the performance of MUSIC algorithm in such
feature space extraction. At first from the SEED multi channel EEG dataset, fea-
tures are extracted by implementing the MUSIC model for deep learning based
emotion recognition task. Then the performance of the MUSIC model in such fea-
ture extraction task was evaluated through intense feature space visualization and
comparing the classification accuracy with existing high performance classification
methods for the dataset.
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Chapter 4

Dataset

4.1 Description

Our experimented method for extracting feature informations from EEG brain waves
was evaluated on a publicly available EEG dataset, which is widely known as SEED
dataset. The Seed dataset is prepared by BCMI laboratory of Shanghai Jiao Tong
University.

Tracking
O, Glasses

Figure 4.1: Arrangement for 62 Channel EEG Brain Wave Acquisition in
Brain-like Computing and Machine Intelligence Laboratory, Shanghai Jiao Tong
University. [Source: seed dataset description page]

The selected EEG waveform dataset represents human emotions of three classes,
naming; Neutral Emotion State, Positive Emotion State and Negative Emotion
State. The distinct emotional states were evoked by showing film clips to each of
the subjects. Each film clip is easy to interpret and evokes a single desired targeted
emotion. The total number of subjects for the experiment were 15, with each subject
undergoing 15 trials for each of the emotional states. The total elapsed time for
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EEG waveform acquisition in each trial is 305 seconds, with each trial represents 62
channel EEG brain waves of a subject.
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Figure 4.2: Placement of EEG electrodes for EEG brain wave acquisition during
the experiment. [Source: seed dataset description page]

For each of the trails, the acquisition involved four distinct phases;

e Phase One: Subjects were given a hint regarding the content of the upcoming
film clip. Elapsed time for Phase one is 5 seconds.

e Phase Two: Selected movie clips were exhibited to the subject. Elapsed time
for each clip was 240 seconds.

e Phase Three: Subjects were given time to self assess the presented film clip.
Elapsed time for phase three was 45 seconds.

e Phase Four: Subjects were apprised to relax. Elapsed time for the last phase
was 15 seconds.

The Nyquist’s Sampling Theorem states that;
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Figure 4.3: Protocol for EEG brain wave acquisition for each subject. [Source:
seed dataset description page]

2 X fNyquist S fS (41)

Where fnyquist 1s the maximum frequency of a signal which has been sampled at fs.
As each trail data was downsampled to 200 Hz, after downsampling each trial data
holds the information band of 0 Hz to 100 Hz. The downsampling was followed by
a 0 Hz to 75 Hz bandpass filter. After downsampling and filtering, each trial retains
the information of 0 Hz to 75 Hz band EEG waveform of 62 channels. The works of
Duan, Zhu, and Lu, 2013 and Zheng and Lu, 2015 have meticulously discussed the
detailed methodology for constructing the dataset. The seed dataset has total of
675 trials, with 225 trials representing each of the three classes of emotional states.

4.2 Insights

In this research we have used the statistical visualization Seaborn library for data
visualization. 3D contour plots of the raw time series data revealed intriguing char-
acteristics of the dataset. It was found 17% of the total 675 trials contains at least
one overshooting channel out of total 62 channels. EEG evoked potential ranges
from 10pV to 1001V, on the other hand EMG evoked potential is in millivolt level
[32]. However some of the channels exhibited evoked potentials which ranges up to
5mV. The existence of such overshooting channels could be resulted from electrode
leakage or any other arbitrary issues during data acquisition.

Figure 4.4 shows 3D contour plots of faultless trials from subject 4 and figure 4.5
represents 3D contour plots of trials with overshooting/ corrupted channels. In
figure 4.4, evoked potentials ranges up to 200 pV for all the emotional states which
is within the evoked neural potential range. At the same time the contour plots
for the time series signals are distinguishable for the three psychological states. In
figure 4.5 (a), channel 45 (P1) contains recorded evoked potentials of 2500 pV or
2.5mV and channel 56 (PO6) contains recorded evoked potentials which ranges upto
10000 por 10mV, which lies within the voltage band of EMG signals.

Figure 4.6 (a) represents an ideal channel for EEG recording.In (a),(b),(c),(d) and
(e) of figure 4.6, the raw signal was filtered using an IIR filter with butter-worth
window for removing eye blink artifacts and baseline noise. Then an 500 impulse
FIR filter with hamming window was used for extracting a, § and v frequency
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Figure 4.4: 3D visualization of faultless trials (a) subject: 4, state: negative, trial:
3 (b) subject: 4, state: neutral, trial: 15 (c) subject: 4, state: positive, trial: 13
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Figure 4.5: 3D visualization of faulty trials with overshooting/ corrupted channels
(a) subject: 1, state: negative, trial: 3 (b) subject: 1, state: neutral, trial: 4 (c)
subject: 1, state: positive, trial: 15

bands, which contains the relevant psychological state information. A portion of
the whole signal is presented in the mentioned figure. Figure 4.6 (b) represents
a periodic saturation curve and definitely does not represent any correlated evoked
neural activity, as well as the voltage band ranges up to bmV. Figure 4.6 (c), (d) and
(e) all represents overshooting portions of larger time series signals. The maximum
value of overshooting channels voltage bands ranges from 0.6mV to 10mV. In each
of the cases multiple overshoots are observed in the channels.

The 3D contour plots for the full dataset is available here. Trials from subject
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Figure 4.6: Visualization of corrupted channels in respect to faultless ideal channel
(a) representing: ideal channel, subject: 1, state: negative, trial: 3, channel: FP1
(b) representing: corrupted channel, subject: 1, state: negative, trial: 3, channel:

POG6 (c) representing: corrupted channel, subject: 1, state: negative, trial: 1,
channel: FP2 (d) representing: corrupted channel, subject: 1, state: positive, trial:
10, channel: P1 (e) representing: corrupted channel, subject: 15, state: negative,
trial: 10, channel: C1

1 demonstrated most faulty trials with 100% trials from negative state containing
corrupt channels, neutral and positive states holds 60% and 66% trials containing
multiple corrupt channels respectively. Subject 9 have demonstrated least faulty
trials with no trials containing any corrupt channels. Table 4.1 represents the total
distribution of trials with overshooting corrupt channels.
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Subject No | Neg. State | Neu. State | Pos. State
Subject 1 15 9 10
Subject 2 2 null 4
Subject 3 1 null
Subject 4 1 null null
Subject 5 6 null 2
Subject 6 12 2 2
Subject 7 null 2 null
Subject 8 null null 2
Subject 9 null null null
Subject 10 1 2 3
Subject 11 null null null
Subject 12 null 3 3
Subject 13 8 null null
Subject 14 3 1 1
Subject 15 15 2 3
Total 64 21 31

Table 4.1: Distribution of Trials with Overshooting Corrupt Channels

4.3 Augmentation

Figure 4.7 represents phase wise brain activity for an arbitrary subject-trial. The
phase wise brain activity is clearly distinguishable and also varies with amplitude.
Phase wise segmentation is indispensable for efficient data augmentation in this
particular case, due to the unique process of data acquisition. Each augmented
trial should contain portion of information from all the four phases of parent trials,
this demands phase wise data separation at the beginning of data augmentation
process (unless data augmentation is performed by generating completely new data,
ex: implementation of Generative Adversarial Network Models). As per the data
acquisition documentation for the dataset, total original/ acquisition time duration
for a trial, T\, iginar is

Torig'mal = Tphase 1+ Tphase 2+ Tphase 3 + Tphase 4
= 5sec. + 240sec. 4 4bsec. + 15sec. (4.2)
= 305sec.

If the down-sampled signal length is L, then end point P, for a distinct phase n
can be computed as,

I n
P, = Z Tphase i (43)

T .. .
original i1
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The down-sampled phase duration, T;;ja”;glid will vary with the down-sampled signal
length, L. Using equation 4.3 phase end points and starting points were calculated
for precise visualization and data augmentations. Figure 4.8 illustrates the proposed

data augmentation technique for this dataset.
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Figure 4.7: Phase wise visualization for subject: 4, state: negative, trial: 3 (a)
phase 1: brain activity while conveying hint of the clip (b) phase 2: brain activity
during showcasing of the clip (c¢) phase 3: brain activity during self assessment (d)

phase 4: brain activity during rest state
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Figure 4.8: Proposed data augmentation technique.
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Chapter 5

Methodology

Figure 5.1 explains the work process of the conducted research briefly. Trial sepa-
ration for each of the subjects were conducted manually from the parent database.
Data visualization have provided undiscovered unique characteristics of the SEED
dataset, which have been discussed in details previously. Before pre-processing de-
tailed analysis of signal filters are conducted to derive the optimal method. The
parametric MUSIC model requires specific estimation about the signal character,
such requirement makes the model difficult to implement in terms of signals with
random characteristics. The algorithm analysis part explores such complexities in
terms of implementing MUSIC model for feature extraction tasks.

The pre-processing includes implementation of derived optimal signal filters and
time series dimensionality reduction. Multiple methods are introduced in each of
the steps. The feature space includes raw transformed frequency spectrum as well
as extracted statistical features from the frequency spectrum. Each of the method
are tested on keras sequencial MLP network, LSTM network and hybrid neural
networks (consisting of keras functional MLP-LSTM networks). Each of the steps
are discussed briefly from here.

5.1 Signal Filtering

As previously discussed all trials were downsampled to 200 Hz and holds the in-
formation band of 0 Hz to 75 Hz. Before specific psychological information band
extraction, a 2"? ordered butter-worth IIR Bandstop filter with half power frequency
band of 48 Hz to 52 Hz is implement. The notch filter is responsible for removing
any baseline noise. The butterworth function can be mathmatically denoted as [0],

1
1+ (&)™
were k denotes the number of order and €2, represents the cutoff frequency. Figure
5.2 represents comparison of raw signal and notch filtered signal to remove the
baseline noise for an arbitrary trial. It demonstrates that the frequency spectrum
for the signal are almost similar and the channel is not effected by such artifact. It
is observed that, the dataset do not demonstrate basline noise artifact. Eyeblink
artifacts are handled with the EAWICA toolbox [27], [33] after notch filtering.
The raw signal are then filtered to extract the relevant neural bands holding emo-
tional state information. To deduct an optimal and time efficient filtering method

|HGQ)|" = (5.1)
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Figure 5.1: Flow diagram explaining brief research methodology

FIR Hamming window, FIR Kaiser window and FIR Chebyshev window were tested.
Figure 5.3 output comparison of different FIR filters. For 4Hz to 40Hz band the
chebyshev window has a sharper cutoff. On the other hand kaiser window and ham-
ming window demonstrated similar performance. But as hamming window posses
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a better time complexity function, a higher order FIR hamming window of 500
data points is choosen. Equation for Hamming window and Kaiser window can be
mathmetially denoted as,

2

Hpamming (1) = 0.54 — 0.46 cos M”_”l (5.2)
M-1\2 o M-1)2

oy = VO (0= 22 .
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Figure 5.2: Comparison of raw signal vs IIR notch filtered signal for subject: 15,
state: negative, trial: 10, channel: FP1 (a) raw time series signal of downsampled
first 100 seconds and fft transformed spectrum (b) filtered time series signal of
downsampled first 100 seconds and fft transformed spectrum

Figure 5.4 represents phase wise fft transformed frequency spectrum after notch and
bandpass filtering with varying cutoff. EEG waveform holds 5 major bands; 9, 6,
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Figure 5.3: Comparison of different higher order 4 Hz to 40 Hz FIR bandpass filter
implementations for subject: 15, state: negative, trial: 10, channel: FP1 (a) FIR
Hamming Window (b) FIR Kaiser Window (c) FIR Chebyshev Window

a, 0 and v wave. As 0 band represents sleep waves and 6 band represents deeply
relaxed phase, both of them can be ignored for information extraction. Our bands of
interest should only represent attention and concentration states, as they are relevant
to the experiment. As a result, only «, § and + bands are our targeted extraction
bands. Figure 5.4 demonstrates that, a bandpass filter of 8Hz to 40Hz extraction
band do not exclude information from any specific phases.The visualization also
demonstrates that, a band is dominant across all the four phases.

5.2 MUSIC Model

The concept of signal and noise subspace is crucial for understanding the funda-
mentals of MUSIC algorithm. The vector, [z1(n) za2(n) x3(n) .. x,(n)] can be
considered as the signal subspace vector of an arbitrary signal y(n) if,
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y(n) = [x1(n) a(n) as(n) ... x,(n)] (5.4)
If, [2p11(n) @psa(n) xp3(n) ... wp(n)] vector represents the noise subspace for
the signal, then the signal y(n) can be represented as,

y(n) =z1(n) + z2(n) + ... + z,(n)+
Tp1(n) + Tpy2(n) + ..xL(n)
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Figure 5.4: Phase wise fft transformed frequency spectrum after implementing
different frequency band FIR and IIR filters for subject: 15, state: negative, trial:
10, channel: FP1 (a) IIR notch filter (b) IIR notch filter and 2 Hz to 40 Hz FIR
hamming window (c¢) IIR notch filter and 4 Hz to 40 Hz FIR hamming window (d)
IIR notch filter and 8 Hz to 40 Hz FIR hamming window

Here p represents the number of signal subspace. MUSIC algorithm estimates the
power spectral density of the targeted signal y(n) by, decomposing the signal auto
correlation function I'y, to it’s auto correlated function of signal subspace I';, and
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Figure 5.5: MUSIC transformed power spectrum density spectrum with varying
signal subspace estimation for subject: 15, state: negative, trial: 10, channel: FP1
(a) considering 4, 0, «, B and ~ bands as signal subspace vector (b) considering «,

S and  bands as signal subspace vector (c¢) undefined signal subspace vector

noise subspace o,,. The signal subspace and the noise subspace are orthogonal to
each other. The concept can be mathematically expressed as;

The dimension of I'y, is L x L and rank is p (number of subspace), where p < L.
Equation 5.6 can be furthered simplified into,

M
E (5 'U,L-H

i=p+1
A; represents the non zero eigenvalues for the range of i = 1 to p. v; is the eigenvector

and v is the Hermitian conjugate of the eigenvector. The term, \;v;vf represents
each signal subspace element of y(n). Equation 5.7 fully decomposes the targeted



signal and is considered the fundamentals of the MUSIC model. The targeted signal
can be represented as the complex sinusoidal vector s(w),

slw)y=[1 v e¥v . eMliv] (5.8)

The eigenvectors in noise subspace vy,.;s i denoted as,

Unoise ::[Up+1 Up+2 Upys ... Uk} (5.9)

Then the MUSIC model frequency estimator Pypsro(w) is stated as,

1
Pyvsic(w) = —; (5.10)

> [s" (w)vl

k=p+1

s (w) is the Hermitian conjugate of the vector s(w). After calculating the peaks
(estimated frequencies) of Pypygrc(w), the power spectrum can be calculated from

the following Pisarenko Harmonic equation [2], [7], [12], [35], [50].

COSW; COSWy ... COSWy P Yyy (1)

cos2w; €OS2ws ... €OS2wy| |Pa Yy (2)
= . (5.11)

COSPW; COSPWy ... cospw,| |P, Yoy (D)

Vergallo and Lay-Ekuakille, 2013 implemented MUSIC algorithm for brain source
localization and their findings suggest that the neural signal band is consist of
three source dipoles. As per their research, for an arbitrary EEG channel the
number of signal subspace depends mostly on the extracted information bands.
[5 0 o f ’y} can be generalized as the subspace vector for an arbitrary channel
holding all neural information bands.But as discussed previously, in this particular
case our targeted neural information bands only lies in the range of 8 Hz to 40 Hz.
For this the number of subspace, p in this particular case can be estimated as 3
and the subspace vector can be denoted as, [a 6] ﬂ . The figure 5.5 also clarifies
the estimated subspace vector. In figure 5.5(a) the three peaks clearly states the
presence of o, 8 and v bands, as the peaks can be found near 10 Hz, 15 Hz and 20
Hz for all the states. All the five bands are considered for calculating the spectrum
in figure 5.5(b), but the spectrum do not demonstrate any peaks near ¢ and  bands
(1 Hz to 8 Hz). Which clarifies the absence of these two information bands in the
target signal. The number of subspace are undefined (p = oo) in figure 5.5(c) and
the spectrum is calculated by only thresholding the eigenvalues for noise subspace.
The spectrum for negative state gives three major peaks which lies in the « (peak at
10 Hz), B (peak at 27 Hz) and v (peak at 35 Hz) bands. Each of the state spectrum
in figure 5.5(c) are clearly distinguishable and clarifies the estimated signal subspace
vector for the targeted EEG channels. Thus for the whole dataset transformation,
the MUSIC spectrum is calculated considering p = 3.

5.3 Pre-Processing and Feature Extraction

Figure 5.6 and figure 5.8 explains pre-processing and feature extraction method
which excludes the corrupt/ overshooting channels. Following the literature in Rah-
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Figure 5.6: Flow diagram for channel exclusion and dimensional reduction
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Figure 5.7: Visualization of the constructed Prefrontal PCA band (channels: FP1,
FPZ, FP2, AF3 and AF4, subject: 4, state: negative, trial: 13)

man, Hossain, Hossain, et al., 2020 only prefrontal, frontal, central, parietal and
occipetal channels are extracted, excluding the rest of the 22 channels. Each chan-
nel band matrix (M x N, M represents the number of channels and N represents the
number of data points) then filtered for handling basline noise and eye blink artifact
removal. After the initial filtering corrupt/ overshooting channels are excluded for
each M x N channel band matrices, followed by a 8 Hz to 40 Hz bandpass FIR filter
for extracting the relevant information band. Each clean channel band matrix are
than reduced to a single channel (1 x N dimentional vector) using principal compo-
nent analysis (PCA). Each PCA vector are than cascaded to form the reduced 5 x N
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Figure 5.9: Flow diagram explaining feature extraction process for 62 x 124 Tensor
from raw 62 x N dimension trials

dimensional trial vector. The work flow is designed to gain the maximum compu-
tational efficiency. Lastly, figure 5.9 demonstrated the pre-processing and feature
extraction methods which includes the overshooting channels.

The pre-processed time series matrices were then transformed using a MUSIC model
with a window of 50 overlapping data points. From the transformed spectrum the
band of 2 Hz to 45 Hz were extracted before statistical feature extraction and forming
the tensor matrix.

5.4 Training and Method Evaluation

For training and evaluation k-Fold cross validation technique is followed, where the
value of k is considered as 5. The dataset is splited in 5 equal folds, then the networks
are repeatedly trainined on 4 folds and tested on the remaining one fold. The
average accuracy from the five training:testing incident is evaluated, due to folding
each trial got the chance to appear in both training and testing set for atleast once.
We also explored the concept of Batch Normalization and Dropout on each of the
networks. Batch normalization layer normalizes weights from all of the nodes and
thus increases the training speed. Dropout layers randomly drops nodes to remove
network biasness. Figure 5.10 illustrates the fundamental concept of dropout. Each
feature matrix are evaluated on MLP networks, LSTM network and hybrid MLP-
LSTM networks. Apart from k-fold cross validation, random training:testing data
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ratios are also used to get further intuition about the feature space.

Multilayer Perceptron Network

For both of the feature spaces a fully connected 2 layer MLP network (L; : 512 nodes, L :
248 nodes) with relu activation function and a softmax classification layer are used.

Hybrid Network (MLP-LSTM)

The hybrid MLP-LSTM network is consist of 2 LSTM layers with 100 nodes each
(L1 and Ls), two perceptron layer (Ls : 512 nodes, Ly : 248 nodes) and a softmax
classification layer. The activation function used in this network is of type Relu.

LSTM network

The LSTM network is consist of 2 LSTM layers with 100 nodes each (L; and Lo)
and a softmax classification layer. For k-fold cross validation the LSTM network is
not tested, the network is tested on random spliting with fixed spliting ratios.

Figure 5.10: The concept of droptout
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Chapter 6

Result and Discussion

The MUSIC algorithm is widely used in array signal processing and source local-
ization due to extreme efficiency in DoA Estimation. Nevertheless the parametric
eigen decomposition based power spectral density estimator model is comparatively
unexplored in feature extraction tasks in emotion recognition, due to its complexity
in implementation. In this research, we investigated the performance of paramet-
ric eigen decomposition based MUSIC model for feature extraction task in subject
dependent emotion recognition from multi channel EEG recordings. In the inves-
tigated task, the MUSIC model based approach showed superiority than existing
feature extraction techniques in terms of class separability and feature space qual-
ity.

For the feature set constructed from the 62 x N dimensional pre-processed signal
matrix (considering all 62 channels), subject wise 5 fold cross validation accuracy
from the hybrid LSTM-MLP network is 97.4%. Proposed technique can be con-
sidered as the state of the art for this dataset, by comparing with existing high
performance subject wise classification models (Table 6.5 ).

The observed subject wise accuracy from the reduced signal matrix is 90%. Which
is superior than the observed subject wise accuracy from investigations which uses
non-parametric feature extraction model and utilizes similar signal pre-processing
technique.

As our additional findings suggest, specific trials from the seed dataset hold cor-
rupted channels demonstrating voltage bands much higher than desired EEG volt-
age bands. This channels can be considered as EMG artifacts or caused due to
electrode leakage current, and do not demonstrate any EEG information. Till now,
no research has handled these specific channels demonstrating corrupt data. As
discussed earlier for such particular cases, we have excluded the corrupt/ overshoot-
ing channels and then reduced the number of channels with PCA. In this case the
feature space is constructed from a 5 x N dimensional reduced signal matrix. From
this distinct feature space which excludes the corrupted channels, subject wise 5
fold cross validation accuracy from the MLP network is 86.53 %.
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6.1 5-Fold cross validation from feature space con-
structed without channel reduction

Fig 6.1 represents subject wise 5 fold cross validation accuracies from the MUSIC
feature space without reducing the number of channels, where the dimension for
each trial feature is 62 x 124. The MLP network demonstrates 100% accuracy for 6
out of 15 subjects. The hybrid LSTM-MLP network demonstrates such remarkable
state of the art performance for 7 subjects. Both the networks achieved over 97%
classification accuracy for 13 subjects out of 15.
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Figure 6.1: Subject wise 5 fold cross validation accuracy from MUSIC feature
space considering all 62 channels

Fig 6.3 and fig 6.2 represents subject wise precision, recall and F1 scores for both
of the networks on this particular feature space. The exceptionally high precision
values suggest that, both the networks are extremely efficient in predicting true
values for each of the states across all subjects.

Table 6.1 summarizes the observed state wise average Precision, Recall and F'1 scores
for this specific method. All of the average metric values are over 96.5%, which
suggest both the feature space and the networks demonstrates excellent performance
in each of the state classification tasks.

Network Metric Neg. (%) | Neu. (%) | Pos. (%)

Precision 97.78 % 96.82 % 97.53 %
MLP Recall 9751 % | 97.22% | 97.22 %
F1Score | 97.34 % | 96.65% | 96.89 %

Precision | 99.08 % | 98.91% | 96.76 %
LSTM-MLP | gecan 97.28 % | 96.95% | 98.34 %
F1 Score | 97.85% | 97.56 % | 97.11 %

Table 6.1: Average Precision, Recall and F1 Score from MLP and LSTM-MLP
networks considering all 62 channels
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Figure 6.3: Observed (a) precision (b) recall and (c¢) F1 scores from the MLP
classifier considering all 62 channels

6.2 5-Fold cross validation from feature space con-
structed after channel reduction

The 6 fold cross validation classification accuracy for subject 15 was observed to
be a staggering 100% for both 70% training data and 50% training data. The
classification accuracy for subject 14 and subject 13 with 50% training data was
observed to be near 95%. With 70% training data the classification accuracy was
over 90% for 13 subjects. The 6 fold cross validation classification accuracy was over
90% for 11 subjects with 50% training data. MUSIC feature space for each of the
subject except subject 4 and subject 9 have provided average accuracy of over 93%.
The PCA plots for subject 4 and subject 9 shows comparatively lower correlated
feature space for the MUSIC method and thus resulted in lesser accuracy than other
subjects.

The tabular Fig. 6.5 provides a detailed performance overview for the proposed
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Figure 6.5: Observed (a) precision (b) recall and (c) F1 scores from the MLP
classifier

method. The model demonstrate better precision for predicting trials from Positive
class, as the average precision for the Positive class is 95%. The average precision
from the Negative and Positive classes are 89.2% and 88.4% respectively. The Neg-
ative class shows a maximum average recall score of 97.5% from the MUSIC feature
space classification method. The average recall score for the Neutral and Positive
classes are 89% and 88.4% respectively. The model demonstrates the maximum
average F1 score of 92.5% for the Negative class. Average F1 score for the Positive
and Neutral classes are observed to be 91.2% and 88% respectively.

6.3 5-Fold cross validation from feature space con-
structed after exclusion of corrupt channels

The subject wise 5 fold cross validation accuracies for the feature space which ex-
cludes the overshooting/ corrupt channels prior to reducing the number of channels
with PCA, are represented in fig 6.6. The dimension for each of the trial feature is
5 x 124 for this distinct method. Both the networks performed satisfactory across all
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subjects except subject 4 and 9. Both the networks demonstrate average accuracy
of over 90% when subject 4 and subject 9 are excluded.
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Figure 6.6: Subject wise 5 fold cross validation accuracy from MUSIC feature
space excluding the corrupt channels

Fig 6.8 and fig 6.7 represents subject wise Precision, Recall and F1 score for this
method. As the F1 scores suggests, for subject 4 the hybrid network failed to predict
neutral and positive states. On the contrary, the MLP network achieved satisfactory
performance in predicting neutral states for this particular subject with 85.33 % F1
Score.

Table 6.2 summarizes the observed subject wise Precision, Recall and F1 scores for
further evaluating the feature space and network performance. Both the networks
comparatively performs better in predicting the negative sates, for this particular
feature space.
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Figure 6.7: Observed (a) precision (b) recall and (c¢) F1 scores from the hybrid
LSTM-MLP classifier excluding the corrupt channels
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Figure 6.8: Observed (a) precision (b) recall and (c¢) F1 scores from the MLP
classifier excluding the corrupt channels

Network Metric Neg. (%) | Neu. (%) | Pos. (%)

Precision 91.36% 89.28% 89.55%
MLP Recall 85.91% 92.17% | 89.17%
F1 Score | 86.94% 89.05% | 87.10%

Precision 92.20% 85.14% 87.20%
LSTM-MLP | gecan 89.06% 90.33% | 85.93%
F1 Score | 88.74% 85.30% | 83.88%

Table 6.2: Average Precision, Recall and F1 Score from MLP and LSTM-MLP
networks with excluding the corrupt channels prior to channel reduction

6.4 Arbitary feature set splitting with fixed Training :
Testing ratios

For deriving further intuition about the the quality of the feature extraction meth-
ods, the research undertakes additional network training with random dataset split-
ting retaining fixed training data:testing data splitting ratios. Three training :
testing data split ratios of 50 : 50, 60 : 40 and 70 : 30 are investigated on MLP,
LSTM and hybrid LSTM-MLP networks. Average accuracy from four random split-
ting incident for each case are represented in table 6.3. On the MLP network the
channel reduction technique demonstrated 93.81%, 96.16% and 97.8% for 50 : 50,
60 : 40 and 70 : 30 training : testing data ratios, respectively. In other cases all
three models demonstrated comparatively similar high performance. Such perfor-
mance illustrate the quality of MUSIC model based feature extraction technique
across diverge network architectures.

23



Pre-processing method Train:Test ratio Network Avg. Acc.

MLP 97.22%

50 : 50
LSTM 93.14%
LSTM-MLP 98.39%

Includes all 62 channels

MLP 97.58%

60 : 40
LSTM 94.31%
LSTM-MLP 98.50%
MLP 99.53%

70 : 30
LSTM 95.68%
LSTM-MLP 99.76%
MLP 93.81%

50 : 50
LSTM 86.56%
LSTM-MLP 93.17%

Excludes corrupt channels

MLP 96.16%

60 : 40
LSTM 88.45%
LSTM-MLP 93.86%
MLP 97.80%

70 : 30
LSTM 91.92%
LSTM-MLP 96.54%

Table 6.3: Average accuracies from arbitrary data splitting with fixed
Training : Testing ratios

6.5 Subject Independent Classification Accuracies

The subject independent classification accuracy are represented in figure 6.9, it rep-
resent network performance from 5 fold cross validation. The higher dimension
feature space, which is constructed considering all 62 channels demonstrated supe-
riority over the feature space constructed after reduction of channels.

For the feature space where the dimension of each trial matrix is 62 x 124 the LSTM
network showed better performance over the MLP network. The LSTM network
has a subject independent accuracy of 90% for the feature space which includes all
62 channels, and 75% for the feature space which excludes the corrupt channels.
The precision-recall and F'1 scores provides a detailed overview of the network per-
formance. For the higher dimensional feature space, both the network performed
better in classifying the negative state. Figure 6.10 represents observed precision
for both the network where the dimension of each trial is 62 x 124. Here the ob-
served precision from the LSTM network is 95%, 88%, and 89% for the negative,
neutral, and positive states, respectively. Figure 6.11 illustrates observed recall for
this specific feature space from both of the networks.

The F1 scores provides an overview of both precision and recall scores. Figure 6.12
illustrates that both the networks performed well in classifying each of the states.
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Figure 6.10: Observed precision from the network, where the dimension for each
trial feature is 62 x 124

For the feature space constructed after channel reduction figure 6.13, figure 6.14,
and figure 6.15 illustrates precision, recall, and f1 scores, respectively.

Our investigated methods for subject independent classification have been compared
with existing high performance classification methods on this dataset. Table 6.4
illustrates such comparison. From the comparison it is eminent that, the MUSIC
based feature extraction method outperforms the non-parametric approaches by
a large margin. M. A. Rahman et al. [100], F. Javier et al. [114], and Lan et
al. [77] achived 80%, 79%, and 72% classification accuracy with non-parametric
based feature extraction techniques. With 90% classification accuracy from the
LSTM network, our proposed technique also showed superiority over other feature
extraction techniques such as, auto-encoder or windowed time series approach for
subject independent classification.
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Figure 6.12: Observed F1 Score from the network, where the dimension for each

trial feature is 62 x 124

Author and Research Feature Extraction Method Classification Method Average Accuracy
Lan et al. [77] Differential Entropy Logistic Regression 2%
Arjun et al. [111] Attention Driven Higher Dimensional Features DNN 76%
Y. Cimtay et al. [37] Windowed Time Series CNN 78%
F. Javier et al. [114] Non-parametric MLP 79.6%
M.A.Rahman et al.[100] PCA and non-parametric Welch model Artificial Neural Network 80%
Li et al [78] Auto-encoder Based LSTM 84.2%
MLP network 88%
Proposed Method MUSIC model (Includes all 62 channels) Hybrid LSTM-MLP network 90%
Investigated Method MLP network 74%
(No prior investigation exist) MUSIC model (Excludes corrupt channels) Hybrid LSTM-MLP network 75%

Table 6.4: Performance comparison for subject independent classification approach,
with existing researches on emotional state classification for the SEED dataset
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Figure 6.14: Observed recall from the network, where the dimension for each trial
feature is 5 x 124

6.6 Effects of overshooting/ corrupt channels

Our research also implements higher dimensional visualization techniques for in-
terpreting the influence of the corrupted channels in the feature space. Fig 6.16,
represents three dimensional visualization of the constructed MUSIC feature space
for a trial demonstrating neutral stage of subject 1. In fig 6.16 (a), the feature space
is constructed from 62 x N dimensional signal matrix, which includes the corrupted
channels for this particular trial. In fig 6.16 (b) and fig 6.16 (c) the feature space is
constructed from 5 x N dimensional reduced signal matrix, but only the later repre-
sentation excludes the corrupted channels through peak finding. The overshooting
channels for this particular trial lies in the parietal and occipital bands.

Correspondingly in the 62 x 124 dimensional MUSIC feature space for the trial,
spectrum values for the rest of the channels are suppressed due to much higher
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Figure 6.16: Three dimensional visualization of the computed MUSIC spectrums
for subject: 1, state: negative, trial: 5 (a)considering all 62 channels (b)reducing
the number of channels (c¢) excluding the corrupt channels prior to channel
reduction

peaks generated from the overshooting channels in the § band. The feature space
extracted from the reduced signal matrix which also includes these overshooting
channels, the PCA,ccipitar and PC Apgprictr bands similarly suppress the spectrum
from rest of the bands. Removing the corrupt / overshooting channels from the
Occipital and Parietal bands provide the true spectrum distribution across all PCA
bands, which is represented in the fig. 6.16 (c).

Subsequently it can be observed in fig. 6.16 (a) and fig. 6.16 (b), the presence
of the corrupt channels generates high peaks which demonstrates § band compo-
nents. When the particular overshooting channels are excluded the S components
are significantly reduced and « band is dominating across all channels. Additionally
in such a case the presence of the v band can also be observed, which is absent
when the corrupted channels are present in the feature space. The high amplitude
peaks in the § bands suggests the presence of EMG artifacts in the trial due to the
corrupted channels. The corrupt/ overshooting channels demonstrate similar effects
across all subjects.
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Figure 6.17: Three dimensional visualization of the computed MUSIC spectrum
for negative state (left), neutral state (middle) and positive state (right) of
subject:12, trial: 14 (a) considering all 62 channels (b) excluding the corrupt
channels prior to channel reduction

Fig. 6.17 and fig. 6.18 represents feature space for subject 12 from MUSIC spectrum
and non-parametric (Welch) spectrum, respectively. As eminent from the figure,
MUSIC model demonstrates superiority in localizing the signal subspace bands.
For fig. 6.17 (a) and fig. 6.17 (b), the weight of the o band is significantly higher
across all the spectrums. The MUSIC spectrum visualizations interprets that, «
band is dominant for each of the states but varies with amplitude. For the frontal
and central channels, v components are also observed for the neutral and positive
states. Both 62 x 124 and 5 x 124 dimensional feature space demonstrates presence
of similar signal subspace bands.

For the MUSIC model it is observed from the visualizations, each state state demon-
strate exact frequency bands but significantly varies with amplitude. This behaviour
arises a problem in feature scaling. Feature scaling may reduce class separability in
this unique case, as bands in different classes may scaled into adjacent values. Due
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Figure 6.18: Three dimensional visualization of non-parametric (Welch) spectrum

for negative state (left), neutral state (middle) and positive state (right) of

subject:12, trial: 14 (a) considering all 62 channels (b) excluding the corrupt
channels prior to channel reduction

to this finding feature space was not scaled before network training.
For the non-parametric feature space in fig. 6.18 (a) and fig. 6.18 (b), spectral
variation for the signal sub space bands can be observed. Unlike the MUSIC model,
the non parametric spectrums can not localize specific signal subspace bands across
the trial. PCA,ccipitar band from the non-parametric feature space demonstrates
significant spectral weights for the § and # components, which should have been
absent due to prior FIR filtering.
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6.7 Comparison of features space quality

The k-fold validation results and the feature space visualization techniques both
suggest that, by reducing the number of channels the quality of the MUSIC feature
space is significantly reduced. The results from both of the pre-processing techniques
for constructing the MUSIC feature space are summarized in table ??7. The network
performance on the 45 x 62 x 124 dimensional feature space is exceptionally higher
than the feature space constructed by reducing the number of channels. Moreover,
the hybrid network demonstrates slightly better performance than the MLP network
for the feature extraction method which includes all 62 channels.

The research undertook extensive data visualization to better understand the ex-
tracted feature characteristics and behavior from the MUSIC model. From fig. 7?7 it
can be observed that, the o and the g bands holds the most weights in the spectrum
for each of the states, but significantly varies with amplitude. The positive spectrum
also demonstrate significant weights in the v bands across all subjects.

6.7.1 PCA Visualization

The first three principal components holds around 65% to 95% information for the
entire feature space, consequently three dimensional visualization of these three prin-
cipal components can provide explicit information. The PCA visualization in fig.
6.19 and fig. 6.20 demonstrates the quality for each of the feature spaces, as the
visualization can interpret class separability. In this regards the MUSIC model also
demonstrates superiority over classical non-parametric approach of feature extrac-
tion, for both of the signal pre-processing approaches.
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Figure 6.19: Three dimensional Principal Component visualization of (a) the
computed MUSIC feature space and (b) non-parametric (Welch) feature space
considering all 62 channels

Fig. 6.19 (a) represents the MUSIC feature space and fig. 6.19 (b) represents the
non-parametric (Welch) feature space, from the pre-processed 62 x N dimensional
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signal matrix. Fig. 6.20 (a) and fig. 6.20 (b) represents MUSIC and Welch fea-
ture spaces, respectively for 5 x N dimensional reduced signal matrix. For both
of the figures feature spaces which are generated from MUSIC model form more
separable clusters. As demonstrated in the visualization, Welch feature space of
subject 1, clearly can not distinguish neutral and positive states when all 62 chan-
nels are considered. On the contrary, with the exact identical signal pre-processing
approach PCA plots from MUSIC models demonstrates comprehensive class sepa-
rability. From fig. 6.20 (b) it can be observed that in terms of reducing the number
of channels, conventional non-parametric Welch model demonstrate much lesser ef-
ficiency in extracting desirable feature quality.
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Subject 12 Subject 13 Subject 15 Positive

(b)
Subject 12 Subject 13 Subject 15

~4003800q,

ZUOQQD%D 000000
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Figure 6.20: Three dimensional Principal Component visualization of (a) the
computed MUSIC feature space and (b) non-parametric (Welch) feature space
after excluding the corrupt channels prior to channel reduction

From comparing fig. 6.19 (a) and fig. 6.20 (a), it is eminent that the quality of the
feature space is significantly decreased when the number of channels are reduced.
The subject wise accuracies from k-fold cross validation also clarifies such behaviour.
Fig. 6.21 and fig. 6.22 demonstrates three dimensional principal component vi-
sualization for feature space extracted from MUSIC model and Welch model (non
parametric PSD estimator model), where number of channels were reduced without
excluding the overshooting channels. The PCA visualizations explains the results
in Tabular Fig. 6.4. The visualization assist to compare among the quality of these
two feature spaces. The MUSIC feature space demonstrates better class separabil-
ity than the Welch feature space, as the MUSIC feature space forms more specific
clusters in most cases.

From comparing fig. 6.19 (a) and fig. 6.20 (a), it is eminent that the quality of the
feature space is significantly decreased when the number of channels are reduced.
The subject wise accuracies from k-fold cross validation also clarifies such behaviour.
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6.7.2 Higher dimensional visualization

Parallel coordinate plot and swarm plots represents critical information such as,

class separability and correlation among variables regarding the visualized dataset
[115].
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Figure 6.23: Parallel coordinate visualization for subject 11 considering all 62
channels: feature index 2170 to 2220
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Figure 6.24: Parallel coordinate visualization for subject 11 considering all 62
channels: feature index 2220 to 2270

Parallal coordinate plot and swarm plots also represents similar feature attributes
which spectral contour plots and three dimensional PCA plots demonstrates. Though
parallel coordinate plots primarily exhibits correlation among each feature index, in
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Figure 6.25: Parallel coordinate visualization for subject 11 considering all 62
channels: feature index 2270 to 2320
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Figure 6.26: Swarm Plot visualization for subject 11 considering all 62 channels:
feature index 2170 to 2220

this particular case such correlation can not demonstrated across all the feature
indexes due to higher number of features. Rather selected feature index bands are
visualized, which contributes the most to the model due to higher class separability.
The swarm plots represents exact computational points for the network.

The higher dimensional visualizations also demonstrate some of the same feature
characters which have been observed from the spectrum contour plot. The feature
indexes which holds the spectrum information of «, # and ~ bands are visualized in
the parallel coordinate plots and they describes the separability of the classes in these
selected bands. The swamp plot for both the subjects shows exact computational
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Figure 6.27: Swarm Plot visualization for subject 11 considering all 62 channels:
feature index 2220 to 2270
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Figure 6.28: Swarm Plot visualization for subject 11 considering all 62 channels:
feature index 2270 to 2320

points used by the MLP network in these regions. For subject 11, feature data in
the index bands of 100 to 120, 150 to 170 and 200 to 240 show very good classes
separability, as they significantly varies with amplitude. For subject 15 feature data
in the index band of 120 to 140, 140 to 160 and 170 to 200 demonstrate similar
behaviour.
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Figure 6.29: Parallel coordinate visualization for subject 5 considering all 62
channels: feature index 100 to 115
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channels: feature index 160 to 180

68



Feature Values

0.0220

0.0215

0.0210

0.0205

N

L

I

|

226
227+
228
229

o =} 0
— N N
~ ~

~
Feature Index

Figure 6.31: Parallel coordinate visualization for subject 5 considering all 62
channels: feature index 210 to 230
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Figure 6.32: Swarm Plot visualization for subject 5 considering all 62 channels:
feature index 100 to 115

69



o~

comesmests o
oo mmn weed
esees mee o @
- oe dne

oo mmoos o

© o0 00 co0m o *
somonsmmece .

oo somme o -
cmamose o o o
o elames e

.
s om cecee see e
e soe e o
w eeee s o0 d o

o wewrw com oo
.

.

o S o 2 < o S
o 2 8 g 2 8 g
b 5 ] ] ] ] ]
g g g g g g g
s s s s s s s

sanjep sanjeay

€Lt

R

Feature Index

Figure 6.33: Swarm Plot visualization for subject 5 considering all 62 channels:

feature index 160 to 180
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Figure 6.34: Swarm Plot visualization for subject 5 considering all 62 channels:
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Figure 6.35: Parallel coordinate visualization for subject 5 after excluding the
corrupt channels prior to channel reduction: feature index 100 to 115
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Figure 6.36: Parallel coordinate visualization for subject 5 after excluding the
corrupt channels prior to channel reduction: feature index 160 to 180
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Figure 6.37: Parallel coordinate visualization for subject 5 after excluding the
corrupt channels prior to channel reduction: feature index 210 to 230
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Figure 6.38: Swarm Plot visualization for subject 5 after excluding the corrupt
channels prior to channel reduction: feature index 100 to 115
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Figure 6.39: Swarm Plot visualization for subject 5 after excluding the corrupt
channels prior to channel reduction: feature index 160 to 180
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Figure 6.41: Parallel coordinate visualization for subject 15 without excluding the
corrupt channels prior to channel reduction: feature index 120 to 140
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Figure 6.42: Parallel coordinate visualization for subject 15 without excluding the
corrupt channels prior to channel reduction: feature index 140 to 160
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Figure 6.43: Parallel coordinate visualization for subject 15 without excluding the
corrupt channels prior to channel reduction: feature index 175 to 195
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Figure 6.44: Swarm Plot visualization for subject 15 without excluding the corrupt
channels prior to channel reduction: feature index 120 to 140
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Figure 6.45: Swarm Plot visualization for subject 15 without excluding the corrupt
channels prior to channel reduction: feature index 140 to 160
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Figure 6.46: Swarm Plot visualization for subject 15 without excluding the corrupt
channels prior to channel reduction: feature index 175 to 195
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6.8 Activation Pattern with Neural Stimulation

Figure 6.47, figure 6.47, and figure 6.47 represents EEG topographies for three dis-
tinct emotional classes. It can be observed, the neural activation pattern varies
with targeted evoke. Negative states demonstrate high neural activation across all
regions. On the contrary, topographies from the neutral and positive classes demon-
strate similar neural activation maps.

Figure 6.47: Neural activation topography of an arbitrary trial representing
negative state from subject 15

‘

-

v

Alam—.

Figure 6.48: Neural activation topography of an arbitrary trial representing
neutral state from subject 15

The topographies illustrates that, in terms of both positive and neutral states the
central regions exhibits high neural activity. On the other hand, for the negative
state prefrontal, frontal, parietal, occipetal and central regions exhibits high neural
activity.
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Figure 6.49: Neural activation topography of an arbitrary trial representing
positive state from subject 15

Figure 6.47, figure 6.47, and figure 6.47 represents EEG topographies for three dis-
tinct emotional classes. It can be observed, the neural activation pattern varies
with targeted evoke. Negative states demonstrate high neural activation across all
regions. On the contrary, topographies from the neutral and positive classes demon-
strate similar neural activation maps.

The attributes of the targeted evokes are mainly responsible for such similarities.
During the acquisition phase, film clips were shown to participates which evoked
single targeted emotion. For the neutral and positive sates, the demonstrated film
clips were similar in genre. Due to such similar evoke types, these two classes
demonstrated similar topography. The topographies explains network performance
in terms of predicting each class. Due to such similarities F1 scores for neutral and
positive class were lower than the F'1 scores for negative class.

6.9 Comparison of results with existing researches

Comparing with existing high performance classification techniques on this particu-
lar SEED dataset, our 97% and 97.4% subject dependent classification accuracy on
MLP and Hybrid LSTM-MLP networks suggest that the proposed MUSIC model
can be considered state of the art for such feature extraction task. Table 6.5 makes
detailed comparison with existing works. M.A Rahman et al. [117] explores Welch
based brain topography for feature extraction and CNN for classification task, which
achieved around 94% accuracy. M.A.Rahman et al. also used exact same signal pre-
processing techniques that are followed in this research but used non-parametric
Welch model for feature extraction. A. Bhattacharyya et al. [112] explored modi-
fied wavelet based decomposition for feature extraction and auto-encoder based ran-
dom forest for classification, this particular approach also achieved accuracy level of
around 94%. W. Zheng et al. [74] used parametric PSD estimation models and F.
Wang et al. [106] used STFT for emotional feature extraction task which achieved
86.65% and 90.5% accuracy, respectively. As it is eminent from the comparison,
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our proposed approach achieves significant improvement. Additionally, none of the
existing researches made any investigation which consider the corrupt channels.

Author and Research Feature Extraction Method Classification Method Average Accuracy

Jin et al. [50] Differential Entropy Domain Adaptive Network 79.19%
W. L. Zheng et al. [71] Differential Entropy Disciminative Graph Regularization 79.28%
W. L. Zheng et al [10] Critical Frequency Band Investigation Deep Belief Network 86.08%
Y. Yang[G6] Differential Entropy Hierarchical Network 86.42%
M.A.Rahman et al.[100] PCA and non-parametric Welch model Artificial Neural Network 86.57%
W. Zheng et al.[541] Non-parametric Model Group Sparse Canonical Correlation Analysis 86.65%

Y. Luo et al.[60] Data augmentation approach Generative adversarial network 87%

X. Wu et al.[83] Connectivity Network SVM 87%

F. Yang et al.[34] High dimensional features ST-SBSSVM 89%
F. Wang et al.[106] STFT CNN 90.59%

W. Zheng et al.[30] Differential Entropy Discriminative graph regularized 91%

A. Bhattacharyya et al.[112] Wayvelet based decomposition Random Forest (Autoencoder based) 94.4%
M.A.Rahman et al.| ] Welch topographic map CNN 94.63%
Proposed Method MUSIC model (Includes all 62 channels) Hybrid lfg'll?l\/il-el\t/[vic;knetwork 9?77:;(0%

1 /

(No g;\i/gjtilr%j;:sligl\altciz)};ogxist) MUSIC model (Excludes corrupt channels) Hybrid 1}_g‘J’11_:)1\/i]-cl\t/IV‘I;_,cgknetwork Zggi?ﬁi

Table 6.5: Performance comparison with existing researches on emotional state
classification for the SEED dataset

As discussed previously the dataset contains a large number of trials, which holds
multiple corrupt/ overshooting channels. These overshooting channels were ignored
in previous researches on this dataset. Nevertheless, due to the existence of these
particular channels in the feature space the network will demonstrate biasness. Such
biasness will affect network performance on an external dataset, which does not hold
such flawed channels. Thereby these specific channels should be excluded prior to
feature extraction. Our investigated approach of removing these specific channels
prior to constructing the feature space has demonstrated 86.53% accuracy on the
network. This article is the first research to observe such extensive flaws in the
SEED dataset.

6.10 Computation Time Analysis

Fig 6.50 illustrates computation time for MUSIC model and non-parametric model
based feature extraction task, along with execution time for both of the signal pre-
processing methods investigated in this research. The computation time varies in-
tensively with the length of targeted matrix and across machine specifications. Each
of the task were executed in a intel CORE-i5 processor with 32 GB DDR4 RAM,
512GB SSD Memory and 4 GB NVIDIA GEFORCE GTX 960M graphics card. The
length of each trial were duly considered for the computation time analysis. Table
6.6 summarizes the run time analysis.
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Non-parametric Transformation

Non-parametric Transformation after Channel Reduction
MUSIC Transformation

MUSIC Transformation after Channel Reduction

Signal Filtering
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Figure 6.50: Run time comparison of various methods for multi channel EEG
pre-processing and feature extraction tasks

Trial dimension | Channel length(N) | Welch (sec) | MUSIC (sec) | Optimization %

below 40000 28.30 (sec.) 1.32 (sec.) 95.33 %

62 x N 40000 to 45000 31.09 (sec.) 1.35 (sec.) 95.65 %
45000 to 50000 35.05 (sec.) 1.38 (sec.) 96.07 %

50000 to 55000 39.36 (sec.) 1.39 (sec.) 96.47 %

below 40000 2.37 (sec.) 0.12 (sec.) 94.94 %

5x N 40000 to 45000 2.46 (sec.) | 0.14 (sec.) 94.31 %
45000 to 50000 2.64 (sec.) 0.13 (sec.) 95.07 %

50000 to 55000 2.79 (sec.) 0.13 (sec.) 95.34 %

Table 6.6: Investigated computation time meta data for non-parametric feature
extraction method (Welch model) vs MUSIC model

From fig 6.50 it is eminent that, non-parametric feature extraction techniques are
computation heavy. Though the pre-processing techniques which considers all 62
channels enhances the quality of feature space, the technique is computationally
expensive. MUSIC spectrum exhibits far greater superiority in terms of computation
time. Even for a full 62 channel trial the computation time was investigates near
1.3 sec., on the contrary the non-parametric estimation models required around 28
sec. to 40 sec in a prioritized thread. As per table 6.6 illustrates, MUSIC model
can optimize computation time for feature extraction tasks around 94% to 96%.
With PCA based pre-processing approach, the feature extraction time is just around
0.1 seconds. The results from the computation time analysis suggests that, with
implementation of MUSIC model along with PCA based pre-processing techniques
EEG based BCI system can achieve comparatively real time performance.
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Chapter 7

Conclusion

Owing to the complexity in implementing MUSIC algorithm for random signals, the
algorithm is rarely investigated in feature extraction tasks for neural signals. In this
research we investigated the performance of MUSIC algorithm in neural informa-
tion processing by implementing MUSIC model based feature extraction method for
emotional state recognition task from multi-channel EEG recordings. With a Hybrid
LSTM-MLP network, the MUSIC model generated feature space achieves state of
the art 97.4% accuracy on the SEED emotional dataset. Our investigation also finds
that significant number of trials in the SEED dataset hold corrupt or overshooting
channels which were previously overlooked and we have also investigated the effects
of these channels on subject dependent classification task. We achieved a subject
dependant emotional state classification accuracy of 86.53% after excluding these
specific channels. We then compared the quality of the MUSIC model generated
feature space with feature space generated implementing conventional menthods.
Additionally in this paper we also explored a data augmentation technique partic-
ularly for the SEED dataset, which may be further investigated for improving the
performance of both subject dependant and subject independent classification tasks.
Finally our computation time analysis of various methods illustrates that, MUSIC
model can optimize 94% to 95% run time in similar feature extraction tasks. Such
findings suggest that MUSIC algorithm has great prospect in real time BCI appli-
cations.
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Appendix A Repository For EEG
Feature Extraction Module

The MUSIC based feature extraction module is developed for Matlab. The code-
based uses modular architecture and can be applied on any EEG dataset for feature
extraction task. The module can handle different number of channels (works for 62
channels/32 channels and 16 channels EEG signals).

Transforming : D:\Thesis\Seed_Dataset\Subject 1\

run_transform_subject_func =
@run_transform_subject
run_transform_directory_func =
@run_transform_directory
Transforming : D:\Thesis\Seed_Dataset‘\Subject 1\Negatiwe\

Transforming Files from : D:\Thesis\Seed_Dataset\Subject 1\Negative\

get_feature_matrix_func =

@get_feature_matrix
reading files from : neg_l.mat
neg_l.mat : Extracting Principal Components and Filtering Signal...
neg_l.mat : Completed Extraction and Filtering in 26.5142sec
neg_l.mat : Computing Welch Spectrum...
neg_l.mat : Completed Welc Computation in 3.7724sec
neg_l.mat : Computing Music Spectrum...
neg_l.mat : Completed Music Computation in @.56592sec
neg_l.mat : Generating Feature Matrixes...
neg_l.mat : Saving Matrixes...&...Gathering Meta Data
neg_l.mat : Transformation Ended Successfully

2 of 15 running.

get_feature_matrix_func =
@get_feature_matrix
reading files from : neg_1@.mat

neg_l@.mat : Extracting Principal Components and Filtering Signal...
neg_la. Completed Extraction and Filtering in 7.6112sec

neg_14. Computing Welch Spectrum...

neg_1a. Completed Welc Computation in 4.841sec

Computing Music Spectrum...

Completed Music Computation in @.26178sec
Generating Feature Matrixes...

Saving Matrixes...&...Gathering Meta Data
Transformation Ended Successfully

get_feature_matrix_func =
@get_feature_matrix

reading files from : neg_l1.mat

neg_ll.mat : Extracting Principal Components and Filtering Signal...

neg_1l.m Completed Extraction and Filtering in 8.284sec

neg_11. Computing Welch Spectrum...

neg_11. Completed Welc Computation in 4.19Gsec

neg_11. Computing Music Spectrum...

neg_11. Completed Music Computation in @.20776sec

neg_11. Generating Feature Matrixes..

neg_11. Saving Matrixes...&...Gathering Meta Data
Transformation Ended Successfully

neg_1l.mat

get_feature_matrix_func =

Figure 7.1: Sample Log 1
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Github Repository

The github repository have been made public here.

Iteration 13 of 15 running.
get_feature_matrix_func =

@get_feature_matrix
reading files from : neg_7.mat
neg_7.mat : Extracting Principal Components and Filtering Signal...
neg_7.mat : Completed Extraction and Filtering in 8.5sec
neg_7.mat : Computing Welch Spectrum...
neg_7.mat : Completed Welc Computation in 3.389sec
neg_7.mat : Computing Music Spectrum...
neg_7.mat : Completed Music Computation in 8.23126sec
neg_7.mat : Generating Feature Matrixes...
neg_7.mat : Saving Matrixes...&...Gathering Meta Data
neg_7.mat : Transformation Ended Successfully

get_feature_matrix_func =

@get_feature_matrix
reading files from : neg_B8.mat
neg_8.mat : Extracting Principal Components and Filtering Signal...
neg_8.mat : Completed Extraction and Filtering in 7.9218sec
neg_8.mat : Computing Welch Spectrum...
neg_8.mat : Completed Welc Computation in 4.6427sec
neg_8.mat : Computing Music Spectrum...
neg_8.mat : Completed Music Computation in 8.17581sec
neg_8.mat : Generating Feature Matrixes...
neg_8.mat : Saving Matrixes...&...Gathering Meta Data
neg_8.mat : Transformation Ended Successfully

get_feature_matrix_func =

@get_feature_matrix
reading files from : neg_9.mat
neg_9.mat : Extracting Principal Components and Filtering Signal...
neg_%9.mat : Completed Extraction and Filtering in 7.9@83%sec
neg_%9.mat : Computing Welch Spectrum...
neg_%9.mat : Completed Welc Computation in 3.9825sec
neg_9.mat : Computing Music Spectrum...
neg_9.mat : Completed Music Computation in 8.12484sec
neg_%9.mat : Generating Feature Matrixes...
neg_%9.mat : Saving Matrixes...&...Gathering Meta Data
neg_%9.mat : Transformation Ended Successfully

3.3666 minutes.

get_feature_matrix_func =
@get_feature_matrix

Figure 7.2: Sample Log 2

7.1 Documentation for the Repository

In-detailed documentation for the repository and how each module is designed are
discussed here.

7.1.1 Scripts and how they work

There are total of 7”7.mlx” scripts each holds functions for performing separate tasks
and all of them reusable for any EEG dataset. The main script for running the repo
is: “transform_dataset.mlx”.
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“transform_dataset.mlx”, “transform_directory.milz” and “transform_subject.mlz” script
for navigating through the dataset directory. As per the dataset directory architec-
ture and location, these scripts are required minor modifications.

"make_one_file.mlz” pre processes a signle EEG trial (or file). It uses functions from
from "extract_channels_script.mlx” for reducing the number of channels with Prin-
cipal Component Analysis and functions from ”spectrum_transformation_script.mix”
for getting transformed spectrum matrices with multiple parametric and non-parametric
methods.

The 7spectrum_transformation_script.mlz” can be modified to add additional spec-
trum transformation methods. The "extract_channels_script.mlz” uses ”filter_signal
_matriz_script.mlz” for FIR and IIR filtering task. Filtering tasks is computation
intensive with overlapping windows and higher orders, thats why to optimize the
process relevant channels are extracted first before filtering. After extracting the
channels, each ” Prefrontal”, ” Frontal”, ”Central”, ” Parietal” and ” Occiepital”
bands are reduced with Principal Component Analysis. Each section of the scripts
are written by following modular architecture and are reusable with minor modifi-
cation.

7.1.2 Output

The repo extracts 75 x 124”7 dimensional parametric MUSIC and non-parametric
Welch spectrum features from each 762 x N” dimensional EEG trials. It also gener-
ates an excel sheet holding meta data for computational time for each task. Fiugre
7.1 and figure 7.2 demonstrates sample log file for the repo.

7.1.3 Targeted Dataset

The repo is aimed to tranformed the SEED dataset for emotion recognition. The
dataset hold 675 trials of three classes (Negative State, Neutral State, Positive State)
for 15 subjects. The acquisition have been perfomred with a 62 electrode EEG
headset. Details documentation is available here.
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Appendix B Repository for 3D
Time Series Visualization of
Multichannel EEG Dataset

Visualizing the dataset before starting analysis helps in many ways. For example;
this code base visualize each trial (62 x N Dimensions) of the SEED EEG dataset.
The 3D contour plots tells a lot about the dataset. It shows most of the trial contains
corrupted channels, they demonstrate signals which exceeds the EEG voltage band
(generally it the voltage band lies within micro volt range). Notably these corrupted
overshooting channels lies mostly in ”Occipetal” bands. All generated 3D images
are available here. Additionally, these channels are not affected by eye blinking
activity (as eye blinking incidents were handled and matlab 1 dimensional plots for
the channel demonstrates unique wave patterns). Such findings have effected the
methodology of the research by opening new dimesions for exploration.

7.2 Github Repository

The github repository have been made open source and available here.

7.3 Scripts

The "run_analysis.py” is the main script to generate and save 675 3d plots for the
"SEED” multichannel EEG dataset. The ” Dataset_Analysis_Class” needs to be
modified as per the targeted dataset. The "Mat_File” class is for reading mul-
tichannel EEG matlab data files and generate required parameters for plotting.
The " Subject_Class” and ” Dir_Class” handles the plotting of each subject for the
dataset.

Spectrum 3D contour plots, feature space parallel coordinate plots, swamp plots and
3D PCA plots for the whole dataset can be generated by extending the following
three classes; " Mat_File”, ” Dir_Class” and 7 Subject_Class”.

7.4 Required Libraries

mpl _toolkits.mplot3d, matplotlib, seaborn, scipy.io, numpy, pandas, 0s.

85



Bibliography

1]

[10]

[11]

[12]

[13]

P. Cloake, “The influence of the diencephalon (‘tween brain) on metabolism,”
Journal of the Royal Society of Medicine, vol. 20, pp. 1643-1656, 1927.

J. Proakis and D. Manolakis, “Digital signal processing: Principles, algo-
rithms, and applications,” 1992.

M. Vosvrda, “Discrete random signals and statistical signal processing: Charles
w. therrien,” Autom., vol. 29, p. 1617, 1993.

A. Parent and M. Carpenter, “Carpenter’s human neuroanatomy,” 1996.

K. Saladin, “Anatomy & physiology: The unity of form and function,” 1997.

S. S. Haykin and B. V. Veen, Signals and Systems, 1st. USA: John Wiley &
amp; Sons, Inc., 1998, 1SBN: 0471138207.

J. Mosher, S. Baillet, and R. Leahy, “Eeg source localization and imaging
using multiple signal classification approaches.,” Journal of clinical neuro-
physiology : official publication of the American Electroencephalographic So-
ciety, vol. 16 3, pp. 225-38, 1999. [Online|. Available: https://journals.lww.
com/clinicalneurophys/Fulltext/1999/05000/ EEG_Source_Localization_and_
Imaging_Using_Multiple.4.aspx.

D. Millett, “Hans berger: From psychic energy to the eeg,” Perspect Biol
Med, vol. 44, no. 4, pp. 522-542, 2001. por: doi:10.1353 /pbm.2001.0070.
[Online]. Available: https://pubmed.ncbi.nlm.nih.gov/11600799/.

K. Karbowski, “Hans berger (1873-1941),” Journal of Neurology, vol. 249,
no. 8, pp. 1432-1459, 2002. por: 10.1007 /s00415-002-0872-4. [Online].
Available: https://doi.org/10.1007/s00415-002-0872-4.

A. Alkan, E. Koklukaya, and A. Subasi, “Automatic seizure detection in eeg
using logistic regression and artificial neural network,” Journal of Neuro-
science Methods, vol. 148, pp. 167-176, 2005. DO1: 10.1016/j.jneumeth.2005.
04.009.

J. Healey and R. Picard, “Detecting stress during real-world driving tasks us-
ing physiological sensors,” IEEE Transactions on Intelligent Transportation
Systems, vol. 6, no. 2, pp. 156-166, 2005. por: 10.1109/TITS.2005.848368.

S. Beniczky, P. Oturai, J. Alving, A. Sabers, M. Herning, and M. Fabricius,
“Source analysis of epileptic discharges using multiple signal classification
analysis,” NeuroReport, vol. 17, pp. 1283-1287, 2006. por: 10.1097/01.wnr.
0000230517.93714.16.

K. Blinowska and P. Durka, “Electroencephalography (eeg),” 2006.

86



[14]

[15]

[24]

[25]

[26]

[27]

28]

S. Debener, M. Ullsperger, M. Siegel, and A. K. Engel, “Single-trial eeg—fmri
reveals the dynamics of cognitive function,” Trends in Cognitive Sciences,
vol. 10, no. 12, pp. 558-563, 2006, 1SSN: 1364-6613. DOI: https://doi.org/10.
1016/j.tics.2006.09.010. [Online]. Available: https://www.sciencedirect.com/
science/article/pii/S1364661306002725.

N. Tsuchiya and R. Adolphs, “Emotion and consciousness,” Trends in Cog-
nitive Sciences, vol. 11, no. 4, pp. 158-167, 2007, 1SSN: 1364-6613. DOI: https:
//doi.org/10.1016/j.tics.2007.01.005. [Online]. Available: https://www.
sciencedirect.com/science/article/pii/S1364661307000551.

S. Aydin, “Comparison of power spectrum predictors in computing coherence
functions for intracortical eeg signals,” Annals of Biomedical Engineering,
vol. 37, pp. 192-200, 2008. po1: 10.1007/s10439-008-9579-8.

C. D. Katsis, N. Katertsidis, G. Ganiatsas, and D. 1. Fotiadis, “Toward emo-
tion recognition in car-racing drivers: A biosignal processing approach,” IEEE

Transactions on Systems, Man, and Cybernetics - Part A: Systems and Hu-
mans, vol. 38, no. 3, pp. 502-512, 2008. po1: 10.1109/TSMCA.2008.918624.

M. Kutz, “Biomedical engineering and design handbook,” 2009.
R. Snell, “Clinical neuroanatomy, 7e,” 2009.

E. D. Ubeyli, “Analysis of eeg signals by implementing eigenvector meth-
ods/recurrent neural networks,” Digit. Signal Process., vol. 19, pp. 134-143,
2009. por: 10.1016/j.dsp.2008.07.007.

S. Waldman, “Comprar pain review — steven d. waldman — 9781416058939
— saunders,” 2009.

J. Kunimatsu and M. Tanaka, “Roles of the primate motor thalamus in the
generation of antisaccades,” The Journal of Neuroscience, vol. 30, pp. 5108—
5117, 2010.

A. Naghsh-Nilchi and M. Aghashahi, “Epilepsy seizure detection using eigen-
system spectral estimation and multiple layer perceptron neural network,”
Biomed. Signal Process. Control., vol. 5, pp. 147-157, 2010. po1: 10.1016/j.
bspc.2010.01.004.

X.-f. Zhang, L. Xu, L. Xu, and D. Xu, “Direction of departure (dod) and
direction of arrival (doa) estimation in mimo radar with reduced-dimension
music,” IEEE Communications Letters, vol. 14, pp. 1161-1163, 2010. DOTI:
10.1109/LCOMM.2010.102610.101581.

Y. Liu, O. Sourina, and M. K. Nguyen, “Real-time eeg-based emotion recog-
nition and its applications,” Trans. Comput. Sci., vol. 12, pp. 256277, 2011.

C. Morin, “Neuromarketing: The new science of consumer behavior,” Society,
vol. 48, no. 2, pp. 131-135, 2011. por: 10.1007/s12115-010-9408-1. [Online].
Available: https://doi.org/10.1007/s12115-010-9408-1.

N. Mammone, F. La Foresta, and F. C. Morabito, “Automatic artifact re-
jection from multichannel scalp eeg by wavelet ica,” IEEE Sensors Journal,
vol. 12, no. 3, pp. 533-542, 2012. por1: 10.1109/JSEN.2011.2115236.

K. Bhakhri and P. Punjabi, “Book review: Goldberger’s clinical electrocar-
diography. a simplified approach,” Perfusion, vol. 28, pp. 170-170, 2013.

87



[29]

[30]

[31]

32]

[33]

[34]

R.-N. Duan, J.-Y. Zhu, and B.-L. Lu, “Differential entropy feature for eeg-
based emotion classification,” 2013 6th International IEEE/EMBS Confer-
ence on Neural Engineering (NER), pp. 81-84, 2013. por: 10.1109/NER.
2013.6695876.

P. Vergallo and A. Lay-Ekuakille, “Brain source localization: A new method
based on multiple signal classification algorithm and spatial sparsity of the
field signal for electroencephalogram measurements.,” The Review of scien-
tific instruments, vol. 84 8, 2013. DOI: 10.1063/1.4818966.

R. Jenke, A. Peer, and M. Buss, “Feature extraction and selection for emotion
recognition from eeg,” IEEE Transactions on Affective Computing, vol. 5,
pp. 327-339, 2014. por: 10.1109/TAFFC.2014.2339834.

S. Jirayucharoensak, S. Pan-Ngum, and P. Israsena, “Eeg-based emotion
recognition using deep learning network with principal component based co-
variate shift adaptation,” The Scientific World Journal, vol. 2014, 2014. DOT:
http://dx.doi.org/10.1155/2014/627892.

N. Mammone and F. C. Morabito, “Enhanced automatic wavelet independent
component analysis for electroencephalographic artifact removal,” Entropy,
vol. 16, no. 12, pp. 6553-6572, 2014, 1SSN: 1099-4300. DOI: 10.3390/e16126553.
[Online]. Available: https://www.mdpi.com/1099-4300/16,/12/6553.

C. Stevenson, M. Brookes, J. D. Lépez, L. Troebinger, J. Mattout, W. Penny,
P. Morris, A. Hillebrand, R. Henson, and G. Barnes, “Does function fit struc-
ture? a ground truth for non-invasive neuroimaging,” Neuroimage, vol. 94,
pp. 89-95, 2014. DOIL: http://dx.doi.org/10.1016/j.neuroimage.2014.02.033.

H. Tang, “Doa estimation based on music algorithm,” 2014.

W.-L. Zheng, J.-Y. Zhu, Y. Peng, and B.-L.. Lu, “Eeg-based emotion clas-
sification using deep belief networks,” 2014 IEEE International Conference
on Multimedia and Ezpo (ICME), pp. 1-6, 2014. por: 10.1109/ICME.2014.
6890166.

S. Siuly and Y. Li, “Designing a robust feature extraction method based on
optimum allocation and principal component analysis for epileptic eeg signal
classification,” Computer methods and programs in biomedicine, vol. 119 1,
pp. 29-42, 2015. DOT: http://dx.doi.org/10.1016/j.cmpb.2015.01.002.

S. Standring, “Gray’s anatomy: The anatomical basis of clinical practice,”
2015.

W.-L. Zheng and B.-L. Lu, “Investigating critical frequency bands and chan-
nels for eeg-based emotion recognition with deep neural networks,” IFEFE
Transactions on Autonomous Mental Development, vol. 7, pp. 162-175, 2015.
DOI: 10.1109/TAMD.2015.2431497.

——, “Investigating critical frequency bands and channels for eeg-based emo-
tion recognition with deep neural networks,” IEEE Transactions on Au-
tonomous Mental Development, vol. 7, pp. 162-175, 2015.

M. Ali, A. H. Mosa, F. Al Machot, and K. Kyamakya, “Eeg-based emo-
tion recognition approach for e-healthcare applications,” in 2016 Eighth In-
ternational Conference on Ubiquitous and Future Networks (ICUFN), 2016,
pp. 946-950. por1: 10.1109/ICUFN.2016.7536936.

88



[42]

[43]

[44]

[45]

[46]

[48]

[49]

S. Bhattacharyya, A. Khasnobish, P. Ghosh, A. Mazumder, and D. Tibare-
wala, “A review on brain imaging techniques for bci applications,” Medical
Imaging: Concepts, in Methodologies, Tools, and Applications, pp. 300-331,
2016. por: https://doi.org/10.4018 /978-1-5225-0571-6.ch012. [Online].
Available: https://www.igi-global.com /chapter/a-review-on-brain-imaging-
techniques-for-bci-applications/159719.

A. Athanasiou, I. Xygonakis, N. Pandria, P. Kartsidis, G. Arfaras, K. R.
Kavazidi, N. Foroglou, A. Astaras, and P. Bamidis, “Towards rehabilitation
robotics: Off-the-shelf bci control of anthropomorphic robotic arms,” BioMed
Research International, vol. 2017, 2017. poI: https://doi.org/10.1155/2017/
5708937.

M. X. Cohen, “Where does eeg come from and what does it mean?” Trends
in Neurosciences, vol. 40, no. 4, pp. 208-218, 2017, 1SSN: 0166-2236. DOTI:
https://doi.org /10.1016 /j.tins.2017.02.004. [Online|. Available: https:
//www.sciencedirect.com/science/article /pii/S0166223617300243.

J. Giron-Sierra, “Digital signal processing with matlab examples, volume 1,”
2017.

M. Hosseini, D. Pompili, K. Elisevich, and H. Soltanian-Zadeh, “Optimized
deep learning for eeg big data and seizure prediction bci via internet of
things,” IEFE Transactions on Big Data, vol. 3, pp. 392-404, 2017. DOTI:
10.1109/TBDATA.2017.2769670.

S. Jahani, A. L. Fantana, D. Harper, J. M. Ellison, D. A. Boas, B. P. Forester,
and M. A. Yucel, “Fnirs can robustly measure brain activity during memory
encoding and retrieval in healthy subjects,” Nature Scientific Reports, vol. 7,
no. 1, 2017. por: 10.1038 /s41598-017-09868-w. [Online|. Available: https:
//doi.org/10.1038 /s41598-017-09868-w.

M. A. Jatoi, N. Kamel, and S. Musavi, “Framework for estimating active
brain sources using music and root music,” 2017 International Conference
on Innovations in FElectrical Engineering and Computational Technologies
(ICIEECT), pp. 1-6, 2017. por: 10.1109/ICIEECT.2017.7916546.

Y.-M. Jin, Y. Luo, W.-L. Zheng, and B.-L. Lu, “Eeg-based emotion recog-
nition using domain adaptation network,” 2017 International Conference on
Orange Technologies (ICOT), pp. 222-225, 2017. por: 10.1109/ICOT.2017.
8336126.

——, “Eeg-based emotion recognition using domain adaptation network,”
2017 International Conference on Orange Technologies (ICOT), pp. 222—
225, 2017.

S. Poormohammad and F. Farzanch, “Precision of direction of arrival (doa)
estimation using novel three dimensional array geometries,” Aeu-international
Journal of FElectronics and Communications, vol. 75, pp. 3545, 2017. DOT:
https://doi.org/10.1016/j.acue.2017.02.013.

V. Rasoulzadeh, E. C. Erkus, T. A. Yogurt, I. Ulusoy, and S. Zergeroglu,
“A comparative stationarity analysis of eeg signals,” Annals of Operations
Research, vol. 258, pp. 133-157, 2017. por: DOI10.1007/s10479-016-2187-3.

89



[53]

[54]

[55]

[56]

[60]

[61]

[62]

W. Zheng, “Multichannel eeg-based emotion recognition via group sparse
canonical correlation analysis,” IEEE Transactions on Cognitive and Devel-
opmental Systems, vol. 9, pp. 281-290, 2017. por: 10.1109 /TCDS.2016.
2587290.

——, “Multichannel eeg-based emotion recognition via group sparse canoni-
cal correlation analysis,” IEEFE Transactions on Cognitive and Developmental
Systems, vol. 9, pp. 281-290, 2017.

H. Dabas, C. Sethi, C. Dua, M. Dalawat, and D. Sethia, “Emotion classifi-
cation using eeg signals,” in CSAI ’18, 2018.

A. Giri, L. Kumar, and T. Gandhi, “Eeg dipole source localization in hemi-
spherical harmonics domain,” 2018 Asia-Pacific Signal and Information Pro-
cessing Association Annual Summit and Conference (APSIPA ASC), pp. 679—
684, 2018. pOT1: 10.23919/APSIPA .2018.8659466.

M.-H. Lin, S. N. N. Cross, W. J. Jones, and T. L. Childers, “Applying eeg in
consumer neuroscience,” Furopean Journal of Marketing, vol. 52, pp. 6691,
2018. por: 10.1108/EJM-12-2016-0805.

Y.-J. Liu, M. Yu, G. Zhao, J. Song, Y. Ge, and Y. Shi, “Real-time movie-
induced discrete emotion recognition from eeg signals,” IEFE Transactions
on Affective Computing, vol. 9, no. 4, pp. 550-562, 2018. por: 10.1109 /
TAFFC.2017.2660485.

F. Lotte, L. Bougrain, A. Cichocki, M. Clerc, M. Congedo, A. Rakotoma-
monjy, and F. Yger, “A review of classification algorithms for eeg-based

brain-computer interfaces: A 10 year update.,” Journal of neural engineering,
vol. 15, 2018. DOI: https://doi.org/10.1088/1741-2552 /aab2f2.

Y. Luo, “Eeg data augmentation for emotion recognition using a conditional
wasserstein gan,” 2018 40th Annual International Conference of the IEEFE
Engineering in Medicine and Biology Society (EMBC), pp. 2535-2538, 2018.

W. Mcclay, “A magnetoencephalographic/encephalographic (meg/eeg) brain-
computer interface driver for interactive ios mobile videogame applications
utilizing the hadoop ecosystem, mongodb, and cassandra nosql databases,”
Diseases, vol. 6, 2018. DoI: 10.3390/diseases6040089.

R. Ramirez, J. Planas, N. Escude, J. Mercade, and C. Farriols, “Eeg-based
analysis of the emotional effect of music therapy on palliative care cancer
patients,” Frontiers in Psychology, vol. 9, p. 254, 2018, 1SSN: 1664-1078. DOTI:
10.3389/fpsyg.2018.00254. [Online]. Available: https://www.frontiersin.org/
article/10.3389/fpsyg.2018.00254.

S. Sood and K. Singh, “An optical-fog assisted eeg-based virtual reality frame-
work for enhancing e-learning through educational games,” Computer Appli-
cations in Engineering Fducation, vol. 26, pp. 1565-1576, 2018.

S. X. Wu, H.-T. Wai, L. Li, and A. Scaglione, “A review of distributed algo-
rithms for principal component analysis,” Proceedings of the IEEFE, vol. 106,
pp. 1321-1340, 2018. poI: 10.1109/JPROC.2018.2846568.

90



[65]

[66]

[67]

[68]

[69]

[71]

[72]

73]

[74]

Y. Yang, Q. M. Wu, W.-L. Zheng, and B.-L. Lu, “Feg-based emotion recogni-
tion using hierarchical network with subnetwork nodes,” IEEE Transactions
on Cognitive and Developmental Systems, vol. 10, pp. 408-419, 2018. DOTI:
10.1109/TCDS.2017.2685338.

——, “Eeg-based emotion recognition using hierarchical network with subnet-

work nodes,” IEEE Transactions on Cognitive and Developmental Systems,
vol. 10, pp. 408-419, 2018.

P. Zabbal, G. Ribay, B. Chapuis, and J. Jumel, “Multichannel multiple signal
classification for dispersion curves extraction of ultrasonic guided waves.,”
The Journal of the Acoustical Society of America, vol. 143 2, 2018. DOTI:
https://doi.org/10.1121/1.5022699.

H. Zamanian and H. Farsi, “A new feature extraction method to improve
emotion detection using eeg signals,” Electronic Letters on Computer Vision
and Image Analysis, vol. 17, pp. 2944, 2018.

G. Zhao, Y. Ge, B. Shen, X. Wei, and H. Wang, “Emotion analysis for person-
ality inference from eeg signals,” IEEE Transactions on Affective Computing,
vol. 9, pp. 362-371, 2018. por1: 10.1109/TAFFC.2017.2786207.

Q. Bao, S. Yuan, F. Guo, and L. Qiu, “Transmitter beamforming and weighted
image fusion—based multiple signal classification algorithm for corrosion mon-
itoring,” Structural Health Monitoring, vol. 18, pp. 621-634, 2019. pot: 10.
1177/1475921718764848.

D.-W. Chen, R. Miao, W.-Q. Yang, Y. Liang, H.-H. Chen, L. Huang, C.-J.
Deng, and N. Han, “A feature extraction method based on differential entropy
and linear discriminant analysis for emotion recognition,” Sensors (Basel,
Switzerland), vol. 19, 2019.

——, “A feature extraction method based on differential entropy and linear
discriminant analysis for emotion recognition,” Sensors, vol. 19, no. 7, 2019,
ISSN: 1424-8220. DOI: 10.3390/s19071631. [Online]. Available: https://www.
mdpi.com/1424-8220/19/7/1631.

A. Craik, Y. He, and J. Contreras-Vidal, “Deep learning for electroencephalo-
gram (eeg) classification tasks: A review.,” Journal of neural engineering,
vol. 16, 2019. poI: https://doi.org/10.1088/1741-2552 /ab0ab5.

P. Golnar-Nik, S. Farashi, and M.-S. Safari, “The application of eeg power
for the prediction and interpretation of consumer decision-making: A neu-
romarketing study,” Physiology & Behavior, vol. 207, pp. 90-98, 2019. DOI:
https://doi.org/10.1016/j.physbeh.2019.04.025.

H. Huang, Q. Xie, J. Pan, Y. He, Z. Wen, R. Yu, and Y. Li, “An eeg-based
brain computer interface for emotion recognition and its application in pa-
tients with disorder of consciousness,” IEEE Transactions on Affective Com-
puting, pp. 1-1, 2019. pot: 10.1109/TAFFC.2019.2901456.

A. Koushik, J. Amores, and P. Maes, “Real-time smartphone-based sleep
staging using 1-channel eeg,” in 2019 IEEE 16th International Conference
on Wearable and Implantable Body Sensor Networks (BSN), 2019, pp. 1-4.
DOI: 10.1109/BSN.2019.8771091.

91



[77]

78]

[81]

[82]

Z. Lan, O. Sourina, L. Wang, R. Scherer, and G. R. Miiller-Putz, “Do-
main adaptation techniques for eeg-based emotion recognition: A compar-
ative study on two public datasets,” IEEFE Transactions on Cognitive and
Developmental Systems, vol. 11, no. 1, pp. 85-94, 2019. por: 10.1109/TCDS.
2018.2826840.

X. Li, Z. Zhao, D. Song, Y. Zhang, C. Niu, J. Zhang, J. Huo, and J. Li, “Vari-
ational autoencoder based latent factor decoding of multichannel eeg for emo-
tion recognition,” in 2019 IEEFE International Conference on Bioinformatics
and Biomedicine (BIBM), 2019, pp. 684-687. por: 10.1109 / BIBM47256 .
2019.8983341.

C. M. Michel and B. He, “Chapter 6 - eeg source localization,” in Clini-
cal Neurophysiology: Basis and Technical Aspects, ser. Handbook of Clini-
cal Neurology, K. H. Levin and P. Chauvel, Eds., vol. 160, Elsevier, 2019,
pp. 85-101. DOTI: https://doi.org/10.1016 /B978-0-444-64032-1.00006- 0.
[Online]. Available: https://www.sciencedirect.com /science / article / pii /
B9780444640321000060.

E. S. Pane, A. Wibawa, and M. H. Purnomo, “Improving the accuracy of
eeg emotion recognition by combining valence lateralization and ensemble
learning with tuning parameters,” Cognitive Processing, pp. 1-13, 2019. DOTI:
https://doi.org/10.1007/s10339-019-00924-z.

M. A. Rahman, M. S. Uddin, and M. Ahmad, “Modeling and classification
of voluntary and imagery movements for brain—computer interface from fnir
and eeg signals through convolutional neural network,” Health Information
Science and Systems, vol. 7, pp. 1-22, 2019. DOI: https://doi.org/10.1007/
s13755-019-0081-5.

A. Subasi, “Chapter 2 - biomedical signals,” in Practical Guide for Biomed-
ical Signals Analysis Using Machine Learning Techniques, A. Subasi, Ed.,
Academic Press, 2019, pp. 27-87, 1SBN: 978-0-12-817444-9. pOI: https://
doi.org/10.1016 /B978-0-12-817444-9.00002- 7. [Online]. Available: https:
/ /www.sciencedirect.com/science/article /pii/B9780128174449000027.

X. Wu, W.-L. Zheng, and B.-L. Lu, “Identifying functional brain connec-
tivity patterns for eeg-based emotion recognition,” 2019 9th International
IEEE/EMBS Conference on Neural Engineering (NER), pp. 235-238, 2019.

F. Yang, X. Zhao, W. Jiang, P. Gao, and G. Liu, “Multi-method fusion of
cross-subject emotion recognition based on high-dimensional eeg features,”
Frontiers in Computational Neuroscience, vol. 13, 2019.

b}

T. Zhang, W. Zheng, Z. Cui, Y. Zong, and Y. Li, “Spatial-temporal recurrent
neural network for emotion recognition,” IEEE Transactions on Cybernetics,
vol. 49, no. 3, pp. 839-847, 2019. por1: 10.1109/TCYB.2017.278808]1.

W.-L. Zheng, J.-Y. Zhu, and B.-L. Lu, “Identifying stable patterns over time
for emotion recognition from eeg,” IEEFE Transactions on Affective Comput-
ing, vol. 10, pp. 417-429, 2019.

Y. Cimtay and E. Ekmekcioglu, “Investigating the use of pretrained convolu-
tional neural network on cross-subject and cross-dataset eeg emotion recog-
nition,” Sensors (Basel, Switzerland), vol. 20, 2020. DO1: 10.3390/s20072034.

92



[88] H. Cui, A. Liu, X. Zhang, X. Chen, K. Wang, and X. Chen, “Eeg-based
emotion recognition using an end-to-end regional-asymmetric convolutional
neural network,” Knowledge-Based Systems, vol. 205, p. 106 243, 2020, 1SSN:
0950-7051. DOT: https://doi.org/10.1016/j.knosys.2020.106243. [Online].
Available: https://www.sciencedirect.com/science/article/pii/S0950705120304433.

[89] Q. Gao, C. Wang, Z. Wang, X. Song, E. Dong, and Y. Song, “Eeg based emo-
tion recognition using fusion feature extraction method,” Multimedia Tools
and Applications, pp. 1-18, 2020. DOI: https://doi.org/10.1007/s11042-020-
09354-y.

[90] A. Hakim, S. Klorfeld, T. Sela, D. Friedman, M. Shabat-Simon, and D. J.
Levy, “Machines learn neuromarketing: Improving preference prediction from
self-reports using multiple eeg measures and machine learning,” International
Journal of Research in Marketing, 2020. DOIL: https://doi.org/10.1016/j.
ijresmar.2020.10.005.

[91] Z. Halim and M. Rehan, “On identification of driving-induced stress using
electroencephalogram signals: A framework based on wearable safety-critical
scheme and machine learning,” Inf. Fusion, vol. 53, pp. 66-79, 2020. DOI:
10.1016/j.inffus.2019.06.006.

[92] E. L. Johnson, J. W. Y. Kam, A. Tzovara, and R. T. Knight, “Insights
into human cognition from intracranial eeg: A review of audition, memory,
internal cognition, and causality,” Journal of neural engineering, vol. 17,
no. 5, 2020. por: 10.1088 /1741-2552 /abb7a5. [Online|. Available: https:
//pubmed.ncbi.nlm.nih.gov/32916678/.

93] M. A. Khan, R. Das, H. Iversen, and S. Puthusserypady, “Review on motor
imagery based bci systems for upper limb post-stroke neurorehabilitation:
From designing to application,” Computers in biology and medicine, vol. 123,
2020. DOI: https://doi.org/10.1016/j.compbiomed.2020.103843.

[94] E. Maiorana, “Deep learning for eeg-based biometric recognition,” Neuro-
computing, vol. 410, pp. 374-386, 2020.

[95] D. Nath, Anubhav, M. Singh, D. Sethia, D. Kalra, and S. Indu, “A com-
parative study of subject-dependent and subject-independent strategies for
eeg-based emotion recognition using lstm network,” Proceedings of the 2020
the 4th International Conference on Compute and Data Analysis, 2020.

[96] R. Nawaz, K. H. Cheah, H. Nisar, and V. V. Yap, “Comparison of different
feature extraction methods for eeg-based emotion recognition,” Biocybernet-
ics and Biomedical Engineering, vol. 40, no. 3, pp. 910-926, 2020, 1sSN: 0208-
5216. DOL: https://doi.org/10.1016/j.bbe.2020.04.005. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/S0208521620300553.

[97] D. Ni, S. Wang, and G. Liu, “The eeg-based attention analysis in multi-
media m-learning,” Computational and Mathematical Methods in Medicine,
vol. 2020, 2020. por: 10.1155 /2020 /4837291. [Online]. Available: https:
//doi.org/10.1155/2020/4837291.

93



98]

[99]

[100]

[101]

[102]

103]

[104]

[105]

[106]

[107]

[108]

L. Piho and T. Tjahjadi, “A mutual information based adaptive windowing
of informative eeg for emotion recognition,” IEFEE Transactions on Affective
Computing, vol. 11, no. 4, pp. 722-735, 2020. po1: 10.1109/ TAFFC.2018.
2840973.

M. A. Rahman, M. F. Hossain, M. A. Hossain, and R. Ahmmed, “Employ-
ing pca and t-statistical approach for feature extraction and classification of
emotion from multichannel eeg signal,” Egyptian Informatics Journal, vol. 21,
pp. 23-35, 2020. DOIL: https://doi.org/10.1016/j.€1j.2019.10.002.

——, “Employing pca and t-statistical approach for feature extraction and
classification of emotion from multichannel eeg signal,” Egyptian Informatics
Journal, vol. 21, pp. 23-35, 2020.

M. A. Rahman, F. Khanam, M. Ahmad, and M. S. Uddin, “Multiclass eeg
signal classification utilizing rényi min-entropy-based feature selection from

wavelet packet transformation,” Brain Informatics, vol. 7, 2020. DOI: https:
//doi.org/10.1186/s40708-020-00108-y.

T. Song, W. Zheng, P. Song, and Z. Cui, “Eeg emotion recognition using
dynamical graph convolutional neural networks,” IEEFE Transactions on Af-
fective Computing, vol. 11, no. 3, pp. 532-541, 2020. por: 10.1109/ TAFFC.
2018.2817622.

N. S. Suhaimi, J. Mountstephens, and J. Teo, “Eeg-based emotion recogni-
tion: A state-of-the-art review of current trends and opportunities,” Compu-
tational Intelligence and Neuroscience, vol. 2020, 2020.

S. G. Thakur, R. Dharavath, and D. Edla, “Spark and rule-knn based scalable
machine learning framework for eeg deceit identification,” Biomed. Signal
Process. Control., vol. 58, p. 101886, 2020. DOI: https://doi.org/10.1016/].
bspc.2020.101886.

G. A. M. Vasiljevic and L. C. de Miranda, “Brain—computer interface games
based on consumer-grade eeg devices: A systematic literature review,” In-

ternational Journal of Human—Computer Interaction, vol. 36, pp. 105-142,
2020. por: 10.1080/10447318.2019.1612213.

F. Wang, S. Wu, W. Zhang, Z. Xu, Y. Zhang, C. Wu, and S. Coleman, “Emo-
tion recognition with convolutional neural network and eeg-based efdms,”
Neuropsychologia, vol. 146, 2020.

M. Wang, J. Hu, and H. Abbass, “Brainprint: Eeg biometric identification
based on analyzing brain connectivity graphs,” Pattern Recognit., vol. 105,
p. 107381, 2020.

J. Yang, X. Huang, H. Wu, and X. Yang, “Eeg-based emotion classification
based on bidirectional long short-term memory network,” Procedia Computer
Science, vol. 174, pp. 491-504, 2020, 2019 International Conference on Iden-
tification, Information and Knowledge in the Internet of Things, 1SSN: 1877-
0509. poI: https://doi.org/10.1016/j.procs.2020.06.117. [Online|. Available:
https://www.sciencedirect.com /science/article/pii/S1877050920316379.

94



[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

7. Yin, L. Liu, J. Chen, B. Zhao, and Y. Wang, “Locally robust eeg feature
selection for individual-independent emotion recognition,” FExpert Systems
with Applications, vol. 162, p. 113768, 2020, 1SSN: 0957-4174. DOI: https:
//doi.org/10.1016 /j.eswa.2020.113768. [Online]. Available: https://www.
sciencedirect.com/science/article/pii/S0957417420305923.

——, “Locally robust eeg feature selection for individual-independent emo-
tion recognition,” Fxpert Syst. Appl., vol. 162, p. 113768, 2020. DOI: https:
//doi.org/10.1016/j.eswa.2020.113768.

Arjun, A. S. Rajpoot, and M. R. Panicker, “Subject independent emotion
recognition using eeg signals employing attention driven neural networks,”

ArXiv, vol. abs/2106.03461, 2021.

A. Bhattacharyya, R. K. Tripathy, L. Garg, and R. B. Pachori, “A novel
multivariate-multiscale approach for computing eeg spectral and temporal
complexity for human emotion recognition,” IEEE Sensors Journal, vol. 21,
pp. 3579-3591, 2021.

F. Duparc, “Visually memorable neuroanatomy for beginners,” Surgical and
Radiologic Anatomy, vol. 43, p. 615, 2021.

J. Fdez, N. Guttenberg, O. Witkowski, and A. Pasquali, “Cross-subject eeg-
based emotion recognition through neural networks with stratified normaliza-
tion,” Frontiers in Neuroscience, vol. 15, p. 11, 2021, 1SSN: 1662-453X. DOTI:
10.3389/fnins.2021.626277. [Online]. Available: https://www.frontiersin.org/
article/10.3389/fnins.2021.626277.

M. S. A. Hossain and M. Ashrafuzzaman, “Open source robust machine learn-
ing software for medical patient data analysis and cloud storage,” 2021.

A. Jangid, L. Chaudhary, and K. Sharma, “Computational neuroscience and
its applications: A review,” in Intelligent Energy Management Technologies,
M. Shorif Uddin, A. Sharma, K. L. Agarwal, and M. Saraswat, Eds., Singa-
pore: Springer Singapore, 2021, pp. 159-169. DO1: 10.1007/978-981-15-8820-
416.

M. A. Rahman, A. Anjum, M. M. H. Milu, F. Khanam, M. S. Uddin, and
M. N. Mollah, “Emotion recognition from eeg-based relative power spectral
topography using convolutional neural network,” 2021.

J. Wang and M. Wang, “Review of the emotional feature extraction and
classification using eeg signals,” Cognitive Robotics, vol. 1, pp. 29-40, 2021,
ISSN: 2667-2413. DOIL: https:/ /doi.org/10.1016 /j. cogr.2021.04.001.
[Online]. Available: https://www.sciencedirect.com /science / article / pii /
52667241321000033.

95



	Declaration
	Approval
	Ethics Statement
	List of Publication
	Abstract
	Dedication
	Acknowledgment
	Table of Contents
	List of Figures
	List of Tables
	Nomenclature
	Introduction
	Feelings and Emotions in Consciousness
	Application of EEG Based Emotion Recognition in BCI & HCI
	Limitations of Existing EEG Feature Extraction Techniques
	MUSIC Algorithm in Cognitive Research
	Aim, objective and Outcome of the Research
	Thesis Outline

	Background Comprehension
	Anatomy, Functions and Regulatory Behaviours of Human Brain
	Hindbrain/ Rhombencephalon
	Midbrain/ Mesencephalon
	Forebrain/ Prosencephalon

	Bio-signals
	Neural Action Potential and Electroencephalogram (EEG)
	Origin of Neural Action Potential
	EEG Acquisition Setup
	EEG Bands and Waveforms
	EEG Artifacts
	Handling EEG Artifacts
	EEG Applications


	Literature Review
	Overview of Conventional EEG Feature Extraction Techniques
	MUSIC Model in DoA Estimation
	MUSIC Model in EEG Source Localization
	MUSIC Model in EEG Feature Extraction
	Scope of Research in the SEED Dataset

	Dataset
	Description
	Insights
	Augmentation

	Methodology
	Signal Filtering
	MUSIC Model
	Pre-Processing and Feature Extraction
	Training and Method Evaluation

	Result and Discussion
	5-Fold cross validation from feature space constructed without channel reduction
	5-Fold cross validation from feature space constructed after channel reduction
	5-Fold cross validation from feature space constructed after exclusion of corrupt channels
	Arbitary feature set splitting with fixed Training:Testing ratios
	Subject Independent Classification Accuracies
	Effects of overshooting/ corrupt channels
	Comparison of features space quality
	PCA Visualization
	Higher dimensional visualization

	Activation Pattern with Neural Stimulation
	Comparison of results with existing researches
	Computation Time Analysis

	Conclusion
	Appendix A Repository For EEG Feature Extraction Module
	Documentation for the Repository
	Scripts and how they work
	Output
	Targeted Dataset


	Appendix B Repository for 3D Time Series Visualization of Multichannel EEG Dataset
	Github Repository
	Scripts
	Required Libraries

	Bibliography

