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Abstract

The aim of this thesis is to move one step forward towards the concept of
electroencephalographic (EEG) systems that can achieve the same objectives
as high-density EEG with a minimum required number of channels. This requires
EEG signal analysis, computational intelligence, and optimization techniques that
can systematically identify the minimum number of channels that ful�lls the
objectives currently achieved with high-density EEG systems. Achieving this
goal will pave the way towards the hardware-software realization of user-centric,
easy-to-use, readily a�ordable EEG systems for universal applications. Enabling
portability while ensuring performance of comparable or higher quality than
that of high-density EEG will expand the accessibility of EEG to non-traditional
users and personal applications moving EEG out of the lab. The application
horizon will be expanded from experimental research to clinical use, to the gaming
industry, intelligence and security sectors, education and daily use by people for
self-knowledge.

The methods proposed in the thesis comprise the combination of feature
extraction techniques and channel selection algorithms with optimization
techniques that allow extracting the most essential information from a minimum
set of required EEG channels that were tested in two cases-studies: Epileptic
seizure classi�cation, and EEG-based biometric systems. The Discrete
Wavelet Transform (DWT) and Empirical Mode Decomposition (EMD) were used
to decompose EEG signals into di�erent frequency bands and then four features
were computed for each sub-band, the Teager and Instantaneous energies and the
Higuchi and Petrosian fractal dimensions.

For the optimization stage, non-dominated sorting genetic algorithms (NSGA)
were used for channel selection, using binary values to represent the channels in
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ii Abstract

the chromosomes, 1 if the channel is used in the classi�cation and optimization
process, and 0 if not. Additional genes to represent important parameters for the
classi�ers were added using integer and decimal values.

For Case-study 1, NSGA-III selected one or two channels from a set of 22
for epileptic seizure classi�cation, obtaining an accuracy of up to 0.98 and 1.00,
respectively, using EMD/DWT-based features.

For Case-study 2, a task-independent, resting-state-based biometric system
using Local Outlier Factor (LOF)- and DWT-based features showed a True
Acceptance Rate (TAR) of up to 0.993±0.01 and a True Rejection Rate (TRR) of up
to 0.941±0.002 using only three channels selected by NSGA-III from a set of 64.

The results presented herein can be considered to be a �rst proof-of-concept,
showing that it is possible to reduce the number of required EEG channels
for classi�cation tasks and opens the way to explore these methods on other
neuroparadigms. This will lead to reduced real-time computational costs for EEG
signal processing, removing task-irrelevant and redundant information, as well as
reducing the preparation time for use of the EEG headsets.

The results of such a reduction in the number of required EEG channels will
make possible a low-power hardware design, expanding the range of EEG-based
applications from clinical diagnosis and research to health-care, to non-medical
applications that can improve our understanding of cognitive processes, learning
and education and to the discovery of current hidden/unknown properties behind
ordinary human activity and ailments.
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Chapter 1

Introduction

The objective of this thesis is to move one step forward towards a concept of

electroencephalographic (EEG) systems, with a minimum number of channels, that

can contribute to the realization of low-cost real-time applications, thus enabling the

portability of EEG headsets while retaining quality comparable to, or higher than, that

of high-density EEG-based systems. This requires EEG signal analysis, computational

intelligence, and optimization techniques that can systematically identify a minimum

number of EEG channels that ful�ll the objectives currently achieved using high-

density EEG systems. To this end, the thesis proposes to systematically apply greedy

algorithms and multi-objective optimization methods for which targeted algorithms

were developed and implemented to solve the problem of channel selection and

parameter optimization.

This Ph.D. research is part of a larger project, David and Goliath: single-
channel EEG unravels its power through adaptive signal analysis, which
aims to identify an optimal minimum EEG channel count for wearable EEG solutions

for universal applications. This thesis contributes to this goal by achieving one of the

three objectives of David and Goliath: Optimization-based channel reduction.

This Chapter provides an overview of the main contributions of the thesis,

including an overview of the publications associated with the work.

1.1 Motivations for the research and knowledge gaps

Consumer-wearable EEG technologies have experienced steady growth, with a
growing number of devices with a reduced number of EEG channels available
for personal uses, such as meditation, relaxation training, motor imagery, and

1
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the control of moving objects [1]. As a result, people today can measure their
own brain signals outside medical laboratories due to the proliferation of low-cost
wireless headset EEG devices with varying numbers and con�gurations of EEG
channels, with dry or wet electrodes, using the 10-5, 10-10, or 10-20 international
system [2–5].

There are a number of critical open issues (i.e., real-time use, quality of
recordings, portability, ease-of-use, and user orientation) that are as yet unexplored
[6]. One of the unexplored aspects that can in�uence these issues is electrode
placement, which in most EEG devices is �xed and in�exible, depending on
the targeted application/s. For real-time applications, high-quality/high-density
EEG devices are computationally costly and the applications are very limited.
The existing wireless portable devices, with �xed electrode placement, also have
limitations. Depending on the related task, neuro-paradigm used, and age and
sex of the subject, the most relevant features of brain signals may be obtained at
locations di�erent from those of the electrodes in the scalp [7–10].

Most EEG devices available on the market were designed for a set of related
tasks and neuro-paradigms and in general, are found to be reliable only within the
context of such tasks and neuro-paradigms. The accuracy and reliability of these
systems for prolonged and repeated measurements have not been well-established
and a rigorous comparative investigation of the di�erent portable solutions is not
yet available. Most importantly, it is not clear whether the limited number of
channels and their �xed localization can provide su�cient data and anatomical
coverage to obtain the neural signatures necessary for the given tasks, as these
concepts are not supported by openly available research. They are based on
proprietary technology backed by protected research or IP not available to the
public. Essentially, this is because both electrode localization and the number of
electrodes are task-dependent [1, 7, 11]. Moreover, these commercial solutions are
intended to only support the tasks/paradigms for which they were designed.

The current state-of-the-art consists of methods to decompose and extract
information from brain signals using wet or dry EEG electrodes. However,
the behavior of brain signals varies depending on the neuro-paradigm, the
technology of the device, and the speci�c characteristics of the subject (culture, age,
IQ/cognition level, sex, etc.) [7]. In addition, because of the non-stationary/non-
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linear nature of brain signals, it is necessary to create a method with multiple
sub-steps to extract the most essential features that can help identify the targeted
tasks (e.g., event detection and classi�cation). If such advances are plausible, the
performance of Brain-Computer Interfaces (BCI) can increase and applications
will span-new areas of research, from medical applications to industrial security
systems.

The major motivations and objectives behind the reported research work in
this thesis are based on the following knowledge gaps that were identi�ed based
on the literature review in Chapter 3, 4, and 5.

• Knowledge gap 1: High-density EEG is challenged by high computational
cost, immobility of the equipment, and the use of inconvenient conductive
gels. Several studies have explored reducing the number of electrodes
required for a certain task and electrode placement towards real-time EEG
signal processing. Most were based on a priori or empirical knowledge.
Consolidated studies based on systematic searches aiming to reduce the
EEG channel count required for a given task are not currently available.
Such an approach can be achieved by applying systematic search algorithms
and optimization techniques for identifying the most relevant electrode
position/placement for a given paradigm.

• Knowledge gap 2: There is currently insu�cient knowledge of feature
extraction for better representation of low-density EEG signals that can
also reduce the computational cost. Most research on feature extraction has
been based on high-density EEG.

• Knowledge gap 3: There are several proposed methods for feature
extraction and classi�cation in the state-of-the-art, but they are used for
speci�c tasks and the results may vary for di�erent tasks. In other words,
the methods are neither generalized nor replicable for di�erent applications.

1.2 Research �estions and Objectives

The objective of this thesis is the analysis of EEG signals with high-density and
low-density channel arrays to compare their performance in two case studies:
Epileptic seizure classi�cation and EEG-based biometric systems. For this
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objective, it was necessary to create various algorithms for channel reduction and
selection to ensure a reliable method to extract the most relevant information
from the raw EEG signals.

The data used in the experiments were extracted from public repositories to
ensure the quality of the analysis. The stages of the methodology include noise
removal, feature extraction, optimization techniques, which were all explored and
combined to e�ectively represent large raw EEG signals for classi�cation tasks.
These steps aim to improve the quality and response time of the machine-learning
based models.

Based on the analysis of the knowledge gaps presented, the thesis

concentrated on the following three Research Questions:

• Research Question 1: Channel Dimensionality Reduction Can the
number of EEG channels required for classi�cation tasks be reduced while
increasing, or at least maintaining, the accuracy relative to the use of high-
density EEG?

• Research Question 2: Data Dimensionality ReductionCan a few useful
features be su�cient to e�ectively represent large raw EEG signals for
classi�cation and thus accelerate the computational performance of the
used methods for classifying di�erent tasks?

• Research Question 3: Generalizing the Methodology Can the same
process of feature extraction, classi�cation, and channel selection be
generalized or at least used (expand the methodology) for di�erent problems
related to the classi�cation of EEG signals (i.e., task-dependent and task-
independent)?

Testing state-of-the-art methods on certain speci�c problems and conditions
will make it possible to propose new methods to tackle the feature extraction
and dimensionality-reduction problem associated with EEG signals. Then, if the
number of required channels can be reduced, it will be possible to draw certain
conclusions and entertain the possibility of a new type of EEG headset. During
this process, it will be necessary to repeat the methodology for di�erent task-
dependent and task-independent neuro-paradigms using EEG signals and analyze
their behavior, trying to draw more general conclusions.
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Figure 1.1: Flowchart of contributions of papers to each Research Question.

1.3 Contributions

Fig. 1.1, presents a �owchart of the contributions to the thesis for each research
question. Paper 8 presented the �rst approach using a feature extraction process
based on the Empirical Mode Decomposition (EMD), which was later compared
to the second approach of the thesis, consisting of features based on the Discrete
Wavelet Transform (DWT), introduced in Paper 6. This connection is indicated by
the red rectangles and arrows. The method presented in paper 8 was used in most
of the subsequently published papers, indicated by the arrows connecting the
papers that contributed to Research Question 3. All the papers presented in Fig. 1.1
contributed to the achievement of the objectives, but papers 1, 2, and 3 presented
the �nal contributions, as they presented the use of greedy and non-dominated
sorting genetic algorithm (NSGA)-based algorithms for channel selection and
parameter optimization, and are the most relevant contributions to this thesis.

The following articles and conference papers were published during the Ph.D.
and are directly related to the thesis:
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Journal articles

1. Moctezuma, Luis Alfredo, Marta Molinas. "Towards a minimal EEG channel
array for a biometric system using resting-state and a genetic algorithm
for channel selection". Scienti�c Reports (2020). DOI: 10.1038/s41598-020-
72051-1

2. Moctezuma, Luis Alfredo, Marta Molinas. "EEG Channel-selection method
for epileptic-seizure classi�cation based on multi-objective optimization".
Frontiers in neuroscience (2020). DOI: 10.3389/fnins.2020.00593

3. Moctezuma, Luis Alfredo, Marta Molinas. "Multi-objective optimization for
EEG channel selection and accurate intruder detection in an EEG-based
subject identi�cation system". Scienti�c Reports (2020). DOI: 10.1038/s41598-
020-62712-6

4. Moctezuma, Luis Alfredo, Marta Molinas. "Classi�cation of low-density EEG
epileptic seizures by energy and fractal features based on EMD". Journal of
Biomedical Research (2019). DOI: 10.7555/JBR.33.20190009

Peer-reviewed Conferences

5. Moctezuma, Luis Alfredo, and Marta Molinas. “Event-related potential
from EEG for a two-step Identity Authentication System”. IEEE
international conference on industrial informatics, indin’19 (2019):. DOI:
10.1109/INDIN41052.2019.8972231

6. Moctezuma, Luis Alfredo, and Marta Molinas. “Subject identi�cation from
low-density EEG-recordings of resting-states: A study of feature extraction
and classi�cation”. In Future of Information and Communication Conference
(FICC), 2019:. DOI: 10.1007/978-3-030-12385-7_57

7. Moctezuma, Luis Alfredo, and Marta Molinas. “Sex di�erences observed in
a study of EEG of linguistic activity and resting-state: Exploring optimal
EEG channel con�gurations”. In the 7th International Winter Conference
on Brain-Computer Interface, 2019. DOI: 10.1109/IWW-BCI.2019.8737312

8. Moctezuma, Luis Alfredo, and Marta Molinas. “EEG-based Subjects
Identi�cation based on Biometrics of Imagined Speech using EMD”. In
International Conference on Brain Informatics. Springer, Cham, 2018:. DOI:
10.1007/978-3-030-05587-5_43

http://dx.doi.org/10.1038/s41598-020-72051-1
http://dx.doi.org/10.1038/s41598-020-72051-1
http://dx.doi.org/10.3389/fnins.2020.00593
http://dx.doi.org/10.1038/s41598-020-62712-6
http://dx.doi.org/10.1038/s41598-020-62712-6
http://dx.doi.org/10.7555/JBR.33.20190009
http://dx.doi.org/10.1109/INDIN41052.2019.8972231
http://dx.doi.org/10.1007/978-3-030-12385-7_57
http://dx.doi.org/10.1109/IWW-BCI.2019.8737312
http://dx.doi.org/10.1007/978-3-030-05587-5_43


1.3. Contributions 7

Peer-reviewed abstracts

9. Soler-Guevara, Andres Felipe, Luis AlfredoMoctezuma, Eduardo Giraldo,
Marta Molinas. “EEG channel-selection method based on NSGA-II for source
localization”. The 4th HBP Student Conference on Interdisciplinary Brain
Research (2020):.

10. Moctezuma, Luis Alfredo, Andres Felipe Soler, Erwin H. T. Shad, Marta
Molinas, Alejandro A. Torres-Garcia. “David versus Goliath: Low-density
EEG unravels its power through adaptive signal analysis - FlexEEG”. The
4th HBP Student Conference on Interdisciplinary Brain Research (2020):.

Book Chapters

11. Moctezuma, Luis Alfredo, and Marta Molinas. “EEG-based subject
identi�cation with multi-class classi�cation”. In Biosignal Processing and
Classi�cation using Computational Learning and Intelligence (2020). (In
press)

12. Torres-Garcia Alejandro A., Omar Mendoza-Montoya, Marta Molinas,
Mauricio Antelis, Luis Alfredo Moctezuma. “Pre-processing and Feature
Extraction”. In Biosignal Processing and Classi�cation using Computational
Learning and Intelligence (2020). (In press)

Other contributions

Contributions written during the Ph.D. but not directly related to the thesis:

Peer-reviewed Conferences

13. Alejandro A. Torres-Garcia, Luis Alfredo Moctezuma and Marta Molinas.
“Assessing the impact of idle state type on the identi�cation of RGB color
exposure for BCI”. In 13th International Joint Conference on Biomedical
Engineering Systems and Technologies (2020):. 10.5220/0008923101870194

14. Torres-Garcia Alejandro A., Luis Alfredo Moctezuma, Sara Asly and
Marta Molinas. “Discriminating between color exposure and idle
state using EEG signals for BCI application”. In 7-th edition of the
International Conference on e-Health and Bioengineering (2019):. DOI:
10.1109/EHB47216.2019.8969919

http://dx.doi.org/10.5220/0008923101870194
http://dx.doi.org/10.1109/EHB47216.2019.8969919
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15. Asly, Sara, Luis Alfredo Moctezuma, Monika Gilde, Marta Molinas.
“Towards EEG-based signals classi�cation of RGB color-based stimuli”. In 8th
Graz Brain-Computer Interface Conference 2019 (2019):. DOI: 10.3217/978-
3-85125-682-6-61

16. Moctezuma, Luis Alfredo, Marta Molinas, AA Torres Garcia, Luis Villaseñor
Pineda, and Maya Carrillo. “Towards an API for EEG-based imagined speech
classi�cation”. In International Conference on Time Series and Forecasting.
2018:. Proceedings at itise.ugr.es/ITISE2018_Papers_Vol_3.pdf

Peer-reviewed abstracts

17. Torres-Garcia Alejandro A., Marta Molinas, Luis Alfredo Moctezuma.
“Towards a BCI based on Color Exposure Recognition”. The 4th HBP Student
Conference on Interdisciplinary Brain Research (2020):.

1.4 Structure of the thesis

Chapter 1 introduces the work in this thesis and the knowledge gaps and research
motivations are listed. The contributions to the thesis are presented in a �owchart,
showing how the published papers are connected to the de�ned research questions.
Finally, a list of the results published separately in journals, conference papers,
and abstracts is presented, including contributions directly related to the thesis,
as well as published results not directly related to the objective of the thesis.

In Chapter 2, the fundamentals of EEG, a brief history of EEG and EEG signal
analysis, international EEG standards, and the two paradigms of interest for this
thesis are presented, which are event-related potentials (ERPs) and the resting-
state.

Chapter 3 presents the fundamentals of the methods used for EEG signal
analysis, which include EMD and DWT and the reasons for choosing them in
this study. This is followed by a presentation of how the energy distribution and
fractal dimension feature functions in the context of feature extraction. Then,
the multi-class and one-class classi�ers tested and the metrics for evaluating
performance are presented. A description of NSGA and how it is used for solving
multi-objective optimization problems is provided in this Chapter.

The description of the datasets used in the two investigated scenarios are also
presented in Chapter 3, in which a general �owchart of the proposed methodology

http://dx.doi.org/10.3217/978-3-85125-682-6-61
http://dx.doi.org/10.3217/978-3-85125-682-6-61
http://itise.ugr.es/ITISE2018_Papers_Vol_3.pdf
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for feature extraction, classi�cation, and optimization process handled by NSGA
algorithms is presented and explained.

Chapter 4 presents Case-study 1, which is focused on validation of the methods
for channel count minimization in a case of epileptic seizure classi�cation using
multi-class classi�cation. Two di�erent approaches for representing the epileptic-
seizure and seizure-free EEG signals are presented. The �rst approach is based
on DWT and the second EMD. Using these two approaches, the EEG data is
decomposed into di�erent frequency sub-bands and then a set of four features per
sub-band is calculated. Once this is carried out, a multi-objective optimization
process is organized and solved using NSGA-II and NSGA-III. The objective of the
optimization process is to increase the accuracy of the machine-learning models
for classi�cation of epileptic seizures and seizure-free periods while decreasing the
number of required EEG channels. Finally, a discussion about the results obtained
is presented and they are compared with those of other approaches using the same
datasets and other datasets.

Case-study 2, which consists of a proposal for a biometric system with minimal
channel count, is presented in Chapter 5. Two di�erent approaches are presented,
a two-stage approach consisting of a multi-class classi�cation layer and then a
one-class classi�er, and a second approach using only one-class classi�ers. The
experiments are compared using di�erent methods for feature extraction and
NSGA-II or NSGA-III for solving the optimization process. As in Chapter 4, the
work in Chapter 5 also has the objective of minimizing or reducing the number of
required EEG channels while increasing or maintaining classi�cation accuracy,
which in this case consist of increasing the True Acceptance Rate (TAR) of the
subjects with access and the True Rejection Rate (TRR) of intruders.

Finally, Chapter 6 presents the conclusions of the thesis and identi�es
opportunities for further work.

Fig. 1.2, presents an overview of the methods proposed and used to achieve
the objectives of the thesis. As will be explained later, all the EEG datasets used
are freely available to the public at no cost, but the number of subjects, the number
of channels, etc., were considered to select them (a)). In the feature extraction
stage (b)), two methods were used to decompose the EEG signals into di�erent
frequency bands and then a set of four features were calculated to obtain a single
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Figure 1.2: General overview of the methodology and contributions to the thesis.

feature vector for each instance. Then, depending on the case study, one-class
or multi-class classi�ers were developed and validated. In each case, di�erent
methods were used to compare their performance (c)). During this work, four
di�erent methods for channel reduction and selection were developed. This stage
in the methodology (d)) is the main focus of the thesis and, therefore, is where
the main contributions of the thesis can be found.



Chapter 2

Fundamentals of

Electroencephalography,

evolution, and open challenges

This Chapter presents the main concepts related to EEG signals, signal analysis,

the evolution of EEG technology, the two paradigms of interest for this thesis, and open

challenges related to applications such as brain-computer interfaces, neurofeedback,

ambulatory EEG, etc.

2.1 Electroencephalography

EEG is an electrophysiological monitoring method that measures the electrical
activity generated by the synchronized activity of thousands of neurons of the
brain via intracranial electrodes or electrodes placed on the scalp surface, i.e., using
invasive or non-invasive methods. The �rst known neurophysiological recordings
were made by Richard Caton in 1875, when he presented his �ndings on the
electrical phenomena of the exposed cerebral hemispheres of rabbits and monkeys
[12, 13]. In 1890, Adolf Beck published an investigation on the spontaneous
electrical activity of the brain of rabbits and dogs, which included rhythmic
oscillations altered by light [14, 15]. Later, in 1924, Hans Berger recorded the �rst
human EEG [13, 16].

Hans Berger described EEG in 1929 with the promise that it would be a
technique that provides a “window into the brain” [16]. Recent progress in EEG
sensors and methods for signal analysis have made this window more transparent

11
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but the analytic potential and potential applications of EEG have not yet been
fully exploited [17].

2.1.1 Mechanisms of EEG generation

Most of the electrical activity recorded in an EEG is generated by groups of
well-aligned cortical pyramidal neurons that �re together and are oriented
perpendicular to the surface of the brain, as well as near the scalp where the
recording electrodes are placed. Each scalp electrode collects an estimated
synchronous cortical activity of at least 6cm2 [18].

The neural/electrical activity detectable by EEG is the sum of the excitatory
and inhibitory postsynaptic potentials from thousands of pyramidal cells �ring
synchronously near each recording electrode. If the cells do not have a similar
spatial orientation, their ions do not line up and thus do not create detectable
waves. This summed activity can be represented as a �eld with positive and
negative poles (dipole). The dipole vector is parallel to the orientation of the
pyramidal cells that generate the activity [18, 19]. Negative dipoles are mostly
detected when they are perpendicular and pointed directly at a recording electrode.
The positive end of the dipole is subcortical and thus can be recorded only with
deep electrodes (e.g., by intracranial EEG) [20].

Conventional scalp EEG is unable to record spontaneous changes in local �eld
potential arising from neuronal action potentials. Because voltage �elds fall o�
with the square of distance, activity from deep sources is more di�cult to detect
than currents near the skull [18, 20].

Cerebral voltages must traverse the brain, cerebrospinal �uid, meninges,
skull, and skin prior to reaching the recording site where they can be detected.
Cortical synaptic action generates electrical signals that change in the 10- to 100-
millisecond range. EEG and magnetoencephalography (MEG) are the only widely
available technologies with su�cient temporal resolution to follow such rapid
dynamic changes.

2.1.2 Normal and abnormal EEG

The electrical activity measured by EEG is caused by the activation of neurons,
but if these neurons are activated abnormally, sudden impulses can occur, which
are de�ned as seizures. An EEG waveform is normal when the EEG recording
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does not show unusual seizures. The waveform exhibits unusual characteristics,
such as frequent, long, or continuous seizures, when the subject is a�ected by a
tumor or brain disorder [18, 21].

Abnormal activity can be separated into epileptiform and non-epileptic activity.
Focal abnormal non-epileptiform activity can occur in areas of the brain where
there is focal damage to the cortex or white matter. It consists of an increase
in slow-frequency rhythms and/or a loss of normal higher frequency rhythms
[21, 22].

EEG waveforms are generally classi�ed according to their frequency,
amplitude, and shape, but the most familiar classi�cation uses the EEG waveform
frequency. This EEG waveform information is dependent on the subject’s age and
state of alertness and location of the electrodes on the scalp.

2.1.2.1 EEG frequency bands

The frequency of the EEG waveforms is important because the predominant
frequencies vary according to the subject’s condition. Frequency bands are
typically within the range of 0.5 to 32 Hz. However, these frequency bands
may vary slightly depending on the laboratory/headset and can be broken down
into more limited components as required by the research or clinical question.

There are �ve commonly used frequency bands that are examined by spectral
analysis; alpha, beta, theta, delta, and gamma. However, there is no consensus
in the literature on what the ranges should be. For example, the values for the
upper end of alpha and the lower end of beta include 12, 13, 14, and 15 Hz [18, 23].
Frequencies above 25 Hz are not commonly found on scalp EEG, but can be seen
arising directly from the cortical surface during intracranial recordings; these
frequencies are called gamma and are divided into low (25 − 70Hz) and high
gamma (> 70Hz) [18, 24, 25]. Below, a brief overview of the �ve main frequency
bands, including important points and frequency ranges, is presented.

• Delta: frequency range of 0.5-4 Hz. This activity is positively associated
with the homeostatic sleep drive in such a way that it increases
concomitantly with increasing time spent awake [26]. It tends to have
the highest amplitude and the slowest waves. It is seen normally in adults
in slow-wave sleep. Temporal intermittent rhythmic delta activity (TIRDA)
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is frequently seen in individuals who have temporal lobe epilepsy [27].

• Theta: frequency range of 4-8 Hz. This activity is similar to delta activity
and is positively associated with the homeostatic sleep drive [26]. It has been
associated with reports of relaxed, meditative, and creative states. Excess
theta activity for age represents abnormal activity, and focal theta activity
during awake states is suggestive of focal cerebral dysfunction [28].

• Alpha: frequency range of 8-12 Hz. This activity is positively associated
with relaxed wakefulness and drowsiness associated with the onset of sleep,
and is also present during REM sleep [29–31]. Hans Berger named the
�rst rhythmic EEG activity he observed the “alpha wave”. Deceleration
of the background alpha rhythm is considered to be a sign of generalized
brain dysfunction [32]. The amplitude of the alpha rhythm varies between
individuals, as well as at di�erent times in the same individual [31]. It is best
seen with the eyes closed and during mental relaxation and is attenuated
by eye-opening and mental e�ort.

• Beta: frequency range of 13-30 Hz. This activity is the dominant rhythm of
subjects who are alert or anxious or who have their eyes-open. It is the most
frequently seen rhythm in normal adults and children and is associated
with physiological arousal and psychological stress [33]. This activity is
closely linked to motor behavior and is generally attenuated during active
movement [34]. The amplitude of beta activity is typically 10-20 µV , rarely
increasing above 30 µV .

• Gamma: frequency range of approximately 30-100 Hz, consisting of
ripples (80 to 200 Hz) and fast ripples (200 to 500 Hz). Ultra-fast EEG
activity correlates with cognitive states and ERPs. It has been attributed
to sensory perception that integrates di�erent areas. There has been
extensive research on high-frequency oscillations, particularly in relation
to epilepsy [24, 25, 35]. Epileptic foci are known to generate very high-
frequency episodes of activity. Intracranial depth recordings of the epileptic
hippocampus have reported ultra-fast frequency bursts or fast waves,
which probably correlate with the local epileptogenicity of brain tissue
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[35]. Subdural recordings during presurgical evaluation of epilepsy have
demonstrated that activity bursts at a relatively lower frequency range (60
to 100 Hz) may likewise indicate the location of an epileptic focus [28, 35].

2.1.2.2 Artifacts

Electrical signals detected on the scalp by an EEG sensor, but which are non-
cerebral in origin, are called artifacts. Artifacts originate from both physiological
and non-physiological sources, of which physiological artifacts arise from a variety
of bodily activities and non-physiological artifacts from outside the human body
[36–38].

The most highly studied artifacts include eye-induced artifacts, which
include eye blinks, eye movements, and extra-ocular muscle activity,
electrocardiograph (ECG) artifacts, which are related to heart beat (cardiac
electrical activity), electromyography (EMG)-induced artifacts, which are
related to muscle activation, and glossokinetic artifacts from tongue movement.
Respiration can also cause artifacts by introducing rhythmic activity that is
synchronized with the respiratory movements of the body. Skin responses, such
as sweating, can alter the impedance of the electrodes and cause artifacts in EEG
signals [18, 37, 39].

Certain artifacts are essential for understanding brain function but many are
not and limit the interpretation of the EEG. Artifact removal is the process of
identifying and removing artifacts from brain signals. This can be accomplished by
applying frequency-band and spatial �lters but artifacts can overlap with the signal
of interest in the spectral domain. An artifact-removal method should be able to
remove the artifacts while keeping the related neurological phenomenon intact.
The �rst step in managing artifacts is to prevent them from occurring by issuing
proper instructions to users. For example, users are instructed to avoid blinking
or moving their body during data collection. Some of the common methods for
removing artifacts in EEG signals are linear �ltering, linear combination and
regression, blind source separation (BSS), independent component analysis (ICA),
and principal component analysis (PCA) [37–40].



16 Fundamentals of Electroencephalography, evolution, and open challenges

Figure 2.1: EEG electrode placement methods: bipolar (a) and monopolar (b).

2.1.3 EEG signal acquisition

EEG uses the principle of di�erential ampli�cation, or recording of voltage
di�erences between di�erent points using a pair of electrodes that compares
an active scanning electrode site with another neighboring or distant reference
electrode. This can be accomplished using monopolar or bipolar recordings, in
which measuring di�erences in electrical potential generates detectable EEG
waveforms [41, 42].

The di�erence between monopolar and bipolar recordings is the location of
the electrodes. In bipolar recordings, the electrodes are both placed on the scalp,
i.e., in the area of interest, whereas in the monopolar electrode placement method,
one of the measurement electrodes is placed on the scalp and the other is located
away from the area of interest (see Fig. 2.1).

In both cases, the ampli�er captures the di�erence between the respective
activity at each site. Both are in fact bipolar recordings, in the sense that there
are two inputs to the ampli�er. When the second electrode is placed on an EEG
neutral site, the recording is considered to be monopolar (also know as referential),
because only one site is believed to be capturing the EEG data. If both electrodes
are placed over sites that capture active EEG data, the recording is called bipolar
(also called sequential or di�erential) [42].

There are several reasons why monopolar recordings are recommended for
surface EEG recordings. One reason is, because the bipolar or di�erential ampli�er
rejects everything that is common to both electrodes, it will reject any common
EEG activity, which is far less present in monopolar recordings. Another reason
is that a bipolar recording can be derived from a monopolar recording using
simple arithmetic, whereas a bipolar recording can never be transformed into a
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monopolar one [43].

2.1.4 A brief comparison with other brain signal acquisition

methods

There are several brain-imaging methods available for neuroscientists and
researchers. These imaging modalities can be divided into structural and functional
imaging techniques. They all allow the study of brain structures and their function
but di�er in the spatial and temporal resolution at which connectivity is captured.
Structural imaging provides details on the morphology and structure of tissues,
whereas functional imaging reveals physiological activities, such as changes in
metabolism, blood �ow, regional chemical composition, and absorption.

Non-invasive EEG and MEG re�ect the average activity of dendritic currents in
a large population of cells. The temporal resolution of EEG and MEG for measuring
changes in neuronal activity is very good, typically on the order of milliseconds,
but the spatial resolution for determining the precise position of active sources
in the brain is poor relative to modern imaging methods, such as computerized
tomography (CT), positron emitted tomography (PET), and magnetic resonance
imaging (MRI) [17, 44].

Despite its limited spatial resolution, EEG is still a valuable tool for research and
diagnosis. It is one of the few mobile techniques available and o�ers millisecond-
range temporal resolution that is not possible with CT, PET, or MRI. The poor
spatial resolution, particularly for sources deeper in the brain, is due to the spatial
mixing of electrical activity generated by di�erent cortical areas and the passive
conductance of these signals through brain tissue, cerebrospinal �uid, bone, and
skin/scalp [17, 19, 44]. Additionally, these measurements are very susceptible
to artifacts arising from muscle and eye movements. Invasive versions of EEG
improve spatial resolution by placing subdural and/or deep electrodes for a more
direct recording of spontaneous or evoked neural activity.

Functional magnetic resonance imaging (fMRI) measures changes in blood
hemoglobin concentrations associated with neural activity, based on the
di�erential magnetic properties of oxygenated and deoxygenated hemoglobin.
fMRI has much better spatial resolution than EEG and MEG, but the temporal
resolution is poor, which puts an upper bound on the bit rate for fMRI in BCI
applications. Recently, an approach was presented that uses intracranial EEG



18 Fundamentals of Electroencephalography, evolution, and open challenges

(iEEG) that can collect as much data as fMRI, but using a portable device inside a
backpack [45]. This will allow the study of brain function of subjects while they
are interacting with others, rather than inside an fMRI machine.

Since the inception of EEG, various standards and guidelines have been
proposed for electrode placement to ensure signal integrity and repeatability
of recordings, as described below.

2.1.5 International EEG electrode placement systems

H.H. Jasper studied possible methods to standardize electrode placement, resulting
in the de�nition of the 10-20 international system, which consists of 21 electrodes
placed at distances of 10% and 20% along certain contours over the scalp, as
illustrated in Fig. 2.2 [2]. Since then, the 10-20 international system has become
the standard for the study of EEG and ERPs in both clinical and non-clinical
settings. Later, the extended 10-20 or 10-10 system was proposed to extend the
number of channels from 21 up to 74. These systems simply extend the number of
electrodes by placing them at every 10% along the medial-lateral contours and by
introducing new contours in between the existing ones [46].

The extended 10-20 or 10-10 system have been accepted and endorsed as the
standard of the American Electroencephalographic Society and the International
Federation of Societies for Electroencephalography and Clinical Neurophysiology
[4, 5]. There is a proposed extension to accommodate a larger number of electrodes,
known as the 10-5 system, which includes the 10-20 system and 10-10 system
locations, enabling the use of up to over 300 electrode locations [3].

In all cases, the electrode names consist of one or more letters and a number,
with the electrodes on the left being odd numbered and the electrodes on the
right even numbered. The electrodes at the center, or midline, are designated by
the letter z, indicating that the electrode is neither even nor odd. The electrodes
at the midline have the smallest numbers and the numbers increase towards
the side, where the letter indicates the location on the head, which are Fp:

frontal pole, F: frontal, C: central, T: temporal, P: parietal, O: occipital.
Additionally, combinations of two letters indicate intermediate locations, i.e., FC:
in between frontal and central electrode locations, PO: in between parietal
and occipital electrode locations.
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Figure 2.2: The original �gure illustrating the international 10-20 system. Note
that the electrodes are erroneously located inside the skull on the surface of the
cortex [2].

2.1.6 Consumer-grade low-density EEG headsets

High-density EEG uses a dense array of EEG channels, in which the number of
electrodes can vary from 32 to 256 or more [47–49]. However, there is no �xed
number of channels that de�nes a low-density EEG headset. The 21 channels from
the 10-20 international system is considered to be low-density and in some studies,
the authors considered low-density EEG to consist of arrays with 25 channels [50]
and others when using arrays of 32, 16, or 8 channels [51]. In this context, EEG
can be considered low-density when less than 32 channels are used.

There is currently a wide range of consumer-grade EEG headsets available
that follow the 10-20, 10-10, or 10-5 system [52, 53]. A review published in 2015
provides information about the headsets Emotiv, NeuroSky, interaXon (Muse), and
OpenBCI, which are mainly used for cognitive studies, BCI research, education,
and gaming [52]. Interestingly, Emotiv products are popular for cognitive studies
and gaming, NeuroSky dominates the educational �eld, and published BCI research
has only used Emotiv and OpenBCI headsets. In [54] there is a review of various
BCI applications and cognitive neuroscience research using Emotiv up to 2019,
showing that most of the research has come from the United States, India, China,
Poland, and Pakistan. Fig. 2.3 presents a timeline of the evolution of EEG systems
since the time of Hans Berger and several relevant consumer-grade EEG headsets.
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Figure 2.3: Timeline of the evolution of EEG systems and relevant consumer-grade
wearable EEG headsets.
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Fig. 2.3 shows the starting point for recording human EEG signals, using two
white needle-shaped electrodes, which was performed by Hans Berger in 1924 and
reported in 1929. High-density EEG was the starting point for analysis for certain
applications, initiating the publication of international standards, starting with
the international 10-20 system, and subsequent standards by placing electrodes in
the middle and around this �rst system.

Fig. 2.3 also presents the set of channels found in this thesis, which will be later
described in Chapters 4 and 5. As explained in Chapter 1, the thesis focused on two
main applications: Epileptic seizure classi�cation, and EEG-based biometric

systems, �nding that a set of 1-3 EEG channels can be used for epileptic seizure
classi�cation, and 1-4 EEG channels for creating EEG-based biometric systems.

Various consumer-grade wearable EEG headsets using dry or wet electrodes
have gradually emerged, featuring di�erent channel con�gurations or even �exible
solutions, such as for the openBCI. Indeed, there is evidence that it is possible
to obtain similar results to that of medical grade equipment using the openBCI
with dry electrodes [55]. However, work is still needed to improve the recording
quality and increase the sample rate, which is limited to 250Hz for the openBCI
for a maximum of eight channels or 125Hz if more are used.

There are various areas of application for which the creation of new EEG
headsets could be interesting but the idea of comparing the use of static versus
movable EEG electrodes for a single headset for di�erent applications needs
further exploration, as discussed in [56–58]. Recently, a research project entitled
FlexEEG was presented, which aims to achieve real-time BCI with brain mapping
capabilities [58]. The FlexEEG concept is di�erent from the standard high-density
EEG in that it involves dynamically scanning the human scalp to achieve the
minimum required recordings, rather than having electrodes attached to the scalp,
as illustrated in Fig. 2.4. The work in this thesis can contribute to the realization
of such a low-density EEG array by providing the software that can identify the
minimum EEG channel count required for a given neuro-paradigm.

2.1.7 Using brain signals for control purposes

Technological progress has allowed the analysis of EEG to move from pure
visual inspection of amplitude and frequency modulation to a more rigorous
and automatic exploration of the temporal and spatial features of the recorded
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Figure 2.4: FlexEEG concept. FlexEEG moves from X1 to X2 to capture sources S1
and S2 [58].

signals.
As a result, EEG is accepted as a powerful tool to capture brain function

and has been shown to be valuable in clinical diagnosis, i.e., the identi�cation of
epilepsy and sleep and mental disorders, the evaluation of various dysfunctions,
etcetera [17, 44].

Since the �rst proposal to use EEG signals to control external devices (i.e.,
prosthetic arms) [59], e�orts to improve the interpretation of brain signals through
EEG signals, and thus establish more robust control over external devices, have
rapidly increased [60, 61].

The assumption that invasive methods can provide better performance has not
been completely supported by the results of several studies [62–66], which have
shown that the control of movement obtained with scalp-recorded sensorimotor
rhythms falls in the same range in terms of speed and precision as the control
obtained with invasive methods [63].

Recently, several approaches using invasive methods have been presented that
allow subjects to control a prosthetic limb with 10° of freedom (three-dimensional
(3D) translation, 3D orientation, four-dimensional hand shaping) [67]. However,
this required two 96-channel intracortical electrode arrays implanted in the
subject’s left motor cortex.

The processes followed for invasive and non-invasive methods, assumptions,
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and results obtained in each case are too di�erent to allow a good comparison of
invasive and non-invasive methods. For example, current non-invasive studies
suggest that a spelling protocol that uses a goal-selection approach (such as
P300-speller) may be faster and more reliable than a spelling protocol that uses a
process-control approach [60, 61, 68].

The most appropriate protocol and paradigm need to be selected following
careful analysis, according to the purpose of the BCI. In addition there are
numerous di�erent paradigms available, such as motor imagery paradigms,
external stimulation paradigms (i.e., P300), error-related potential, etcetera [69].

Then, it is necessary to create a training set using the selected paradigm, which
can be task-dependent or task-independent during the resting-state, and collect
the EEG data for creating the models using mathematical methods. The EEG
data are then collected while the subject performs the same task (or during the
resting-state), the created model used to predict the task, and the predicted task
used for BCI control.

2.2 EEG paradigms

Paradigm selection is important and must be associated with the purpose of
the EEG-based control application or EEG-based controller or BCI. Below, one
important paradigm and several relevant aspects about the resting-state, which
are referred to throughout the thesis, are described.

2.2.1 Event-related potentials and P300

ERPs are very small voltages that appear on the scalp as a response of the human
brain to speci�c events or stimuli that are time- and phase-locked. These have
been used to evaluate brain function and the response to stimuli. These signals
include both spontaneous electrical activity of the cerebral network and the cortical
response to external or internal events.

ERPs produce several well-known patterns (see Fig. 2.5). One of the most
extensively studied and used for BCIs is the P300 peak, also known as P3 [69–71].
The P300 component is elicited in response to infrequent events using what is
known as an oddball paradigm. It consists of a positive peak in the ERP ranging
from 5 to 10 µV in amplitude with a latency between 220 to 500 ms after onset
of the stimulus, and is most signi�cant at central-parietal scalp and midline skull
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Figure 2.5: Schematic representation of certain ERP components after the onset of
a visual stimulus [72].

locations, i.e., Pz, Cz, and Fz in the 10-20 international system. Normally, hundreds
of ERPs are generated, collected, and averaged to visually distinguish the P300
peak from the background activity, thus cancelling the in�uence of noise.

The P300-speller paradigm was developed with the initial aim to restore
communication to locked-in state patients [73] and normally consists of a NxN

matrix of characters that is presented to the subject in random sequences of
intensi�ed columns and rows (Flashed), thus constituting an oddball paradigm
[70, 73].

An important advantage of P300 for a BCI is that most subjects can use it with
very high accuracy and it can be calibrated in a few minutes, which means that
subjects can use BCI systems to control devices quickly. However, disadvantages
of this paradigm are that it may produce fatigue and that subjects with visual
impairment are not able to use BCIs based on this paradigm [73–76].

2.2.2 Resting-state

The resting-state, also called resting-state activity, is typically used to analyze
problems relative to the subject’s internal state of mind. A stable resting-state does
not necessarily exist, because spontaneous changes in regional neuronal �ring
occur even when the organism is apparently in resting-state [77].

In addition, spontaneous activation can change local blood �ow and cause
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low-frequency blood oxygenation level-dependent signal �uctuations [78]. In
other words, the brain is never truly at rest [79] and the term only refers to the
absence of goal-directed neuronal action with the integration of information of
the external environment and the subject’s internal state, as well as when the
subject is not actively engaged in sensory or cognitive processing.

Brain activity can be studied in the resting-state in children or patients who
would otherwise be unable to complete long experiments or perform complex
cognitive tasks and the simplicity of the procedure for collecting EEG signals has
also facilitated the replication of experiments and comparison of results.

The resting-state is typically used to analyze clinical or psychological problems
[80–82] and for most cases of real-time implementation of BCI approaches, as it
is necessary to di�erentiate between the tasks associated with the paradigm and
the resting-state [83]. The resting-state can also be used for various EEG-based
systems [83–87].

Most resting-state features from EEG consist of ongoing amplitude-modulated
oscillations in the approximate frequency range of 0.5-70 Hz [88]. There is evidence
that the alpha frequency band of the multi-channel resting-state in EEG signals
can be parsed into a set of discrete states, called microstates, which are de�ned
by topographies of electrical potentials, and remain stable for 80–120 ms before
rapidly transitioning to a di�erent microstate [89, 90].

Resting-state EEG microstates re�ect neural activity in a task-negative state,
which is considered to be primarily involved in involuntary actions. Brain regions
exhibiting functional connectivity are organized into discrete networks associated
with distinct functions. Among them are a host of so-called resting-state networks
(RSNs), which represent functionally connected areas that are active in the task-
negative state [90]. One such network is the default-mode network, which is

active in the task-negative state but becomes deactivated in a wide array of
cognitive tasks [91].

Interestingly, only four predominant topographies occur during the resting-
state and all can be reliably identi�ed in healthy individuals throughout their
life span and explain most global topographical variance [92, 93], as shown in
Fig. 2.6. However, several studies have been published that show more than four
microstates [94]. This can all in�uence the selection of the most relevant channels
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Figure 2.6: Topography of four microstate maps from [92]. Map areas of opposite
polarity are coded in red and blue using a linear color scale. The left ear is to the
left and the nose is at the top

for extracting information in BCI applications.
Fig. 2.6 presents the eyes-closed resting-state EEG microstates from [92], which

consist of four classes of microstates: class A, with a left occipital to right frontal
orientation; class B, from right occipital to left frontal orientation; class C, with
a symmetrical occipital to prefrontal orientation; and class D, also symmetrical,
but with a fronto-central to occipital axis. The resting-state microstates are shown
to move around the sensorimotor areas of the brain, as a way of sensing the brain
through the most important senses of the human body.

A review compared the four microstate maps determined in various
independent studies using a varying number of electrodes, participants, �lter
settings, etcetera [95]. The four presented microstate maps were distinct in the
studies but highly reproducible, with the class A and class B similarities being
clearer.

As will be shown in Chapter 5, the channel distribution found during the
followed optimization process showed a similar channel distribution as the four
topographies of the resting-state microstates presented in Fig. 2.6.

2.3 Current and future trends in EEG

There is a growing interest in the use of EEG in medical ambulatory and non-
medical and wearable applications, such as entertainment, day-to-day mobile EEG,
sports, neuro-assisted learning, and brain-computer interfaces. This will require
the implementation of miniaturized, user-centric, wireless EEG acquisition systems
with ultra-low power dissipation that is robust to motion artifacts. However,
currently available mobile EEG systems are still quite bulky and use structures
with a large number of �xed electrodes, which are not comfortable for day-to-day
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mobile EEG monitoring.

There are many fronts on which these requirements can be addressed. Two
central research points in terms of EEG electrodes are the creation of newer
electrode technologies and lower-power consumption electronics. To increase
the battery lifetime of wearable EEG devices, research is also being carried out
on data reduction approaches. For example, in the diagnosis of epilepsy, data
reduction techniques have been used to extend the battery life of wearable EEG
devices through intelligent selection and solely transmission of EEG data relevant
for diagnosis [96].

There is a trend towards applying combined sets of features that can produce
better performance for classi�cation rather than using features independently [97].
Future directions should combine machine learning and traditional approaches
for e�ective automatic artifact removal [98]. One of the main concerns regarding
EEG and BCIs is that almost all published experiments have been performed in a
controlled laboratory, whereas the need is towards improving artifact removal in
daily-life EEG-BCI, which is also important for the use of dry electrodes, for which
more research is clearly needed [99, 100]. When designing new EEG headsets, it is
important to thoroughly examine the basic criteria of the system, environmental
aspects, situation, and target users/applications [98, 101].

For certain applications and environments, the trend is towards higher sample
rates and more recording channels. However, for low-power, easy-to-use portable
systems, the channel count needs to be minimized without a�ecting the accuracy
of manual/visual inspection and machine learning based applications [99].

The integration of brain monitoring based on EEG into everyday life has
been hindered by the limited portability and long setup time of current wearable
systems, as well as the invasiveness of implanted systems. There is a current
trend towards exploring the potential of recording EEGs in the ear canal for brain
monitoring, which is known as in-the-ear EEG (Ear-EEG) [102, 103]. Ear-EEG has
been presented as a system that promises a number of advantages, including �xed
electrode position, user comfort, robustness to electromagnetic interference, and
ease of use, and that can be used for long-term monitoring [102].

Research e�orts are ongoing to make EEG devices smaller, more portable, and
easier to use. The so-called wearable EEG is based on the creation of low-power
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wireless collection electronics and dry electrodes that do not require a conductive
gel for use [104, 105]. Wearable EEG aims to provide small EEG devices that are
present only on the head and can record for days, weeks, or months, as promised
by ear-EEG [100, 102].

In general, wearable EEG is envisioned as the evolution of ambulatory EEG
units from the bulky, limited-life devices available today to small devices. Such
miniaturized devices will enable long-term monitoring of diseases, such as epilepsy
and various mental disorders, as well as improve end-user acceptance of BCI
systems [100, 102, 105].

Future wearable EEG systems should be unobtrusive, lightweight, discrete,
and durable, which can be achieved by eliminating the large ambulatory EEG
recording units and wires that attach them to the electrodes. These will be
replaced by microchips containing the necessary ampli�ers, quantizers, and
wireless transmitters, which are mounted on top of the electrodes. EEG data
will then be transmitted wirelessly to a suitable mobile phone or similar device,
which people often keep a short distance from themselves [104, 105].

In some cases, such as epilepsy diagnosis, wireless transmission of EEG data is
not strictly necessary, as data analysis is normally performed after data collection,
but wireless transmission will be necessary for future applications in predicting
epileptic-seizures and their automatic treatment. Even wireless connections
between electrodes is desirable to enable miniaturization [100, 104, 105].



Chapter 3

Materials and Methods

This chapter introduces the concepts that provide the basis for the thesis

contributions and a summary of the datasets used, as well as a �owchart describing

the proposed methods for feature extraction and classi�cation. The proposed methods

for channel-count optimization used in the cases studied are presented.

As introduced in Chapter 1, a comprehensive view of the necessary methods and

tools used to achieve the objectives of the thesis, is presented. Fig. 3.1 presents the stages

followed, which includes the EEG datasets (a)), pre-processing and feature extraction
(b)), the classi�ers used (c)), and the various methods for channel reduction and

selection (d)). Each necessary step is presented and explained below for the datasets

used, which are presented in Section 3.6.

3.1 Improving the signal-to-noise ratio

As introduced in Section 2.1.2.2, EEG signals can be contaminated by various
sources of artifacts or noise produced by body movement, EMG, ECG, eye
movements, sweating, power lines, impedance �uctuations, cable movements,
etcetera [106]. Therefore, an important step before analyzing EEG signals is to
enhance the signal-to-noise ratio, for which there are several spatial �ltering
techniques [38, 107–109]. Among the simplest and most used methods are the
Common Average Reference (CAR) and Laplacian Filter (LAP) [110–112].

In this thesis, the signal-to-noise ratio from the EEG signal was improved using
the CAR method, which removes simultaneously-recorded common information
from all electrodes. CAR can be computed for an EEG channel VCAR

i , where i is
the number of the channel, as follows:

29
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Figure 3.1: Stages of the methodology followed in the thesis.

VCAR
i = V ER

i −
1
n

n∑
j=1

V ER
j (3.1)

where

• V ER
i is the potential between the ith electrode and the reference, and n is

the number of electrodes.

After removing the noise from the EEG signals, it can be processed using data
transformation techniques, such as EMD or DWT, to decompose the signals into
di�erent frequency bands and thus extract relevant features from each sub-band,
as explained below.
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3.2 Data analysis

Data analysis helps to provide information hidden in the data. It refers to the
process of manipulating and transforming/converting data from one format,
structure, or domain to another. For example, data analysis techniques can be used
to convert a signal from the time-amplitude to time-frequency or amplitude-
frequency domain, and vice-versa. This process can increase the value and
e�ciency of analytical or feature extraction procedures. When working with noisy
raw data, the extraction of a handful of fundamental features (mean, variance,
slope, etc.) is not generally su�cient, but valuable information can be extracted by
manipulating or transforming the data. When working with EEG signals, feature
extraction techniques can be time-based, frequency-based, or time-frequency-
based. Time-frequency-based features are used more frequently as they can
simultaneously provide information about the time and frequency of the EEG
signals. EMD and DWT are the most popular and useful feature extraction
techniques [113–115].

3.2.1 Empirical Mode Decomposition

EMD is an adaptive data analysis method used for decomposing non-linear and
non-stationary signals, which may be mono-component or multi-component, into
a �nite number of amplitude and frequency-modulated zero-mean signals without
leaving the time domain, called Intrinsic Mode Functions (IMFs), which satisfy two
conditions [116]:

1. The number of extrema and the number of zero crossings must be either
equal or di�er at most by one.

2. At any point, the mean value of the envelope de�ned by the local maxima
and the envelope de�ned by the local minima is zero.

The method decomposes a signal into oscillatory components by applying a
process called sifting, making EMD a data-driven method that does not depend
on any a priori de�ned system. This process removes riding waves and makes
the wave-pro�le more symmetrical [116, 117]. EMD decomposes a time-series
x(t) into IMFs xi (t) and a residue, such that the signal can be represented and
reconstructed as shown in Eq. 3.2 and summarized, as shown in algorithm 1:
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x(t) =
n∑
i=1

xi (t) + residue (3.2)

An important aspect presented in algorithm 1 is whether a given sample is
or is not an upper or lower extrema, since it must be based on the relationship
of the actual sample with its left and right neighbours. The envelopes will be
di�erent depending on the accuracy of the method for �nding these upper and
lower extrema points, as the sifting process is implemented by connecting all of
the local minima or maxima by a cubic spline line to extract the IMFs . Additionally,
it may lead to minor deviations from the true mean envelope depending on the
spline used for the interpolation, producing di�erent IMFs. According to [118],
the natural spline is the most reasonable one to select.

During the interpolation process, at least one extrema on each side must be free,
unless the �rst and last points were simultaneously considered as the maximum
and minimum. This is known as an end e�ect and can be solved by using mirror
continuation [119–122]. However, the requirement for this approach is that the
mirror be placed at the extrema point, but if the signal cannot determine whether
the endpoint is the extrema point, then it amputates part of the data to place the
mirror at the extrema point. The authors in [122] proposed a combination based
on support vector machine (SVM) and EMD mirror extension methods to predict
the extrema points near the end of the signal and thus solve the EMD end-e�ect
problem. Brie�y, an SVM model is used to extend the two ends of the original data
to obtain local extrema points, then the image in the mirror is mapped to a ring
signal with no endpoints by mirror extension. The stopping criterion is another
important part of EMD, as it determines the number of sifting steps to produce
an IMF, and the sifting process has to be repeated as many times as necessary to
eliminate all riding waves. Generally, it is critically important in the successful
implementation of EMD.

Mode mixing is another well-known problem encountered during the sifting
process and happens when EMD tries to extract mono-components from a multi-
component signal. In such cases, the sifting process only identi�es modes that
clearly contribute their own maxima and minima. Otherwise, EMD will not be able
to separate the mode in a single IMF and the mode will remain mixed in another
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Algorithm 1 The sifting process for a signal x(t)
1: Data: signal = x(t)
2: Result: IMFs
3: sifting = True
4: while si f tinд = True do
5: Identify all upper extrema in x(t)
6: Interpolate the local maxima to form an upper envelope u(x).
7: Identify all lower extrema of x(t)
8: Interpolate the local minima to form an lower envelope l(x)
9: Calculate the mean envelope:

m(t) = u(x )+l (x )
2

10: Extract the mean from the signal:
h(t) = x(t) −m(t)

11: if h(t) satis�es the two IMF conditions then
12: h(t) is an IMF { Add h(t) to IMFs }
13: sifting = False { Stop sifting }
14: else

15: x(t)= h(t)
16: sifting = True { Keep sifting }
17: end if

18: if x(t) is not monotonic then
19: Continue
20: else

21: Break
22: end if

23: end while

IMF or split between several IMFs [123, 124]. Data a�ected by the presence of
intermittence and noise can also produce the mode-mixing problem.

There are EMD-based methods for noise removal, solving end e�ects, and the
mode-mixing problem. For example, Ensemble EMD (EEMD) de�nes true IMFs as
the mean of an ensemble of trials [124]. However, EEMD is not recommended for
real-time applications due to the computational cost [125].

3.2.1.1 IMF selection

Depending on the parameters selected for the EMD method (spline for the
interpolation, the method for solving the end-e�ect problem, etc.) and because
the numerical procedure is susceptible to errors, some IMFs that contain limited
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information may appear in the decomposition [126].

There are several approaches for selecting the IMFs that contain the most
relevant information about the signal, i.e., using energy-based techniques or
using a threshold or distance [127–129]. For illustrative purposes, an example
employing the Minkowski (Euclidean) distance (dmink ) is presented, which is
de�ned as follows.

dmink =

(
n∑
i=1

��xi − yi ��2)1/2 (3.3)

where xi and yi are the i-th respective samples of the observed signal and the
extracted IMF. According to [128], the redundant IMFs have a shape and frequency
content di�erent from those of the original signal, which means that when an IMF
is not appropriate, the dmink presents a maximum value.

Fig. 3.2, presents an example using a synthetic signal generated by x(t) =

sin(3π ∗ t)+ sin(π ∗ t)+white_noise , which can be compared to the IMF selection
methods presented by [127, 129]. For the example presented, it was considered to
be a trial of two seconds with a sample rate of 512 Hz and, for illustrative purposes,
only the �rst three most relevant IMFs, according to the Minkowski distance, were
selected (the closest three IMFs). However, this number may vary depending on
the nature of the data, sample rate, trial-duration, and other factors.

Fig. 3.2 shows that the original signal can be reconstructed by using all the
obtained IMFs, but also if only the three closest IMFs and the residue are used.
This means that EMD can decompose a signal into di�erent components and also
capture the most relevant information in di�erent IMFs. This may be important
for certain applications and depending on the nature of the signal, as the use of a
large dataset can increase the computational cost. Therefore, using only the most
relevant IMFs, it is possible to extract the main components (relevant information)
from the signal and analyze it further.

3.2.2 Discrete Wavelet Transform

A wavelet is a brief rapidly decaying wave-like oscillation with an amplitude that
begins at zero, increases, and decreases back to zero, and has a �nite duration. The
wavelet transform (WT) replaces the sine and cosine functions of Fourier transform
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(a) IMFs and residue (res.) extracted from the original signal using EMD.

(b) Original signal (c) Reconstructed signal using
all IMFs plus residue.

(d) Reconstructed signal using
IMFs 1, 2, 7 and res.

Figure 3.2: IMFs plus residue (Sub-�g. 3.2a) obtained from the synthetic signal
presented in sub-�g. 3.2b, as well as the reconstructed signal using all the IMFs
(Sub-�g. 3.2c) and three IMFs selected using the Minkowski distance plus the
residue (Sub-�g. 3.2d).

(FT) by translations and dilations of a wavelet. It is basically a mathematical
technique in which a particular signal is analyzed in the time domain using
di�erent versions of a translated and dilated basis function called a mother wavelet.
WT is suitable for analyzing irregular data patterns, such as non-stationary signals,
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and it provides well-de�ned frequency and time resolution for both low and high
frequencies.

There are two important parameters used in the transformation: scaling and
shifting. A stretched wavelet, which is produced with large-scale factors, helps
to capture the slowly varying changes (low frequencies), whereas a compressed
wavelet, produced with small-scale factors, helps to capture the abrupt changes
(high frequencies). The wavelet has to be shifted to align with the desired feature.
Shifting a wavelet means delaying or advancing the onset of the wavelet along
with the signal. In general, WT is represented in Eq. 3.4.

ψa,b =
1√
|a |
ψ
t − b

a
(3.4)

where

• a and b are the scaling and shifting parameters, respectively.

• ψ is the mother wavelet

• For a given scaling parameter a, the wavelet is translated by varying the
parameter b.

Selecting an appropriate mother wavelet is crucial for analyzing the signals, as
it will a�ect the outcome and various wavelets applied on the signal may produce
di�erent results. It is common to select a mother wavelet that is similar in shape
to the original raw signal, but it can be selected experimentally.

DWT provides a time-frequency representation of a signal and decomposes a
signal in the time domain into shifted and scaled versions of a mother wavelet.
DWT provides su�cient information of the original signal with a signi�cant
reduction in computation time by passing the signal through a series of low-pass
and high-pass �lter pairs. The DWT is presented in Eq. 3.5.

DWTj,k =

∫ ∞

−∞

x(t)
1√
|2j |

ψ
t − 2jk

2j
dt (3.5)

where

• j and k are the scaling and shifting parameters, respectively.
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• ψ is the mother wavelet

• 2j and 2jk replace a and b from Eq. 3.4, respectively.

Additionally, it is necessary to pre-de�ne two parameters, the decomposition
level and the mother wavelet. The outputs provide the level 1 high-frequency
part, called detail coe�cients (D1), and the level 1 low-frequency part, called
approximation coe�cients (A1). Subsequently, the low-pass portion is fed into
a new set of �lters and the process is repeated until the signal is decomposed
to a pre-de�ned level. Brie�y, the wavelet decomposition of a signal x(t) in the
j decomposition level has the structure [Aj ,D j ,D j−1, ...,D1]. It should be noted
that at every level, half of the samples can be removed according to the Nyquist
theorem [130].

Fig. 3.3, presents an example using a synthetic signal generated by x(t) =

sin(3π ∗ t) + sin(π ∗ t) +white_noise , using four levels of decomposition and the
mother wavelet biorthogonal 1.3. As in the example presented in 3.2.1, it was
considered to be a trial of two seconds with a sample rate of 512 Hz.

3.3 Data features

A feature is an individual measurable property or characteristic of a phenomenon
being observed. They can be mainly divided into two types, fundamental

and complex. Fundamental features, also know as time-domain features, are
explicitly present in the acquired data and can be directly used, i.e., mean, median,
variance, standard deviation, amplitude, kurtosis, skew, etc. Complex features are
generated by manipulation or transformation of the data (transformations using
methods such as EMD or DWT), and after a certain amount of transformation
of the data, it is necessary to extract certain relevant patterns, which also

helps in dimensionality reduction. Choosing informative, discriminating, and
independent features is a crucial step for e�ective training of algorithms in pattern
recognition, classi�cation, and regression. Below, a set of energy and fractal
features relevant to this thesis is introduced.

3.3.1 Energy distribution

The energy Es of a discrete signal (n) is de�ned as the area under the squared
magnitude of the signal, and is calculated as in Eq. 3.6.
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Figure 3.3: Details and approximation coe�cients extracted from the original
signal using DWT with four levels of decomposition and the mother wavelet
biorthogonal 1.3.

Es = 〈x(n),x(n)〉 =
∞∑

n=−∞

|x(n)|2 (3.6)

There are several approaches for computing the energy distribution, which
has been used for feature extraction in various signal processing applications,
including those for audio and EEG signals [131–133]. In EEG, the features to
represent the energy distribution can be computed to reduce the computational
cost and obtain a better representation of the obtained sub-bands by transformation
using EMD or DWT.

As shown below, let w j (r ) denote the coe�cient of one of the sub-bands (level
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of decomposition or IMF) at position r , with N as the length of the sub-band.
The instantaneous energy gives the energy distribution in log base 10 of a time

series [133], and can be computed in Eq. 3.7:

fj = loд10

(
1
Nj

Nj∑
r=1
(w j (r ))

2

)
(3.7)

The Teager energy is a robust parameter, as it attenuates auditory noise [131–
133]. This log base 10 energy operator re�ects variations in both amplitude and
frequency of the signal, which is computed as in Eq. 3.8:

fj = loд10

(
1
Nj

Nj−1∑
r=1

���(w j (r ))
2 −w j (r − 1) ∗w j (r + 1)

���) (3.8)

There are more approaches for computing di�erent values of energy features,
but these two parameters have proven to be robust for representing the sub-bands
of EEG signals [87, 132–135].

Fig. 3.4, presents the average value and standard deviation of the Teager
and instantaneous energy distribution of the IMFs from EMD and the levels of
decomposition using DWT from Figs. 3.2 and 3.3.

3.3.2 Fractal dimension

A fractal is an irregular geometric object that exhibits similar patterns at
increasingly small scales called self-similarity. A fractal dimension is a ratio
providing a statistical index of complexity comparing how details in a pattern
change with the scale at which it is measured. It is used to measure the roughness

of a signal, i.e., a mild or wild randomness, and the complexity of an EEG signal
can be directly evaluated by its fractal dimension [136].

There are several self-similarity features from fractal geometry that are useful
in describing the complexity of an EEG signal and they have been shown to be
highly insensitive to noise [137]. Some have been used to directly characterize
EEG signals from raw data or using various methods to extract the information
[87, 136, 138]. In particular, Higuchi and Petrosian fractal dimensions have been
used to characterize non-linear and non-stationary data [87, 137–141].

The Higuchi fractal dimension algorithm approximates the mean length
of the curve using segments of k samples and estimates the dimension of a
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Figure 3.4: Teager and Instantaneous energy distribution of EMD and DWT sub-
bands from Figs. 3.2 and 3.3.

time-varying signal directly in the time domain [142]. Consider a �nite set of
observations taken at a regular interval: X (1),X (2),X (3), ..,X (N ). From this series,
a new one Xm

k must be constructed,

Xm
k : X (m),X (m + k),X (m + 2k), ..,X

(
m +

(
N −m

k

)
k

)
(3.9)

Where m = 1, 2, ..,k , m indicates the initial time, and k the interval time. Then,
the length of the curve associated with each time series Xm

k can be computed as
follows:

Lm(k) =
1
k

( N−m
k∑
i=1

(
X (m + ik) − X

(
m + (i − 1)k

))) ( N − 1(
N−m
k

)
k

)
(3.10)

Higuchi takes the mean length of the curve for each k , as the average value of
Lm(k), form = 1, 2, ...,k and k = 1, 2, ...,kmax , which is calculated as:

L(k) =
1
k

k∑
m−1
(Lm(k)) (3.11)

The Higuchi fractal dimension depends only on the free parameter kmax ,
which represents the maximum number of scales to explore in the process of
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Figure 3.5: Higuchi and Petrosian fractal dimension of EMD and DWT sub-bands
from Figs. 3.2 and 3.3.

calculation. In this thesis, it was set at kmax = 10, but di�erent values have been
used when working with brain signals [143–145].

ThePetrosian fractal dimension can be used to provide a rapid computation
of the fractal dimension of a signal by translating the series into a binary sequence
[146].

FDPetrosian =
log10 n

log10 n + log10

(
n

n+0.4N∇

) (3.12)

Where n is the length of the sequence and N∇ is the number of sign changes in
the binary sequence.

Fig. 3.5, presents the Higuchi and Petrosian fractal dimension of the IMFs
from EMD and the levels of decomposition using DWT from Figs. 3.2 and 3.3. It
presents the average value and the standard deviation of the fractal dimension
values from all the IMFs or levels of decomposition. Using this process, a visual
comparison between the fractal features of EEG signals from di�erent classes is
easy to interpret, as presented in [141]. However, for the interest of this thesis,
this process will be accomplished using machine learning algorithms, as explained
later.
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3.4 Computational intelligence methods for classification

Machine learning is a well-known research area de�ned as computational methods
using experience to improve performance or to make accurate predictions.
Supervised learning is the task of learning or inferring a function from labeled
training data of a set of training examples [147].

Deep learning algorithms have been shown to be successful in image
processing and other �elds, but have not shown convincing or consistent
improvement when using EEG data over the most advanced current methods.
In addition, its performance depends on the use of a large number of instances,
something that is not common when using EEG data [148–151]. Below, a set of
methods that have been shown to be e�ective with little training data is described
[148, 152–155].

3.4.1 Multi-class classi�cation

Machine learning gives computers the ability to learn from experience by using
supervised or unsupervised learning [156]. Using machine learning, it is possible
to train models for predicting the labels or classes of new inputs. Considering X

as the sample space and Y as the target space, the goal is to construct a function
that predicts Y from X . There are several approaches using supervised learning of
interest for this thesis, which are described below:

• Support Vector Machine or SVM: This approach uses hyperplanes to
separate classes of data by maximizing the margins, which are the distances
between the nearest training points from di�erent classes. The hyperplane
is de�ned by vectors called support vectors. SVM has the advantage
of transforming nonlinear data to higher-dimensional space for easier
separation using the kernel trick and is therefore �exible in representing
complex functions while providing a global solution. There is a linear kernel
and there are nonlinear kernels, such as the radial basis function (RBF),
sigmoid, and polynomial. The classi�cation complexity does not depend on
the dimensionality of the feature space and the sensitivity to the number
of features is relatively low [157], as the necessary time to create a model
is O(N 3), where N is the length of the feature vector and O(1) + O(N ) is
required to predict the class of a new instance using the created model [158].
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• k-nearest neighbors (KNN): This algorithm does not attempt to construct
a general internal model. Instead, it stores instances of the training data,
so no learning is required. The k data points most similar to a new data
point from the training dataset are localized [159, 160]. A prediction is
then obtained by majority voting applied over the k-nearest data points.
The learning is based on the k-nearest neighbors, where k is an integer
value that must be speci�ed and the optimal choice of the k value is highly
data-dependent. A large k suppresses the e�ect of noise but makes the
classi�cation boundaries less distinct [161].

• Random Forest (RF): This is an ensemble learning algorithm, meaning
it generates classi�ers and aggregates their results. It consists of several
decision trees (DT), each giving a prediction, and the class with most votes
becomes the models’ prediction. Each node is split using the best subset of
predictors randomly chosen at that node. RF has been shown to outperform
SVM and KNN and is robust against over-�tting [162]. Two parameters
must be de�ned for RF, the number of trees in the forest and the number of
variables in the random subset at each node, but it is not very sensitive to
such values [163].

• Naive Bayes (NB): This is a probabilistic classi�er based on Bayes’ Theorem.
The simple form of the calculation for Bayes Theorem is as follows:

P (A|B) =
P (B |A) P(A)

P(B)
(3.13)

where P(A|B) is the probability of interest. Bayes Theorem assumes that each
input variable depends on all other variables, which causes complexity in the
calculation. Removing the assumption of dependency and considering each
input variable to be independent from each other simpli�es the calculation.
An advantage of NB is fast computing when making decisions and it does
not require large amounts of data before learning can begin [164].

3.4.2 One-class classi�cation

A one-class classi�cation (OCC) algorithm consists of identifying objects of a
speci�c class among all objects by learning from a training set that contains only
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the objects of the target class. This task can be more challenging than a multi-
class classi�cation problem, as it is assumed that information for only one of the
classes is available, and the boundary between normal and abnormal data has to
be estimated solely from normal data in such a way that as many target objects as
possible are accepted while minimizing the possibility of accepting outliers [165].

3.4.2.1 One-class Support Vector Machine

In SVM, the input data is represented in an N -dimensional space, where N is
the number of features. The algorithm seeks to �nd a decision boundary or a
hyperplane that can separate the data points into classes. The distances from each
point to the decision boundary are called support vectors. The algorithm searches
for the decision boundary with maximised margins, that is the boundary that
maximizes the sum of the support vectors. In one-class SVM (OCSVM), which is
an unsupervised algorithm, this translates to identifying the smallest hypersphere
(with radius r , and center c) that consists of all data points belonging to the class.
The model infers the properties of the training set, and from these properties it
can predict which trials from a test set are di�erent from the training set.

OCSVM learns a decision function for outlier detection, classifying new data
as similar to or di�erent from that of the training set. As in SVM, di�erent kernels
can be used and certain important parameters require �tting, including the nu

and gamma parameters. The nu parameter is an upper bound on the fraction of
training errors and a lower bound of the fraction of support vectors that should
be in the interval [0, 1]. Gamma de�nes how much in�uence a single training
example has: the larger the gamma, the closer other examples must be to be
a�ected and the interval must be greater than 0; normally it is 1/no_f eatures .

A grid search can be used to adjust the parameters by cross-validation, which
has been shown to be powerful and able to signi�cantly improve the results.
However, it is a very slow process [166]. These parameters di�er depending on
the size of the feature vector and it is necessary to re-compute them each time.
To illustrate this point, Fig. 3.6 presents an example of two di�erent decision
boundaries in OCSVM obtained by using di�erent nu and gamma parameters
with a random dataset of 100 trials for training (two features per trial), 30 new
regular trials, and 30 new abnormal trials. The results obtained clearly show that
OCSVM can be sensitive to these values and they must be �tted correctly to obtain
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Figure 3.6: Example of two di�erent decision boundaries in OCSVM and a random
dataset with outliers.

generalized results. They also show that the learned frontier better �ts the training
set when the recommended gamma parameter (1/no_f eatures) is used.

3.4.2.2 Local Outlier Factor

Local Outlier Factor (LOF) is a density-based unsupervised outlier detection
algorithm that de�nes the degree of being an outlier by calculating the local
deviation of a given data point with respect to its surrounding neighborhood.
The score assigned to each data point is called the local outlier factor [167]. It
is based on a concept of local density given by the distance of the k-nearest
neighbors. Comparing the local density of a data point with the local densities of
its k neighbors, it is possible to identify regions with similar density and outliers,
which have lower density: the lower the density of a data point, the more likely
it is to be identi�ed as an outlier. A small k has a more local focus, and a large k

can miss local outliers. Brute force, ball tree, or k-d tree algorithms can be used to
compute the nearest neighbors.

The k-distance is the distance of a point to its k th neighbor and the reachability
distance is the maximum of the distance of two points (i.e., distance(a,b)) and the
k-distance of the second point (i.e., k_distance(b)), as presented in Eq. 3.14.

reach_dist(a,b) =max{k_distance(b),distance(a,b)} (3.14)

The reachability distance of a to all its k nearest neighbors has to be calculated
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Figure 3.7: Example of two di�erent decision boundaries using LOF and a random
dataset with outliers.

and then the average of that number obtained. Thus, the local reachability density
(LRD) can be calculated, which is the inverse of the obtained average, as presented
in Eq. 3.15. The LRD indicates the distance that must be traveled from a point to
reach the next point (or cluster of points): the lower it is, the less dense it is, and
the longer the distance.

LRD(a) = 1
/(∑

b ∈Nk (a) reach_distk (a,b)
|Nk (a)|

)
(3.15)

The LRD of each point is then compared to the LRD of its k neighbors. The
LOF is the average ratio of the LRDs of the k neighbors of a to the LRD of a, as
shown in Eq. 3.16.

LOFk (a) :=

∑
b ∈Nk (a)

LRDk (b)
LRDk (a)

|Nk (a)|
(3.16)

A ratio < 1 indicates a denser region, which means that the point is an
inlier, whereas a ratio > 1 indicates that the point is an outlier. Fig. 3.7 presents
an example of two di�erent decision boundaries of the LOF obtained by using
di�erent algorithms and numbers of neighbors with a random dataset of 100 trials
for training (two features per trial), 30 new regular trials, and 30 new abnormal
trials.
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3.4.3 Evaluation of classi�er performance

Evaluating a classi�er’s performance, which is performed during the learning
process, provides information about how good or bad the followed method
is, compares the results with other proposals, and generalizes the results
[168]. There are several parameters that can be calculated, depending on the
approaches followed, i.e., some for multi-class classi�cation and others for one-
class classi�cation approaches. Relevant metrics for the validation of the proposals
are presented below.

3.4.3.1 K-fold cross-validation

This method splits a dataset into k folds. One is then used as the test set and the
rest as the training set. The number of trials per class must be the same or similar
in each fold. The model is trained using the training set and scored using the test
set. Then, the process is repeated until each unique group has been used as the
test set. Thus, every data point is used k − 1 times as part of the training set and
one time as a test set. Through cross-validation, an unbiased evaluation of the
model can be obtained without reducing the training dataset.

The choice of k is usually 5 or 10, but the bias is smaller for k = 10 than k = 5.
However, there is no general rule. As k gets larger, the di�erence in size between
the training set and the re-sampling subsets gets smaller. The most common value
used for cross-validation is k = 10 [168, 169].

3.4.3.2 Evaluation metrics

For evaluation and analysis of the results, a confusion matrix is generally used,
which in a multi-class problem is am×m matrix, wherem is the number of classes
in the dataset. The columns in the matrix are the true classes and the rows the
predicted classes.

For example, in a two-class classi�cation problem, lets say A and B, it is
obtained 1) true positives (TP), cases in which the classi�er correctly predicted
instances from A, 2) true negatives (TN), cases in which the classi�er correctly
predicted instances from B, 3) false positives (FP), cases in which the classi�er
erroneously predicted instances from B in A, and 4) false negatives (FN), cases
in which the classi�er erroneously predicted instances from A in B. With such a
confusion matrix, the accuracy, speci�city, and sensitivity can be computed, as
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presented in Eq. 3.17, 3.18, and 3.19.

Accuracy =
TP +TN

TP +TN + FP + FN
(3.17)

Speci f icity =
TN

TN + FP
(3.18)

Sensitivity =
TP

TP + FN
(3.19)

An important aspect to consider when evaluating the models is to verify
whether the models are over-�tted or under-�tted. A low variance error is obtained
when the error using the training set is low but high when validating the model
with the test set. This indicates that the model is over-�tted and that it has been
too highly adjusted to the training set, adopting its variability. A solution to avoid
over-�tting may be to add more training data or adjust the classi�er parameters.
Another problem is called bias-error, which is when the error of the model with
both the training set and testing set is high, indicating that the model is not able to
adjust to the dataset or is under-�tted. Depending on the nature of the dataset and
the classi�er, this problem can be avoided by considering longer training times,
lower learning rates, more layers, etcetera [170].

For one-class problems, there are several metrics that can be computed.
Particularly for biometric systems, the true acceptance rate, or TAR, and true

rejection rate, or TRR, are important and among the most widely used metrics
for evaluating models. The TAR is the percentage of times the system correctly
veri�es a true claim of identity and the TRR the percentage of times it correctly
rejects the subjects that are not in the system.

3.5 Channel reduction and selection

While a laboratory setting and research-grade EEG equipment ensure a
controlled environment and high-quality multiple-channel EEG recording, there
are applications, situations, and populations for which this is not suitable.
Conventional EEG is challenged by a high computational cost, high-density,
immobility of the equipment, and the use of inconvenient conductive gels.

The main objectives for channel reduction and selection are to 1) reduce the
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computational cost for EEG signal processing, 2) reduce the over-�tting that
can occur due to the use of unnecessary channels and improve the classi�cation
accuracy, since a large number of channels can contain redundant or useless
information, 3) identify the brain areas that generate task-dependent activity, and
4) reduce preparation time. All of these objectives can be achieved by selecting
the most relevant channels and removing task-irrelevant and redundant channels,
thus extracting the most relevant features [171, 172].

An important point is that selection of a low number of channels can result
in a low-power hardware design. This would allow expansion of the range of
applications of EEG signals from clinical diagnosis and research to healthcare, a
better understanding of cognitive processes, learning and education, and currently
hidden/unknown properties behind ordinary human activity and ailments (i.e.,
resting-state, walking, sleeping, complex cognitive activity, chronic pain, insomnia,
etc.) [173].

Various channel reduction and selection methods have been tested for
extracting channel subsets, ranging from algorithms, such as �ltering, wrapper,
embedded, and hybrid methods [171, 172, 174–189] to the use of genetic
algorithms, such as the simple GA, steady-state genetic algorithm, genetic neural
mathematics method (GNMM), arti�cial bee colony (ABC) algorithm, and NSGA-
based algorithms [87, 138, 190–201]. These methods have been generally tested
in motor imagery, but a unique set of channels for this task has not been found
[172, 174, 176, 179, 188, 196, 198, 199].

In a low-density device, the channel selection approach can be possibly used
to modify the channel’s position or at least activate the relevant sensors in real-
time and, thus, increase classi�cation accuracy and reduce processing time. Two
greedy and one multi-objective optimization algorithm of interest for this thesis
are presented next.

3.5.1 Greedy algorithms

A greedy algorithm makes the optimal decision at each stage (local optimal or
local maximum) and generally does not produce an optimal solution, but this
strategy approximates a globally optimal solution in a short period of time [202].

An easy and rapid way to evaluate the most relevant parameters or features for
obtaining the best results in a problem is the use of greedy algorithms [202]. The
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idea of using greedy algorithms for channel selection is to obtain all combinations,
removing 1 channel at a time, and selection of the subset with the best results,
which represents the local maximum. The procedure is then repeated using the
obtained subset while the length of the subset is still greater than 1 channel.

The same process can be applied but �rst after selecting the single channel
with the best results. The process is then repeated trying to add another channel
and selecting the subset of two channels with the best results. The process is
repeated, adding additional channels until all the channels have been added to the
subset. This method provides a general idea of the channels with the most useful
information for the classi�ers.

These methods are known in combinatorial optimization and arti�cial
intelligence as backward-elimination and forward-addition algorithms and have
been used in feature subset and channel selection [173, 203–206]. Both methods
provide an optimal solution at each step, but neither is able to predict complex
iterations between channels or features that may a�ect the performance of the
classi�er, which is why they are not considered to be a global solution.

3.5.2 Multi-objective optimization methods

An optimization problem consists of maximizing or minimizing a function by
systematically choosing input values from a valid set and computing the value of
the function, which can be limited to one or more restrictions, or it can be without
any restriction. In an optimization problem, the model is feasible if it satis�es all
the restrictions and it is optimal if it also produces the best value (minimum or
maximum) for the objective function.

A Multi-objective optimization problem (MOOP) has two or more objective
functions that are to be either minimized or maximized. As in a single-objective
optimization problem, a MOOP may contain a set of constraints, which any feasible
solution must satisfy [207]. Eq. 3.20 presents a MOOP in its general form.
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Minimize/Maximize fm(x), m = 1, 2, ....,M

subject to дj (x) ≥ 0, j = 1, 2, ...., J

hk (x) = 0, k = 1, 2, ....,K

x (L)i ≤ xi ≤ x (U )i , i = 1, 2, ....,n

(3.20)

As a result of the optimization process, a set of solutions is obtained, where
a solution x ∈ R

n is a vector with n decision variables, x = [x1,x2, ...,xn]. The
objective functions constitute a multi-dimensional space called the objective space,
or Z ⊂ RM . For each solution x in the decision variable space, there is a point
z ⊂ RM in the objective space, denoted by f (x) = z = [z1, z2, ..., zM ].

3.5.2.1 Non-dominated sorting genetic algorithms (NSGA)

Genetic algorithms (GAs) mimic Darwinian evolution and use biologically inspired
operators. Their population is comprised of a set of candidate solutions, each with
chromosomes that can be mutated and altered. GAs are normally used to solve
complex optimization and search problems [208].

GAs normally consists of 1) population initialization, 2) �tness function
calculation, 3) crossover, 4) mutation, 5) survivor selection, and 6) termination
criteria to return the best solutions. The population consists of a set of
chromosomes that are possible solutions to the problem and each chromosome
can have as many genes as variables in the problem. There are various proposed
methods in the state-of-the art for each stage [208–211].

For the genetic representation of the solution domain, it is possible to de�ne
chromosomes using genes with binary values, i.e., 0 or 1, as well as those with
integer or decimal values. For example, if the gamma parameter of OCSVM has to
be optimized, it can be de�ned as a gene with decimal values in the interval [0, 1].

The non-dominated sorting genetic algorithm, or NSGA [210], uses a non-
dominated sorting ranking selection method to emphasize good candidates and a
niche method to maintain stable sub-populations of good points (Pareto-front),
where a non-dominated solution is a solution that is not dominated by any other
solution. NSGA-II was used to solve certain problems related to computational
complexity, the non-elitist approach, and the need to specify a sharing parameter
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Figure 3.8: An illustrative example of the NSGA-II procedure [211].

to ensure diversity in a population presented in the �rst version. NSGA-II also
reduced the computational cost fromO(MN 3) toO(MN 2), where M is the number
of objectives and N the population size. Additionally, the elitist approach was
introduced by comparing the current population with the previously found best
non-dominated solutions [211].

Fig. 3.8 presents the NSGA-II framework, in which parent and child populations
are compared using the �tness function and organized using the non-dominated
sorting algorithm for creating di�erent fronts, from high to low importance. Then,
the individuals in the �rst front are selected to be used in the next generation.
There are situations in which a front has to be split (In Fig. 3.8, front 3) because
not all individuals are allowed to survive. In this split front, solutions are selected
based on crowding distance [211].

NSGA-III has been shown to e�ciently solve 2- to 15-objective optimization
problems [212]. NSGA-III follows the NSGA-II framework but uses a set of
prede�ned reference points that emphasize population members that are non-
dominated, yet close to the supplied set [212, 213]. The prede�ned set of reference
points are used to ensure diversity in the obtained solutions. When using NSGA-
III, the reference points are generally places on a normalized hyper-plane that is
equally inclined to all objective axes and has an intersection with each. For
example, in a three-objective optimization problem, the reference points are



3.6. Description of datasets used in the thesis 53

Figure 3.9: Reference points of NSGA-III in a three-objective optimization problem.

created on a triangle with apexes at (1, 0, 0), (0, 1, 0), and (0, 0, 1) [213, 214], as
shown in Fig. 3.9.

3.6 Description of datasets used in the thesis

3.6.1 CHB-MIT dataset

Most of the proposed methods for epileptic seizure classi�cation in the state-of-
the-art are tested on datasets from the PhysioNet [215] and EPILEPSIAE [216]
projects and the TUH EEG Corpus [217], in which some of the datasets consist of
private repositories or to which access is limited.

The EEG recordings used were obtained from pediatric patients with
intractable seizures who were monitored for several days at the Boston Children’s
Hospital following the withdrawal of anti-seizure medication to characterize their
seizures and assess their candidacy for surgical intervention. The dataset used
comes from the PhysioNet project and is partially described in [215, 218] and
can be found in the CHB-MIT Scalp EEG Database or doi.org/10.13026/C2K01R.
The dataset consists of bipolar EEG signals from 24 patients that were recorded
using 22 channels (FP1-F7, F7-T7, T7-P7, P7-O1, FP1-F3, F3-C3, C3-P3, P3-O1,
FP2-F4, F4-C4, C4-P4, P4-O2, FP2-F8, F8-T8, P8-O2, FZ-CZ, CZ-PZ, P7-T7, T7-FT9,
FT9-FT10, FT10-T8, and T8-P8), with a sampling rate of 256 Hz, using the 10-20

https://doi.org/10.13026/C2K01R
https://doi.org/10.13026/C2K01R
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Figure 3.10: Example of the raw EEG data of C3-P3, T7-FT9 and C4-P4 channels
from the third instance of Patient 1 of the CHB-MIT dataset.

international system. It should be noted that channels FT9 and FT10 are not part
of the 10-20 international system.

The EEG data for each epileptic seizure and epileptic-free period is of six
seconds and there are an average of 80 instances for each class for each patient.
More details can be found in [135, 215, 218], and in the CHB-MIT Scalp EEG
Database.

Certain important details are shown in Table 3.1, including the duration (in
seconds) of the EEG signal for each epileptic event. However, six-second segments
of the epileptic seizures are also considered to compare the seizures between
subjects with similar components.

Fig. 3.10 presents the raw EEG signal of an epileptic seizure and 30 seconds
before onset (the onset is indicated by a vertical line in black) of the �rst instance
of subject 1, showing the EEG data corresponded to C3-P3, T7-FT9 and C4-P4

channels.

3.6.2 EEGMMIDB dataset

This dataset consists of EEG signals of 109 subjects collected from 64 EEG channels,
localized according to the 10-10 international system, with a sample rate of 160 Hz
and a recorder using the BCI2000 system. The public motor movement/imagery
dataset (EEGMMIDB) is part of the PhysioNet project [215].

Each subject performed two one-minute resting-state runs, one with the eyes

https://doi.org/10.13026/C2K01R
https://doi.org/10.13026/C2K01R
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Table 3.1: Details of the epileptic-seizure data presented in [218].

Length in seconds

Patient Gender Age Seizures Average Max Min Segments

of 6 s

1 F 11 7 63.1 101 27 74
2 M 11 3 57.3 82 9 29
3 F 14 7 57.4 69 47 67
4 M 22 4 94.5 116 49 63
5 F 7 5 111.6 120 96 93
6 F 1.5 7 15.6 20 12 18
7 F 14.5 3 108.3 143 86 54
8 M 3.5 5 183.8 264 134 153
9 F 10 4 69.0 79 62 46
10 M 3 7 63.9 89 35 74
11 F 12 3 268.7 752 22 134
12 F 2 38 36.9 97 13 234
13 F 3 12 44.6 70 17 89
14 F 9 8 21.1 41 14 28
15 M 16 20 99.6 205 31 332
16 F 7 6 8.8 14 6 9
17 F 12 3 97.7 115 88 49
18 F 18 6 52.8 68 30 53
19 F 19 3 78.7 81 77 39
20 F 6 8 36.8 49 29 49
21 F 13 4 49.8 81 12 33
22 F 9 3 68.0 74 58 34
23 F 6 10 60.6 113 20 101
24 – – 13 31.9 70 16 69
Sum 189 1925
Mean 7.9 74.2 121.4 41.3
Max 752
Min 6

open and one with the eyes closed. Then, three two-minute runs were carried
out for four di�erent tasks: two motor movement tasks and two imagery tasks
[219]. The four types of motor movement and imagery tasks were performed for
opening and closing the left or right �st, imagining opening and closing the left or
right �st, opening and closing both �sts or both feet, and imagining opening and
closing both �sts or both feet according to the position of a target on the screen
(Left, right, top, or bottom).
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Figure 3.11: Example of the raw EEG data of F5, T8 and T10 channels of the �rst
instance of subject 1 of the EEGMMIDB dataset.

For the experiments carried out in this thesis, only the two one-minute baseline
runs were used to create instances of one second, obtaining 60 instances of one
second in the resting-state with the eyes open and 60 instances of one second in
the resting-state with the eyes closed for each subject.

Fig. 3.11 presents the raw EEG signal of resting-state with the eyes open of
the �rst instance of subject 1, showing the EEG data corresponded to F5, T8 and
T10 channels.

3.6.3 P300-speller dataset

This dataset consists of EEG signals from 26 subjects (24 right-handed and 2 left-
handed), with an average age of 29.2 ± 5.5 years, from 56 passive Ag/AgCl EEG
electrodes that were placed following the extended 10-20 international system.
The EEG signals were all referenced to the nose and the ground electrode was
placed on the shoulder, the impedance was kept below 10 kΩ. The EEG data was
collected during �ve sessions and consist of 60 instances per session, with a sample
rate of 600 Hz, that were down-sampled at 200 Hz [220].

The protocol used to record the EEG signals used the P300-speller paradigm
(as is illustrated in Fig. 3.12) and introduced in [220]. Brie�y, the target letter (the
letter to be presented) is indicated by a green circle for one second. Then, letters
and numbers (6 X 6 items, 36 possible items displayed on a matrix) are �ashed
in groups of six characters. Next, the display remains blank for a period of 2.5
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Figure 3.12: Protocol design for recording positive or negative feedback-related
responses in the P300-speller dataset [220].

to 4 s, representing the resting-state. During this random period, the subjects
are requested to remember the letter displayed. Then, the letter chosen by the
implemented P300 classi�er is displayed for 1.3 s. If the presented letter is the one
that was previously presented, the subject sends a positive response; otherwise,
the subject sends a negative response.

An example of a positive feedback-related response corresponding to the
target letter i is shown in Fig. 3.12. For the experiments carried out, only the
positive-feedback responses were used. Thus, the number of positive-feedback
trials can be di�erent between subjects and sessions. The minimum number of
positive-feedback related responses was selected, which was 25 instances per
session per subject. Fig. 3.13 presents the raw EEG signal of the �rst instance of
subject 1, showing the EEG data corresponded to P7, P8 and T8 channels.

3.7 Methods proposed in the thesis

This section describes the general �owchart of the proposal presented in Fig. 3.1
but it may di�er, depending on the dataset used and the application. Thus, more
details are added for each case in the following Chapters.

3.7.1 Pre-processing, feature extraction and classi�cation

The CAR method was applied to the EEG data and then EMD or DWT methods
for decomposing the EEG signals into di�erent sub-bands were applied. After
decomposing the EEG signals, two energy values (Teager and instantaneous
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Figure 3.13: Example of the raw EEG data of P7, P8 and T8 channels of the �rst
instance of subject 1 of the P300-speller dataset.

energy) and the two fractal dimension features (Higuchi and Petrosian fractal
dimension) were computed for each sub-band.

EMD was tested using various numbers of IMFs but only the two closest IMFs
were used based on the Minkowski/Euclidean distance because they have been
shown to provide the same performance as that of using more. For DWT, the 2.2
mother function bi-orthogonal, with four levels of decomposition, was used based
on the results obtained from previous studies [86, 87, 135, 138, 173, 221–223]. The
process for extracting four features for each selected IMF returns eight features
per channel or 20 features per channel when using DWT. The process is repeated
for each channel used and then concatenated to obtain a single vector of features
that represents the EEG signal for each instance. Figs. 3.14 and 3.15 present the
�owchart of the process followed for DWT and EMD, respectively.

Di�erent classi�ers for creating the machine-learning models were tested
using the obtained feature vectors for each instance, depending on the application
and experiment. In general, the process can be summarized as in Fig. 3.16, in
which the training and testing sets were separated after obtaining the features
from the EEG dataset, whenever possible. The training set was used to create the
machine-learning model using 10-fold cross validation and the model validated
using the testing set, which was 20% of the dataset. Using this approach, the
metrics can be obtained for evaluating the performance of the method in each
experiment, consisting of the accuracy and standard deviation from the 10-fold
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Figure 3.14: Flowchart summarizing feature extraction using DWT.

Figure 3.15: Flowchart summarizing the feature extraction procedure using EMD.

Figure 3.16: Flowchart of the procedure followed for EEG signal classi�cation.

cross-validation, as well as the accuracy and standard deviation from the testing
set.

3.7.2 General overview of the proposed method

The �owchart presented in Fig. 3.16 is for a single iteration of the method, but
the purpose of the proposal is to repeat this process several times to reduce
the number of necessary channels while increasing, or at least maintaining, the
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Figure 3.17: Example of chromosome representation and �owchart of the
optimization process for parameter optimization and EEG channel selection using
NSGA-III.

performance. Additionally, it is also necessary to optimize certain parameters for
certain classi�ers.

Fig. 3.17 presents an example of the process for feature extraction and
classi�cation, but the entire process can be handled by an optimization algorithm.
In the example presented, the process is handled by NSGA-III using a chromosome
representation with 64 EEG channels, 1 if the channel will be used and 0 if not,
and two genes to optimize the parameters of the model (indicated as P1 and P2),
one with integer values (which can be, for example, from 0 to 5) and the other
with decimal values (which can be from 0 to 1).

The parameters of the classi�er can be tuned using simple methods, such as grid
search [224], but they need to be tuned to the model under speci�c circumstances
and for a speci�c number of channels. In this case, the best parameters for the
models must be found and this can be accomplished by adding a gene for each
parameter to the chromosomes generated by the genetic algorithms.

In the example, the process starts using the raw EEG signals, from which
feature extraction is performed and the results organized and stored for iterative
use. From this point on, the main process is handled by NSGA-III, which starts
creating all possible candidates (chromosomes) for each population. Then, the �rst
64 genes are used to extract the sub-dataset for the channels, represented as 1 in
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the chromosome, and the subset evaluated with the classi�ers using genes 65 and
66 to de�ne the classi�er’s parameters. The best results obtained and the number
of EEG channels used is returned to NSGA-III to evaluate each chromosome in
the current population. The process is repeated, creating di�erent populations,
until the termination criterion is reached.

The termination criterion for the optimization process is de�ned by the
objective space tolerance, which is de�ned as 0.0001. This criterion is calculated
every 5th generation. If optimization is not achieved, the process stops after a
maximum number of generations. The de�nition of the problem to optimize,
the number of objectives, the size of each population in each iteration, and the
maximum number of generations are de�ned for each experimental con�guration
in Chapters 4 and 5.

3.8 Hardware and so�ware tools used in the thesis

Free public EEG datasets, as well as tools and libraries for creating the code on
python3 [225], were used. Implementation of the classi�ers was based on the
scikit-learn python library [226] and the NSGA algorithms on pymoo [227].

Other important python libraries used included Dask (for task distribution
using parallel computing), Scipy, and Numpy [228–230]. For the implementation
of EMD and DWT, the PyWavelets and pyhht libraries were used [231, 232].

Most of the experiments in which optimization with NSGA was used were
carried out on the NTNU IDUN computing cluster [233]. The cluster has more
than 70 nodes and 90 GPGPUs. Each node contains two Intel Xeon cores and at
least 128 GB of main memory and is connected to an In�niband network. Half
of the nodes are equipped with two or more Nvidia Tesla P100 or V100 GPGPUs.
Idun storage is provided by two storage arrays and a Lustre parallel distributed
�le system.
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Chapter 4

Case study 1: Channel count

optimization for Epileptic

seizure classi�cation

In this Chapter, the proposed method for feature extraction is implemented

for representing epileptic seizures and seizure-free periods. Di�erent classi�cation

algorithms are tested and compared using the obtained features. The main objective

of this thesis, which is reduction of the number of required EEG channels, is assessed

by implementing various channel-reduction and selection methods using greedy and

multi-objective optimization algorithms.

This Chapter is based on the journal articles [135, 200] and mainly addresses the

1st and 2nd research questions and partially the 3rd.

4.1 Introduction

Epilepsy is a group of neurological disorders, characterized by recurrent epileptic
seizures, that a�ects approximately 1% of the world’s population of all ages, both
sexes, and all races and ethnic backgrounds [234]. It consists of widespread
electrical discharges of a set of neurons inside the brain [235]. Epileptic seizures
are normally detected by continuous monitoring of EEG signals; the epileptiform
can be categorized into ictal, interictal, and postictal periods. The identi�cation
of seizures by visual inspection can be time-consuming and lead to an incorrect
interpretation of EEG signals, which can trigger under/over medication of patients
[236].

63
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Suitable methods and proper detection of epilectic seizures could facilitate the
rapid treatment of patients and improve the diagnosis of epilepsy. Epileptic events
are attributed to localized disturbances in various areas of the brain [237]. The
epileptogenic focus for approximately 33% of epilepsy patients is located in the
temporal lobe and their condition is referred to as temporal-lobe epilepsy (TLE)
[238, 239].

4.2 State-of-the-art

Current state-of-the-art e�orts attempt to improve the feature extraction stage
for correct representation of the seizure and seizure-free periods using machine-
learning methods. Several relevant studies using the same public dataset have
been published, using various experimental setups. The research and applications
for automatic classi�cation and detection of epileptic seizures based on EEG, using
supervised, semi-supervised, and deep-learning techniques, have increased during
the last few years. However, comparisons between experiments, even using the
same datasets, have shown con�icting results.

In one study [240], the authors used iEEG signals from only �ve subjects, with
only 20 epileptic seizures for each. Thus, they had data for only 100 epileptic
seizures and EEG signals from the epileptogenic zone during free intervals as
seizure-free periods. They reported an accuracy of 99.6% from only one channel
using a neural network. However, this approach is known to work better when
using a large amount of data during the training process, as neural networks learn
only by weight adjustment and require all the possibilities to be adequately trained.
In another study, the authors used the same dataset and performed �ve levels of
DWT and fuzzy approximate entropy for feature extraction [241].

The study presented by [242] used relative energy values and normalized
variation coe�cients from DWT in the feature extraction stage and then linear
discriminant analysis (LDA) for classi�cation. The method was evaluated on
the data of �ve subjects of the CHB-MIT dataset, with 23, 24, or 26 channels,
depending on the subject and the available data. In the classi�cation process, they
used approximately 80% of the data for training and the rest for testing, obtaining
an accuracy of 0.91. Later [243] presented a method for feature extraction with
even features from the intersection sequence of Poincaré section with phase space
using LDA and naive Bayes classi�ers. They used 23 channels from the CHB-MIT
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dataset, obtaining accuracies of 0.93 using 25% of the data for training and 0.94
using 50%.

The signal curve length of the time-domain EEG signal and the mode powers
of dynamic mode decomposition (DMD) were used by [244] for feature extraction
using 18 channels of the CHB-MIT dataset, which were manually selected. They
reported a sensitivity of 0.87 using approximately 50% of the data for training
their models for epileptic-seizure classi�cation.

An approach using EMD to decompose EEG signals into di�erent IMFs and
�ve features for each chosen IMF was presented in [135]. In the aforementioned
study, the results of an approach based on channel reduction using the backward-
elimination algorithm were presented, obtaining an average classi�cation accuracy
of 0.93 when �ve channels and 10-fold cross-validation were used.

The work presented in [245] used a multivariate extension of the empirical
wavelet transform (EWT) to decompose the EEG signal into di�erent oscillatory
levels and compute three features for each level. The accuracies obtained ranged
from 0.95 to 0.99 using �ve channels and various classi�ers. This method selects the
channel with the lowest standard deviation and then the remaining four channels
with the highest mutual information (MI) with the previously chosen channel.
A method based on 24 feature types and SVM classi�ers was presented by [246].
The experiments were performed using the 22 available EEG channels of the TUH
EEG Corpus [217] and the accuracy obtained was 0.994.

Several methods have been proposed using various values of entropy for
feature extraction [247], EMD for decomposing the EEG signals [248], features
based on Fourier-Bessel series expansion [249, 250], and the energy from sub-
bands extracted using the Taylor-Fourier �lter bank [251]. The proposals used
machine learning classi�ers [247–251] and neural networks [252]. However, these
approaches were tested using the Bonn university EEG database, which consist of
a single channel and is based on invasive seizure EEG signals [253].

Based on the previous presented studies, epileptic-seizure classi�cation can
still be improved by representing the seizure and seizure-free periods correctly
to obtain better results using EEG signals. Certain state-of-the-art methods have
been tested on small or single-channel (using iEEG) datasets, showing competitive
accuracies for classifying epileptic seizures; however, the use of EEG signals
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has only been assessed in experiments using all available channels or manually
selected channel arrays.

The feature extraction process and classi�er design are important for the
classi�cation and detection of epileptic seizures, but the use of only a few EEG
channels (without using iEEG) will provide new areas of research and expand
potential applications in and outside of hospitals and laboratories. This will
required the use of robust EEG channel-selection procedures that will reduce
the current limitations of portability, as well as the computational cost to obtain
faster results, decreasing possible over-�tting that comes from using all available
channels. Recent e�orts and improved technology of dry EEG sensors have
opened up new possibilities to develop new types of EEG systems [254, 255].
In this context, future e�orts will be focused on low-cost portable devices for
personal use, reducing the necessary number of EEG channels while maintaining
or increasing the accuracy of machine-learning-based algorithms.

In this Chapter, two methods for feature extraction, four classi�ers with various
parameters, and two-channel selection methods to classify epileptic-seizure and
seizure-free periods are analyzed. The process of selecting channels was considered
as a multi-objective optimization problem, using the lowest possible number of
EEG electrodes and obtaining the highest possible accuracy. The approach was
tested on a well-known public dataset, described in Section 3.6.1 [215].

4.3 Definition of the problem to optimize

The problem that requires optimization is the selection of the most relevant and
necessary EEG channels for epileptic-seizure classi�cation while increasing or
at least maintaining the accuracy of the classi�ers. This requires organizing the
dataset and a representation of the variables in the GA. NSGA-II and NSGA-III
will be used to manage minimization of the objective functions and compare the
results using di�erent feature extraction methods and classi�ers.

In general, a GA requires a genetic representation of the solution domain and
a �tness function to evaluate the solutions domain, which in this case, was an
array representing each channel (see Fig. 4.1) and the �tness function for the
two-objective optimization problem de�ned as [Acc, No], where Acc was the
classi�cation accuracy obtained with the chromosome and No the number of EEG
channels used.
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Figure 4.1: Complete process for EEG channel selection using NSGA-II or NSGA-III
for epileptic-seizure classi�cation.

Fig. 4.1 shows a binary representation for creation of the chromosomes, with
each gene representing a channel, 1 if the channel is used for the classi�cation
process and 0 if not. All possible channels that can be used are colored, representing
the search space, which is 22, as already mentioned in the description of the dataset
in Section 3.6.1. It should be noted that channels FP1-F7, FP1-F3, T7-P7, T7-FT9,
P7-T7, P7-O1, FP2-F4, and FP2-F8 were considered to be di�erent, as the references
for the channels are di�erent and the dataset provides the EEG signals for each
one separately.

All the best solutions found in the optimization process for epileptic-seizure
classi�cation were analyzed. There are certain applications that use EEG signals in
which the automatic selection of the best solution may be important, especially for
cross-subject analysis. Here, however, it was important to analyze all the results
for each patient individually. With this assumption, the designer of a potential
low-cost EEG headset can consider whether it is better to sacri�ce accuracy or
the number of EEG channels, depending on how easy or di�cult it is to detect
epileptic seizures for a given individual.

The problem to be optimized is de�ned by two unconstrained objectives:
�rst, to maximize accuracy and second, to decrease the number of channels used
for epileptic seizure classi�cation. The termination criterion for the optimization
process is de�ned by the objective space tolerance, which is de�ned as 0.0001. This
criterion is calculated every 5th generation and if not achieved, the process stops
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after a maximum of 500 generations. Fig. 4.1 shows the complete process, which
consists of three main stages: feature extraction, classi�cation, and optimization.

Classi�cation experiments were performed using the characterized EEG signals
for each patient separately, while reducing or selecting the EEG channels for
creating models to detect epileptic seizures. For each patient, a carefully balanced
dataset was created using epileptic-seizure and seizure-free segments of six-
seconds (as explained in Section 3.6.1).

The process starts by using the raw EEG signals of one patient at a time,
from which feature extraction is performed and the results organized and stored
for iterative use (see Fig. 4.1). From this point on, the main process is handled
by the NSGA, which starts creating all possible candidates (chromosomes) for
each population, obtaining the corresponding subset of features for the channels
represented as 1 in the chromosome and evaluating the subset with four di�erent
classi�ers, with di�erent parameters for each. The best accuracy obtained and
the number of EEG channels used is returned to the NSGA to evaluate each
chromosome in the current population. The process is repeated, creating di�erent
populations, until the termination criterion is reached.

In summary, the chromosome has 22 genes, each representing an EEG channel.
Each population size in each iteration is de�ned as 20, which was selected
experimentally. Four classi�ers were tested for each possible solution, but only
the highest accuracy was retained and the corresponding classi�er used stored for
analytical purposes.

4.4 Channel selection for Epileptic-seizure classification with
EMD-based features

For this experiment, EMD-based feature extraction was used, followed by the
greedy algorithm for channel reduction, and both NSGA-II and NSGA-III for
channel selection. The process described in Fig. 4.1 was repeated for each patient
using the above techniques.

For illustrative purposes, Fig. 4.2 presents the results obtained using NSGA-II
for epileptic-seizure classi�cation of patient 1.

Fig. 4.2 clearly shows that NSGA-II managed to cope with both objectives,
whereas the opposite was true when using a lower number of channels, although
the backward-elimination algorithm sometimes showed higher accuracy when
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Figure 4.2: EEG Channel Selection for epileptic seizure classi�cation of patient
1 using EMD-based features. Comparison between NSGA-II and the backward-
elimination algorithm.

using a high number of channels.
In this case, the best results obtained using NSGA-II consisted of four subsets of

channels, which did not necessarily overlap. This is because each chromosome was
almost independent and may have come from di�erent parents. The illustrative
example presented in Fig. 4.3 shows the subsets of channels used for obtaining
the highest accuracy.

Channel Cz was selected in the �rst four subsets shown using the NSGA-II
method, but not when backward-elimination was used. The accuracy obtained by
backward-elimination was notably lower than when NSGA-II was used, i.e., 0.964
and 0.993, respectively (see Fig. 4.2), which shows the feasibility of the method, as
well as the importance of a robust method for channel selection.

Tables 4.1 and 4.2 show the accuracy obtained using each of the methods
on data from all of the patients. Most of the best results were obtained when
10 channels were reduced to one (see Fig. 4.2). The tables show only the
results for channels 1 to 10 for all patients, but the experiment was carried
out with all channels. As an automatic termination criterion was used, the
number of generations for each patient was di�erent and is shown in the tables.
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Figure 4.3: Four EEG Channel subsets selected by NSGA-II (a)) and backward-
elimination (b)) for epileptic-seizure classi�cation in patient 1.

Supplementary material in [200] provides data on the accuracy, speci�city, and
sensitivity for the �rst four EEG channels of Tables 4.1 and 4.2.

The results highlighted in gray are those for which the accuracy obtained was
higher than when using backward-elimination. The average number of generations
was 39±12 for NSGA-II and 47±13 for NSGA-III.

Patient 13 appears to be a possible special case, as similar accuracy was
obtained with all methods. NSGA-II showed the highest accuracy when using
three channels and NSGA-III when using �ve, reaching 0.813. The addition of
more channels to detect epileptic seizures resulted in �uctuations in the accuracy
but it did not increase.

Table 4.2 shows a number of empty cells when using NSGA-II and NSGA-III,
meaning that the accuracy obtained was not part of the best solutions. This is
best illustrated for the results obtained for patient 19 using the NSGA-III method
(see Fig. 4.4). This case shows a clear example of how the method works, as the
accuracy obtained using two channels was 0.975 but the addition of more channels
only decreased the accuracy, except for the use of six channels. This is related to
the small amount of information provided by the added channels.

As mentioned previously, the classi�er used each time is that resulting in the
highest accuracy using the subsets of EEG channels. The NSGA-based algorithms
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Table 4.1: Accuracy obtained using EMD for feature extraction with NSGA-II and
NSGA-III for EEG channel selection (subjects 1-12).

Id Method

No. channels

1 2 3 4 5 6 7 8 9 10

1
B-E 0.943 0.964 0.986 0.964 0.971 0.979 0.986 0.993 0.993 0.993
NSGA-II 0.979 0.979 0.986 0.993
NSGA-III 0.964 0.979 1.000

2
B-E 0.815 0.899 0.921 0.921 0.961 0.976 0.969 0.985 0.985 0.985
NSGA-II 0.866 0.921
NSGA-III 0.866

3
B-E 0.796 0.888 0.912 0.920 0.960 0.976 0.969 0.985 0.985 0.985
NSGA-II 0.911 0.943 0.958 0.975 0.976 0.975
NSGA-III 0.876 0.927 0.951 0.975 0.976

4
B-E 0.832 0.940 0.948 0.977 0.976 0.985 0.977 0.986 0.986 0.986
NSGA-II 0.914 0.946 0.955 0.977 0.992
NSGA-III 0.897 0.955 0.963 1.000

5
B-E 0.972 0.978 0.995 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 0.974 0.995 1.000
NSGA-III 0.970 0.995

6
B-E 0.975 1.000 0.975 1.000 1.000 0.975 1.000 1.000 1.000 1.000
NSGA-II 1.000 1.000
NSGA-III 1.000 1.000

7
B-E 0.962 0.962 0.963 0.992 0.992 0.992 0.992 0.992 0.992 0.992
NSGA-II 0.962 0.972 0.982 1.000
NSGA-III 0.962 0.972 1.000

8
B-E 0.884 0.884 0.877 0.877 0.874 0.877 0.865 0.884 0.874 0.890
NSGA-II 0.884 0.890 0.890 0.890
NSGA-III 0.884 0.884

9
B-E 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 1.000
NSGA-III 1.000

10
B-E 0.993 0.993 0.993 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 0.993 1.000
NSGA-III 0.993 1.000

11
B-E 0.996 0.996 0.996 0.992 0.996 0.992 0.992 0.992 0.992 0.996
NSGA-II 0.996 0.996
NSGA-III 0.996 0.996

12
B-E 0.899 0.892 0.918 0.911 0.921 0.925 0.925 0.929 0.922 0.925
NSGA-II 0.899 0.908 0.919 0.928 0.932 0.941
NSGA-III 0.899 0.912 0.942

were clearly able to handle the complete process and the classi�ers most used
to obtain the highest accuracy are presented in Fig. 4.5. The results show the
percentage of use of each classi�er for each patient. For example, in the case of
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Table 4.2: Accuracy obtained using EMD for feature extraction with NSGA-II and
NSGA-III for EEG channel selection (subjects 13-24).

Id Method

No. channels

1 2 3 4 5 6 7 8 9 10

13
B-E 0.775 0.777 0.775 0.806 0.788 0.726 0.749 0.782 0.782 0.733
NSGA-II 0.775 0.777 0.798 0.806 0.813
NSGA-III 0.775 0.777 0.813

14
B-E 0.925 0.933 0.942 0.942 0.942 0.967 0.967 0.983 0.983 0.983
NSGA-II 0.933 0.967 0.983 0.983
NSGA-III 0.933 0.942 0.983

15
B-E 0.971 0.969 0.978 0.981 0.985 0.986 0.986 0.988 0.988 0.988
NSGA-II 0.981 0.981 0.988 0.988
NSGA-III 0.981 0.985 0.988

16
B-E 0.900 0.900 0.900 0.900 0.900 0.900 0.900 0.900 0.900 0.800
NSGA-II 0.900 0.900
NSGA-III 0.900 0.900

17
B-E 0.940 0.980 0.980 0.990 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 0.980 0.990 1.000
NSGA-III 0.980 1.000

18
B-E 0.790 0.852 0.832 0.862 0.853 0.882 0.892 0.910 0.900 0.900
NSGA-II 0.803 0.852 0.870 0.900 0.910 0.920
NSGA-III 0.783 0.852 0.862 0.880 0.890 0.892

19
B-E 0.913 0.908 0.925 0.925 0.950 0.963 0.975 0.975 0.988 0.988
NSGA-II 0.921 0.946 0.950 0.963 0.975 0.988 1.000
NSGA-III 0.913 0.975 1.000

20
B-E 0.948 0.970 0.957 0.957 0.970 0.980 0.990 0.990 0.968 0.980
NSGA-II 0.980 0.990
NSGA-III 0.980 0.990

21
B-E 0.879 0.933 0.888 0.888 0.908 0.938 0.904 0.942 0.933 0.908
NSGA-II 0.888 0.950 0.954 0.967 0.970 0.983
NSGA-III 0.888 0.942 0.954 0.983

22
B-E 0.971 0.971 0.983 0.983 0.983 0.983 0.983 0.983 0.983 0.983
NSGA-II 0.983 0.983
NSGA-III 0.983

23
B-E 0.938 0.940 0.938 0.955 0.962 0.955 0.962 0.962 0.962 0.962
NSGA-II 0.938 0.948 0.962
NSGA-III 0.938 0.946 0.970

24
B-E 0.975 0.975 0.992 0.992 0.992 0.992 0.992 0.992 0.992 0.992
NSGA-II 0.975 0.992 0.992 1.000
NSGA-III 0.992 1.000

NSGA-II for patient 1, the most highly used classi�er was RF, which was used
54.59% of the time, then SVM with 33.72%, KNN with 7.35%, and NB with 4.34%.

SVM and RF were the most highly used classi�ers to obtain the highest accuracy
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Figure 4.4: EEG Channel selection for epileptic-seizure classi�cation of patient
19 using EMD-based features. Comparison between NSGA-III and the backward-
elimination algorithm.

Figure 4.5: Comparison of the most used classi�ers by NSGA-II (left) and NSGA-III
(right) for the 24 patients using EMD-based feature extraction.

in all iterations of NSGA-II and NSGA-III (see Fig. 4.5). On the other hand, NB was
used in all iterations but only returned the highest accuracy a few times. In general,
RF was used 32.8%±24.2 of the time for all patients, SVM 47.0%±27.9, NB 3.1%±4.2,
and KNN 17.1%±20.5. For NSGA-III, the RF classi�er was used 32.0%±25.1 of the
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time, SVM 48.8%±28.6, NB 2.8%±3.6, and KNN 16.4%±21.7.
The analysis of the most highly used classi�er in all generations and each

chromosome is important because it allows discarding the use of some to decrease
the computational cost and also because it shows that the classi�er necessary to
obtain the highest accuracy may di�er, depending on the patient and the EEG
channel subsets used.

4.5 Channel selection for Epileptic-seizure classification with
DWT-based features

The experiment was repeated but now using DWT to extract the sub-bands
and then compute the four features per sub-band, as described above. The
experiments were repeated using NSGA-II and NSGA-III for the 24 patients.
Additionally the accuracies obtained were also compared to those obtained using
the backward-elimination algorithm. The results are summarized in Tables 4.3
and 4.4. Supplementary material in [200] provides the accuracy, speci�city, and
sensitivity for the �rst four EEG channels.

The results in Tables 4.3 and 4.4 show that an average of 36±7 generations was
required for NSGA-II and 41±11 for NSGA-III. In general, the use of DWT for
feature extraction resulted in more rapid EEG channel selection and be�er
accuracy.

In the case of patient 13, the use of DWT instead of EMD considerably improved
epileptic-seizure classi�cation, i.e., an improvement from 0.775 to 0.820 using
one EEG channel and from 0.777 to 0.849 using two. In general, both methods
showed high accuracy when the the EEG channels were selected using NSGA-based
methods. The most-used classi�ers when DWT was used for feature extraction
were SVM and KNN for both NSGA-II and NSGA-III, as shown in a mesh plot of
the most-used classi�er for each patient (see Fig. 4.6). Speci�cally, for NSGA-II, RF
was used an average of 20.5%±16.5 of the time for all patients, SVM 46.1%±23.5, NB
3.6%±3.8, and KNN 29.8%±23.1. When selecting the EEG channels using NSGA-III,
the RF classi�er was used an average of 22.1%±19.0 of the time, SVM 47.3%±24.5,
NB 1.0%±1.4, and KNN 29.5%±23.3.

SVM was the most highly-used classi�er in general, but RF and KNN were
also highly used (see Fig. 4.6). These data also show that KNN was more highly
used with DWT-based features than with EMD-based features (see Fig. 4.5). NB
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Table 4.3: Accuracy obtained using DWT for feature extraction with NSGA-II and
NSGA-III for EEG channel selection (subjects 1-12).

Id Method

No. channels

1 2 3 4 5 6 7 8 9 10

1
B-E 0.950 0.993 0.993 0.993 1.000 0.993 0.993 0.993 1.000 1.000
NSGA-II 0.986 1.000
NSGA-III 0.986 1.000

2
B-E 0.983 0.992 0.992 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 0.992 0.992 1.000
NSGA-III 0.992 0.992 1.000

3
B-E 0.983 0.985 0.992 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 0.983 0.992 1.000
NSGA-III 0.983 1.000

4
B-E 0.952 0.966 0.975 0.983 0.976 0.983 0.983 0.983 0.976 0.983
NSGA-II 1.00
NSGA-III 1.00

5
B-E 0.995 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 1.000
NSGA-III 1.000

6
B-E 0.975 0.950 0.950 0.950 0.950 0.950 0.950 0.950 0.900 1.000
NSGA-II 0.975 0.975 0.975
NSGA-III 0.975 0.975 1.000

7
B-E 0.962 0.972 0.980 0.980 0.980 0.980 0.980 0.980 0.980 0.980
NSGA-II 0.980 0.982 1.000
NSGA-III 0.980 1.000

8
B-E 0.914 0.903 0.917 0.904 0.894 0.884 0.894 0.890 0.890 0.894
NSGA-II 0.917 0.917
NSGA-III 0.971 0.917

9
B-E 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 1.000 1.000
NSGA-III 1.000

10
B-E 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 1.000
NSGA-III 1.000 1.000

11
B-E 1.000 1.000 1.000 1.000 0.996 0.996 0.996 1.000 0.996 1.000
NSGA-II 1.000
NSGA-III 1.000

12
B-E 0.899 0.932 0.942 0.942 0.949 0.935 0.942 0.945 0.952 0.945
NSGA-II 0.911 0.948 0.948 0.952
NSGA-III 0.911 0.952

was the classi�er with the lowest percentage of use for both approaches.
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Table 4.4: Accuracy obtained using DWT for feature extraction with NSGA-II and
NSGA-III for EEG channel selection (subjects 13-24).

Id Method

No. channels

1 2 3 4 5 6 7 8 9 10

13
B-E 0.822 0.827 0.793 0.827 0.795 0.798 0.776 0.798 0.776 0.827
NSGA-II 0.820 0.849 0.855 0.864
NSGA-III 0.820 0.850

14
B-E 0.950 0.967 0.983 0.983 0.983 1.000 1.000 1.000 1.000 1.000
NSGA-II 0.967 0.983 0.995
NSGA-III 0.967 0.983 1.000

15
B-E 0.978 0.985 0.981 0.986 0.986 0.988 0.994 0.995 0.998 0.997
NSGA-II 0.978 0.994 1.000
NSGA-III 0.978 0.994 0.998 1.000

16
B-E 0.800 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 1.000
NSGA-III 1.000

17
B-E 0.930 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 1.000
NSGA-III 1.000

18
B-E 0.862 0.862 0.912 0.922 0.922 0.922 0.940 0.952 0.932 0.952
NSGA-II 0.890 0.913 0.950 0.952
NSGA-III 0.862 0.913 0.952

19
B-E 0.987 1.000 0.987 1.000 1.000 1.000 1.000 1.000 1.000 1.000
NSGA-II 0.988 1.000
NSGA-III 0.988 1.000

20
B-E 1.000 1.000 1.000 1.000 1.000 0.990 0.990 0.990 1.000 0.990
NSGA-II 1.000
NSGA-III 1.000

21
B-E 0.921 0.950 0.938 0.967 0.983 0.966 0.966 0.966 0.966 0.966
NSGA-II 0.925 0.950 0.971 0.983
NSGA-III 0.933 0.950 0.983

22
B-E 0.983 0.983 0.983 0.983 0.983 0.983 0.983 0.983 0.983 0.983
NSGA-II 0.995 0.998 1.000
NSGA-III 0.995 0.995

23
B-E 0.938 0.946 0.953 0.961 0.961 0.962 0.955 0.962 0.969 0.969
NSGA-II 0.939 0.961 0.969 0.970 0.970 0.977
NSGA-III 0.939 0.961 0.977

24
B-E 0.975 0.975 0.975 0.975 0.975 0.983 0.975 0.983 0.975 0.983
NSGA-II 0.985 0.992 1.000
NSGA-III 0.985 0.988 1.000

4.6 Discussion

The EEG channel selection method for epileptic-seizure classi�cation proved to
be robust. For example, the accuracy for patient 1 with DWT-based features was
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Figure 4.6: Comparison of the most-used classi�ers by NSGA-II (left) and NSGA-III
(right) for the 24 patients using DWT-based feature extraction.

0.97 using all EEG channels. The accuracy was even higher when using the EEG
channels selected by NSGA-II or NSGA-III (1 or 2 channels): 0.98 for EMD and
1.00 for DWT.

For example, the results obtained with the data of patient 12 showed the highest
accuracy using EMD to be 0.942 using six EEG channels selected by NSGA-III. The
highest accuracy obtained using DWT-based features was 0.952 using four
EEG channels. An important feature of the classi�cation of the epileptic seizures
of this patient is that most of the highest accuracy values were obtained using
the KNN classi�er (see Figs. 4.5 and 4.6), i.e., an average of 73% and 84% using
EMD-based features and an average of 96% and 98% using DWT-based features,
for NSGA-II and NSGA-III, respectively.

Examination of the number of epileptic seizures described in the database
[215] showed this patient to have had 38 epileptic seizures and after segmentation
(six-second segments), 234 instances of epileptic seizures and 234 seizure-free
periods were obtained. This amount of data was one of the highest of the patients
used for this study. However for patient 15, for whom there was a similar amount
of data, the highest accuracy values were obtained using SVM. Thus, it is not
possible to argue that this is due to the amount of data. Therefore, future work will
also analyze more parameters related to the classi�er (i.e., number of neighbors
for KNN and kernel, as well as kernel parameters for SVM) and how accuracy is
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a�ected by the number of seizure periods/trials and then, a possible relationship
between the feature extraction method, the classi�er and classi�er’s parameters,
and more factors (sample rate, wet or dry electrodes, EEG device, etc.) that can
a�ect a solid conclusion will be determined.

As shown in Figs. 4.5 and 4.6, SVM was generally the most highly-used
classi�er but KNN was also highly used, independently of the feature extraction
method and whether NSGA-II or NSGA-III was used for channel selection. These
data also show that KNN was more highly used with DWT-based features than
EMD-based features. NB was the classi�er with the lowest percentage of use for
both approaches. For future steps, these �ndings will be considered and used
for testing other important parameters related to each classi�er to reduce the
computation cost, instead of testing NB again.

In general, the results presented in this Section show that this approach is
able to classify epileptic seizure and seizure-free periods with an average accuracy
of up to 0.97±0.05 using only one EEG electrode. This result was obtained using
DWT-based features. The use of two or more channels can increase the accuracy
to 0.98 and 0.99, especially when the EEG channels are selected by NSGA-III (see
Table 4.5).

In the state-of-the-art, there are several relevant studies in which the authors
present various methods for feature extraction and classi�cation using the same
dataset under di�erent experiment setups. Table 4.5 presents a general overview
of such studies for analysis and comparison.

Table 4.5 shows the state-of-the-art and classi�cation accuracy of approaches
using EMD-based or DWT-based features, as well as NSGA-II or NSGA-III. It
should be noted that the results are not directly comparable to those from previous
studies as a lower number of EEG channels were used, found by NSGA-based
algorithms, and the experiments were based on 24 subjects and used di�erent
experimental setups. It should be noted that the average values presented in the
results were obtained from Tables 4.1, 4.2, 4.3, and 4.4, which correspond to the
results obtained in the Pareto-front for each subject in the dataset. In addition, the
average accuracy was a�ected for some subjects when using two or three channels,
for whom the highest accuracy values were not obtained with this number of
EEG channels (see Tables 4.1, 4.2, 4.3, and 4.4), i.e., using EMD-based features, the



4.6. Discussion 79

Table 4.5: Comparison of relevant existing methods for epileptic-seizure
classi�cation using the CHB-MIT Scalp EEG dataset presented in [218].

Ref. Method Subjects,

channels

Evaluation

[256] Energy
and coe�cient of variation extracted
from DWT, interquartile range, median
absolute deviation from raw signal.

23, 23 accuracy of 0.80 using 80% for
training.

[242] Relative values of energy
and normalized coe�cients of variation
from DWT.

5, (23, 24
or 26)

accuracy of 0.91 using 8̃0% for
training.

[243] Seven features from the intersection
sequence of Poincaré section with
phase space.

23, 23 accuracy values of 0.93 and 0.94

using 25% and 50% for training,
respectively.

[245] Three features extracted from di�erent
oscillatory levels using multivariate
extension of EWT. The channel with
the lowest standard deviation was
selected and the four channels with
higher mutual information then added.

23, 5 accuracy of 0.99 using 10-fold cross-
validation.

[244] Signal curve length of the time-domain
EEG signal and the mode powers of the
dynamic mode decomposition.

12, 18 sensitivity of 0.87 using 50% for
training.

[135] Teager and instantaneous energy,
Higuchi and Petrosian fractal dimension,
and DFA from 2 IMFs based on the EMD.
Channels selected using the backward-
elimination algorithm.

24, 5 average accuracy of 0.93 using 10-
fold cross-validation.

Proposed
method
using
EMD-
based
features

Teager and instantaneous energy, and
Higuchi and Petrosian fractal dimension
from 2 IMFs based on EMD.

24, 1-3 average accuracy values of
0.93±0.06,
0.95±0.06, and 0.95±0.05 using 10-
fold cross-validation for 1, 2, 3, and 4
channels selected by NSGA-II.

24, 1-3
channels

average accuracy values of
0.93±0.06,
0.94±0.06, and 0.96±0.04 using 10-
fold cross-validation for 1, 2, and 3
channels selected by NSGA-III.

Proposed
method
using
DWT-
based
features

Teager and instantaneous energy and
Higuchi and Petrosian fractal dimension
from 4 decomposition levels of the
DWT.

24, 1-3 average accuracy
values of 0.97±0.05, 0.97±0.04, and
0.98±0.02 using
10-fold cross-validation for 1, 2 and
3, channels selected by NSGA-II.

24, 1-3 average accuracy values of
0.97±0.05,
0.98±0.03, and 0.99±0.01 using 10-
fold cross-validation for 1, 2, and 3
channels selected by NSGA-III.

accuracy for the Pareto-front for NSGA-III was 0.992 with one channel, and 1.00
using four EEG channels, but there was no information for the combination with

https://doi.org/10.13026/C2K01R
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two or three channels for obtaining the accuracy in the Pareto-front.

Table 4.6: Comparison of several relevant existing methods for epileptic-seizure
classi�cation using di�erent datasets.

Ref. Method Subjects,

channels

Evaluation

[257] Features based on approximate entropy and
classi�cation using Elman and probabilistic
neural networks.

5, 1 accuracy of 1.000.

[258] Five levels of decomposition by DWT and
features using PCA, independent component
analysis (ICA), and LDA. The classi�cation
used SVM.

5, 1 accuracy values of 0.987,
0.995,
and 1.000 using features
based on PCA, ICA, and
LDA, respectively.

[247] Entropy-Fuzzy Classi�er with three classes,
normal vs. pre-ictal vs. epileptic.

5, 1 accuracy of 0.981.

[248] Features based on two-dimensional (2D) and
3D phase space representation (PSRs) of IMFs
from EMD, and least-square SVM (LS-SVM)
classi�er.

5, 1 accuracy of 0.986.

[246] Using the TUH EEG corpus, they used 10-
second segments with a sample rate of 250
Hz and computed 24 features per channel.
Six di�erent classi�ers were compared: SVM,
NB, KNN, RF, gradient boosting, and logistic
regression.

43, 22 accuracy of 0.994 using
SVM.

[249] Features based on Fourier-Bessel series
expansion and classi�ed using LS-SVM

5, 1 accuracy of 0.990 in the
best case.

[252] Third-order cumulant (ToC) and neural
network with softmax classi�er.

5, 1 accuracy of 1.000.

[251] Energy features from sub-bands extracted
using the Taylor-Fourier �lter bank and LS-
SVM.

5, 1 accuracy of 0.948.

[185] Wavelet coe�cients from sub-bands obtained
using DWT with 7 levels of decomposition
using iEEG from 10 patients of the Flint Hills
Scienti�c dataset.

10, 3 sensitivity of 0.96.

It is important to mention that in the work presented in [246–249, 251, 252,
257, 258], no methods of channel selection were used, as the dataset used consisted
of only one or two EEG channels and the study [185] used methods based on
variance or entropy to select the channels before the classi�cation process.

Most of the studies presented in Table 4.6 were based on invasive EEG, which
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provides better signal quality [253]. Therefore, their performance should be
re-tested on non-invasive EEG signals for continuous monitoring. Note that

in the presented work, the SVM classi�er was the most widely used and

provided the highest accuracy values relative to the other classi�ers and

neural networks, consistent with the results obtained in this thesis.

According to the results in this thesis, NSGA-III is able to �nd the most relevant
EEG channel combinations using DWT-based features to achieve an average
accuracy of up to 0.99 using only three channels. Looking towards improving
the general performance of this approach and testing it using additional public
epileptic-seizure datasets, new experiments will be performed considering more
than two objective functions in the problem and verify whether NSGA-III is still
the best method for solving this problem [212, 213].

Results have shown that the best accuracy can be reached using one to three
channels for certain subjects and four or more for others. Thus, testing di�erent
methods in an attempt to improve the channel-selection process and decrease the
complexity is proposed for future studies. This can be achieved by testing and
comparing methods such as that presented by [245], which selects a channel with
the lowest SD and then four channels with the highest MI with the previously
chosen channel, as well as other optimization approaches [87, 138, 190–201].

Epileptic-seizure classi�cation using EEG signals is important for evaluating
the state of the brain. Following the evolution of the signals through continuous
monitoring will enable prediction with a low number of EEG channels, making it
easier to use and thus allowing long-term monitoring using a possibly personalized
portable EEG device [259, 260]. However, there are several challenges that need
to be addressed before implementation in real life.

Because epilepsy can cause a variety of other neurological disorders (i.e.,
depression, anxiety, etc.) such confounders should be additionally studied to
better distinguish between an epileptic seizure and seizure-free periods. Thus,
future e�orts will also include the study of epilepsy-related disorders and how they
can be recognized on EEG signals. A possible portable low-density EEG device
will facilitate monitoring in daily life, which will allow healthcare professionals
more con�dent management of seizures, not only in the hospital or laboratory
but also in conjunction with the recent progress in telehealth and telemedicine



82 Channel count optimization for Epileptic seizure classi�cation

[261–264].
From the results presented in this Chapter, it is clear that EMD-based or

DWT-based features can be useful for epileptic-seizure classi�cation. Using these
approaches, a possible subject-tailored method can consider the addition of another
gene in the chromosome for the optimization process and thus select the most
useful method for detecting epileptic seizures for that subject. This will be tested
in future studies based on the �ndings here, as well as di�erent chromosome
representations for solving all possible problems related to parameter optimization
at the same time.

The computational complexity of the method used for channel selection is
O(MN 2). However, the study of the most relevant channels is important and it
must be performed for analysis and, as presented here, to verify whether epileptic
seizures can be detected using a few non-invasive EEG channels. The limitations
of the methods used for feature extraction are related to the well-known problems
of EMD, such as the selection of the best spline, the end e�ect, and the mode
mixing problem [116, 126, 128].

For DWT, the main problems are related to parameter selection, such as
the number of levels of decomposition and the mother function. Some of these
limitations have already been considered in the literature or can be solved by
using recent progress in code optimization [227, 228, 265]. Future e�orts for
classi�cation will focus on testing and comparing shallow convolutional neural
networks and Riemannian classi�ers, as they have been shown to provide high
accuracy values for EEG-signal classi�cation [148, 266, 267].

Future e�orts will concentrate on testing the methods used for epileptic-
seizure classi�cation, the epileptic seizure prediction problem, testing methods
for feature extraction and classi�cation, and testing whether the methods for
channel selection can �nd the most relevant subsets for this task and seizure onset
detection [171, 175, 184, 185].



Chapter 5

Case study 2: Channel count

optimization for EEG-based

biometric systems

This Chapter presents two approaches for creating EEG-based biometric systems

using various methods for channel selection and implementing them for feature

extraction and classi�cation. This is tested in experiments using multi-class

classi�cation, as well as one-class classi�cation

This Chapter is based on the journal articles [87, 138, 223] and addresses the 1st,

2nd, and 3rd Research Questions.

5.1 Introduction

Security systems are used by organizations to protect places or information for
which privileges are needed or require access authorization, as well as to deny
unauthorized access to facilities, equipment, or resources and protect against
espionage, theft, or even terrorist attacks. Various safety measures have long been
proposed, ranging from the use of generic systems (security guards, closed-circuit
television, smart cards, proximity readers, and RFID) to that of biometric identi�ers
(�ngerprints, palmprints, retinal scans, etc.) [268, 269].

Biometric recognition refers to the automatic recognition of individuals based
on their physiological and/or behavioral features [268]. A biometric system is a
pattern recognition system that operates by acquiring biometric data from subjects,
extracting a set of features, and comparing this set of features against a template

83
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set in the database. Biometric systems have advantages over generic systems, as it
is more di�cult to steal, compromise, or duplicate the key. However, biometric
systems are vulnerable to a variety of attacks aimed at undermining the integrity
of the authentication process [269]. For example, an intruder may fraudulently
obtain the latent �ngerprints of an user and later used them to construct a digital or
physical artifact of the user’s �nger [270]. This is possible because authentication
systems cannot discriminate between an intruder who fraudulently obtains access
privileges and authorized users.

Due to the increasing threat of bypassing the authentication and authorization
process of current traditional/biometric security systems [269], there is a growing
interest in exploring new biometric measures. In this context, the use of brain
signals to create biometric markers using various neuro-paradigms has emerged
as a robust alternative to the above-mentioned vulnerabilities.

Brain signals can be used as a basis for the design of biometric markers, as any
human physiological and/or behavioral characteristic can be used as a biometric
feature, as long as it satis�es the following requirements: universality, permanence,

collectability, performance, acceptability, and circumvention [268]. Brain signals
are highly reliable and secure because biometric markers obtained from EEG-
recordings of human brain activity are almost impossible to duplicate, as the brain
is highly individual [271].

An authentication system may include a stage in which the data is used in a
multi-class model with all the subjects in the dataset to identify a speci�c subject.
It may also include a veri�cation step to compare the data from the claimed subject
with that of the true subject, alone in the dataset, to detect whether the subject is
an intruder or not. The order of these stages may di�er depending on the approach.
The number of EEG-based biometric systems has been steadily growing using
various approaches to solve problems related to the authentication and veri�cation
stages.

A research-grade EEG device guarantees a controlled environment and high-
quality multi-channel EEG recording, but this is o�set by the high computational
cost, non-portability of the equipment, and use of inconvenient conductive
gels. The development of dry EEG sensors has created new possibilities for the
development of new types of portable EEG systems. An important step towards
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this goal is a reduction in the number of required EEG channels while increasing,
or at least maintaining, the same performance as high-density EEG.

5.2 State-of-the-art

Depending on whether the paradigm is task-dependent or task-independent,
certain EEG channels provide only redundant or sub-optimal information. Several
techniques have been studied with the aim of developing low-density EEG-based
systems with high performance, i.e., pre-processing and feature extraction, channel
selection, and paradigms to stimulate brain signals. For EEG-based biometric
systems, several approaches have been presented using various paradigms to
stimulate and record the EEG signals, i.e., imagined speech [222, 223, 272], resting-
state [85, 173, 273–277], and ERPs [138, 206].

In general, resting-state potentials and ERPs have been shown to be good
candidates for a new biometric system for which there are several di�erent state-
of-the-art approaches [206, 273, 276–278], with the localization of the relevant
channels di�ering, depending on the paradigm.

An important element is dimensionality reduction, which can be tackled
through channel selection and feature extraction. Several approaches can be used
to accomplish this task, including those based on methods such as PCA, DWT,
EMD, and even approaches using raw data as input for di�erent con�gurations of
neural networks (NN) [138, 206, 222, 223, 279–283].

Several approaches have been proposed for the creation of biometric systems
following various experiment con�gurations with various paradigms and methods
for feature extraction and classi�cation using the EEGMMIDB dataset (see Section
3.6.2), using various con�gurations of neural networks [280, 284–286], other
supervised and unsupervised techniques [274, 278, 287–296], and methods for
EEG channel selection [201, 275, 297].

One approach used a subset of eight pre-selected channels [297] and EEG
data from a task for training and then that from another task for testing. The
selection of the channels was justi�ed based on their stability across various
mental tasks, and the results presented were evaluated using the half total error
rate (HTER), which was 14.69%. Another approach used various tasks from the
EEGMMIDB and channel selection, using the binary �ower pollination algorithm
(BFPA), and reported accuracy values of up to 0.87 using supervised learning and
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approximately 32 EEG channels [201]. However, the analysis considered only
non-intruders when using multi-class classi�cation, and therefore the addition of
more stages for detecting the intruders is necessary.

Other approaches use instances of di�erent length with the same dataset,
such as instances of 10 or 12 seconds [274, 290]. Resting-state instances of 10
seconds have been validated with the leave one-out framework, consisting of �ve
instances of 10 seconds for training and one instance for validating the model
[290], resulting in a correct recognition rate (CRR) of 0.997 for the resting-state
with the eyes-open and 0.986 with the eyes-closed, all using 64 EEG channels.

An approach with one-second EEG signals from the FP1 and FP2 channels
and a 256-Hz sample rate during the resting state has been proposed for a
biometric system, extracting features directly from the raw data and using Fisher’s
discriminant analysis [276], obtaining a TAR of up to 0.966 and a false acceptance
rate (FAR) of 0.034. Another approach used two-second EEG signals from the
FP1 and FP2 channels, with a 2048-Hz sample rate, and the authors used a set of
classi�ers to perform multi-class classi�cation [273]. They obtained an accuracy
of 0.93 and a false positive identi�cation rate of 0.165. Another approach presented
the results of a study using the Cz EEG channel, which was manually selected , on
20 subjects during the resting-state [277], obtaining a TAR of 1.0 and TRR of over
0.8. None of these studies attempted to systematically select the minimal number
of optimal channels to perform the task.

Deep-learning algorithms have shown success in image processing and other
�elds but have not shown convincing and consistent improvement over the
most advanced current methods for EEG data [148, 282]. However, several new
approaches have been recently presented that show high accuracy. For example,
an approach using convolutional neural network (CNN) gated recurrent units
(CNN-GRU) was presented in [281], and the authors evaluated the proposed
method in a public dataset called DEAP, which consists of EEG signals from 32
subjects recorded from 32 channels using di�erent emotions as a paradigm [298].
Their experiments were performed using 10-second segments of EEG signals and
they reported a mean CRR of up to 0.999 with 32 channels using CNN-GRU and
0.991 with �ve channels that were selected using one-way repeated measures
ANOVA with Bonferroni pairwise comparison (post-hoc). The �ndings of this
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work are interesting and the accuracy values obtained high. However, deep-
learning approaches require a large amount of data and the length of the signal
segments and the paradigm followed are not standard. Furthermore, for a real-time
application, the collection of a large number of instances and instances during
long periods can be exhausting, making such an approach noncompetitive with
current biometric systems in the industry (i.e., �ngerprints, face recognition, etc.).

The amount of data and time required for training NN are the main concerns
for e�ective deployment and adoption of EEG-based biometric systems in real-life
scenarios. In the literature, researchers have reported results using from simple
NN structures (i.e., a single hidden layer) to more complex networks (recurrent
and CNN), but this requires the improvement of computational power, with faster
CPUs and the use of GPUs [148, 278, 281, 294–296]. The large amount of data
required by deep-learning approaches can be overcome using an approach based
on simple data augmentation techniques by creating overlapped time windows
[284].

Other related proposals using neural networks have been presented and
compared to the state-of-the-art [278, 294–296], amongst which some of the
most relevant studies used approximately 100 subjects and mostly 64 channels for
testing their approaches [279, 280, 284, 299]. However, there is no de�ned method
for channel selection, since the process for selecting the most relevant channels
requires repetition of the classi�cation process several times and it is well known
that deep-learning approaches are computationally costly [148, 296].

5.3 First approach using a two-stage classification process

In this approach, the P300-speller dataset described in Section 3.6.3 and a two-stage
approach for the entire process, illustrated in Fig. 5.1, were used. An OCSVM
model was created with the aim to train the model to recognize subjects that are
already in the system and to reject those who are not (Intruders). In the �rst
part of this experiment, the model was trained using subjects with IDs 1-13 (non-
intruder) and only EEG signals from session one, using 30 instances and all EEG
channels (56 channels). Then the EEG signals from all the subjects of session two
were used, considering subjects 14-26 as intruders, to validate the model (see Fig.
5.1). The results were evaluated using the TAR, TRR, and accuracy of multi-class
classi�cation (see Table 5.1).
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Figure 5.1: Flowchart of the �rst approach for intruder detection and subject
identi�cation.

Table 5.1: TAR, TRR, and accuracy for subject identi�cation and authentication
with EEG data from all channels using di�erent nu and gamma values for one-
class SVM.

Subjects nu gamma TAR TRR Accuracy

Non-intruders 1 - 13
0.01 0.01

0.923 - 0.98 ± 0.2
Intruders 14 - 26 - 0.083 -
Non-intruders 1-13

0.10 0.10
0.545 -

Intruders 14 - 26 - 0.449 -
Non-intruders 14 - 26

0.01 0.01
0.951 - 1.00 ± 0.0

Intruders 1 - 13 - 0.212 -
Non-intruders 14 - 26

0.10 0.10
0.495 -

Intruders 1-13 - 0.551 -

Table 5.1 presents an example of the results using subjects 1-13 as non-intruders
and subjects 14-26 as intruders. The results show that approximately 90% of
the subjects were correctly accepted but also that only approximately 8% of
the intruders were correctly rejected. However, changing the nu and gamma

parameters for the SVM RBF changed the TAR and TRR to approximately 50% in
both cases.

Given that all subjects with access (subjects 1-13) passed the �rst layer, a multi-
class classi�er was created for subject identi�cation. An SVM with a linear kernel
was de�ned and used because of the results obtained in previous studies and also
because it was found experimentally to be the best solution. The �owchart of the
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complete method is presented in Fig. 5.1. The accuracy obtained following 10-fold
cross-validation was 0.98, with a standard deviation of 0.02 (see Table 5.1).

This approach was used because the aim was to �nd the best con�guration
for the entire process. Creating a model using only the subjects with correct
permission who passed the �rst layer would have a�ected the results and therefore
would not nave been valid.

5.3.1 De�ning the problem to optimize

Once the non-intruder and intruder subsets were de�ned, the signals were
pre-processed and the features extracted. They can be used as input for the
authentication system, which can be distributed as presented in Fig. 5.1. However,
the use of a more complex system is required to �t certain important parameters
and select the most relevant EEG channels, which in this case was analyzed as an
optimization problem.

The problem to be optimized is de�ned by four unconstrained objectives:
1) Reduce the number of EEG channels, 2) maximize the accuracy of the multi-

class classi�cation, 3) maximize the number of accepted subjects with access, and 4)

maximize the number of intruders rejected. Each population size in each iteration is
de�ned as 30, which was selected experimentally. The termination criterion for the
optimization process is de�ned by the objective space tolerance, which is de�ned
as 0.0001. This criterion is calculated every 10th generation. If optimization is not
achieved, the process stops after a maximum of 500 generations.

The chromosome created to represent the search space in the scalp for this
�rst approach is presented in Fig. 5.2, in which genes 1-56 represent the EEG
channels and the nu parameter is calculated using genes 57-60 and the gamma

parameter calculated using genes 61-64. When calculating the nu and gamma

parameters, the binary representation is converted into a decimal value, which
represents the position in a vector with the possible values for the parameter.
Thus possible values were de�ned experimentally, which in a key-value array are
{0 : 0.000001, 1 : 0.0001, 2 : 0.0005, 3 : 0.001, 4 : 0.005, 5 : 0.01, 6 : 0.1, 7 : 0.2, 8 :
0.3, 9 : 0.4, 10 : 0.5, 11 : 0.6, 12 : 0.7, 13 : 0.8, 14 : 0.9, 15 : 1.0}, for both nu and
gamma. The complete process is illustrated in Fig. 5.2.

Eight features per EEG channel were extracted for all subjects and each
instance following the previously explained method and that shown in the
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Figure 5.2: Example of the complete process for EEG channel selection using
NSGA-II, including the chromosome representation using 56 genes for the EEG
channels and eight for the nu and gamma parameters.

�owchart presented in Fig. 3.15, in which the results are organized and stored
for iterative use, as shown in Fig. 5.2. The entire process is then handled by
NSGA-II or NSGA-III, which starts creating all possible candidates using a binary
chromosome representation for which the corresponding subset of features for
the channels is obtained, represented as 1 for genes 1-56 of the chromosome, the
nu parameter calculated using genes 57-60, and the gamma parameter calculated
using genes 61-64.

Then, the obtained classi�cation accuracy, number of accepted subjects with
access, number of rejected subjects, and number of EEG channels used are returned
to NSGA-II or NSGA-III to evaluate each chromosome in the current population.
The process is repeated, creating di�erent populations by the NSGA until the
termination criterion is reached.

5.3.2 Solving the four-objective optimization problem using

NSGA-II with subjects 1-13 as non-intruders and 14-26 as

intruders.

This Section presents experiments that simultaneously considered all the problems
to investigate whether there is a particular combination that can solve the
optimization problem de�ned in the Methods Section using NSGA-II.

The experiment consisted of �nding the best nu and gamma for the SVM with
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the RBF kernel to increase the TAR, TRR, and accuracy of subject identi�cation or
maintain them as high as possible from previous con�gurations, while using the
lowest number of EEG channels. Brie�y, NSGA-II was used for channel selection
using the �rst 56 genes in a chromosome to represent the EEG channels and then
four genes each to select the best nu and gamma parameters, obtaining thus a
chromosome of 64 genes.

Several plots of the results obtained considering the four objectives are
presented in Fig. 5.3 to illustrate the importance of the optimization process
(see Sub-�gs. 5.3a, 5.3b, 5.3c and 5.3d), as only 11.11% of the possible channel
combinations resulted in a TAR and TRR between 0.9 and 1.0 (see Sub-�g. 5.3e).
The classi�cation accuracy according to the number of channels used and in
relation to the Pareto-front are shown in Sub-�gs. 5.3d and 5.3f.

The results for the Pareto-front for all objectives are presented in Table 5.2.
NSGA-II found a two-channel combination for which a TAR of 0.91, TRR of 0.88,
and an accuracy of 0.78 for subject identi�cation were obtained. NSGA-II also
found a 12-channel combination for which the accuracy of subject identi�cation
was 0.93, the TAR 0.93, and the TRR 0.95. This result shows that it is possible to
reduce the number of channels from 23, 24, etcetera (which gave similar accuracy
values) by almost half using this approach.

5.3.3 Solving the four-objective optimization problem using

NSGA-II with subjects 14-26 as non-intruders and subjects

1-13 as intruders.

With the aim of searching for more global results, the previous experiment was
repeated using the same con�guration but now considering subjects 14-26 as
non-intruders and subjects 1-13 as intruders. The results obtained for the four
objectives are presented in Table 5.3.

As in the previous experiment, an accuracy of up to 0.83 for subject
identi�cation was obtained, with both a TAR and TRR of 1.00, using just a three-
channel combination (see Table 5.3). Increasing the classi�cation accuracy for
subject identi�cation, while maintaining the same TAR and TRR, required 16 EEG
channels, in contrast to the previous experiment for which the optimal number of
EEG channels was 12.

Table 5.3 presents the results obtained in the Pareto-front for the �rst 30 EEG
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(a) First view of the candidates and the Pareto-
front.

(b) Second view of the candidates and the
Pareto-front.

(c) Aerial view. (d) Points in the Pareto-front.

(e) Distribution of the results obtained. (f) Classi�cation accuracy for the combination
in the Pareto-front.

Figure 5.3: Four di�erent views of the results obtained with NSGA-II using subjects
1-13 as non-intruders and 14-26 as intruders.
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Table 5.2: TAR, TRR, and accuracy values obtained for the Pareto-front for four
objectives solved with NSGA-II using subjects 1-13 as non-intruders.

No. channels Accuracy TAR TRR nu gamma
1 0.55 0.90 0.90
2 0.78 0.91 0.88 0.0001 0.9

3 0.79 0.34 0.42
4 0.86 0.31 0.35
5 0.85 0.50 0.58
6 0.91 0.56 0.74
7 0.89 0.51 0.60
8 0.89 0.79 0.85 0.0010 0.9

9 0.87 0.82 0.92 0.0001 0.2

10 0.94 0.53 0.66
11 0.97 0.43 0.47
12 0.93 0.93 0.95 0.0001 0.9

13 0.97 0.43 0.54
14 0.98 0.51 0.64
16 0.94 0.76 0.77
17 0.99 0.37 0.44
20 0.98 0.61 0.75
21 0.97 0.76 0.80
22 0.95 0.25 0.30
23 0.97 0.92 0.94
24 0.98 0.96 0.96
25 0.98 1.00 1.00
26 0.98 0.94 0.98
27 0.98 0.96 1.00
29 0.97 0.93 0.96
30 0.99 0.83 1.00

channels, indicating the accuracy values obtained and the TAR and TRR, as well as
the nu and gamma values used for creating the one-class classi�ers to obtain the
TAR and TRR results. The most relevant accuracy values, TAR, and TRR and the
corresponding number of channels used are marked in gray; the nu and gamma

values used to obtain these results were also added to determine whether there
are similarities between these cases.

The channel combinations for this and the previous experiments were
independent. Venn diagrams were generated to compare the channels used in
the Pareto-front between this and the previous experiment to detect a possible
pattern or a more relevant area (see Fig. 5.4). The EEG channels used to obtain the
results marked in gray in Table 5.2 and the channel localization in Sub-�g. 5.4c
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Table 5.3: TAR, TRR, and accuracy values obtained for the �rst 30 EEG channels
in the Pareto-front for four objectives solved with NSGA-II using subjects 14-26
as non-intruders.

No. channels Accuracy TAR TRR nu gamma
1 0.53 0.70 0.70
2 0.62 0.31 0.31
3 0.83 1.00 1.00 0.00001 0.6

4 0.87 0.41 0.37
5 0.88 0.49 0.49
6 0.96 0.81 0.73
7 0.96 0.74 0.78
8 0.91 0.88 0.89 0.3000 0.8

9 0.97 0.52 0.54
10 0.97 0.90 0.91 0.0005 0.6

11 0.96 0.83 0.88
12 0.97 0.55 0.56
13 0.98 0.40 0.52
14 0.98 0.80 0.84
15 0.98 0.50 0.56
16 1.00 1.00 1.00 0.00001 0.6

17 0.99 0.73 0.65
18 0.98 0.93 0.93
19 0.99 0.38 0.59
20 0.99 0.47 0.57
21 0.98 0.74 0.71
22 0.99 0.99 0.99
23 0.98 0.76 0.72
24 1.00 0.74 0.64
25 1.00 0.99 0.99
26 1.00 1.00 0.99
27 1.00 1.00 1.00
28 1.00 0.96 0.96
29 1.00 0.95 0.97
30 1.00 1.00 1.00

are presented in Sub-�g. 5.4a. The results marked in gray in Table 5.3 are shown
in Sub-�g. 5.4b and EEG channel localization in Sub-�g. 5.4d.

Fig. 5.4 shows certain channels within a black circle if they intersected with
one or more subsets. For example, sub-�g.5.4c shows the CPZ channel in a black
circle, which means that it was used in one or more subsets, as shown in sub-�g.
5.4a. It is important to highlight these channels for the discussion of the results
and for the purpose of comparison with the following experiments in the thesis.
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(a) Venn diagram of the subsets for 2, 8, 9, and
12 channels in the previous exp. presented in
Table 5.2.

(b) Venn diagram of the subsets for 3, 8, 10,
and 16 channels in the current experiment
presented in Table 5.3.

(c) Channel subsets from Sub-�g. 5.4a. (d) Channel subsets from Sub-�g. 5.4b.

Figure 5.4: Relevant EEG channel subsets in the Pareto-front for four objectives
using NSGA-II, considering subjects 14-26 as intruders in the previous experiment
and subjects 1-13 as intruders in the current experiment.

5.3.4 NSGA-III for solving the four-objective optimization

problem.

The previous two experiments were repeated to solve the four-objective
optimization problem with the same con�guration, but now using NSGA-III.
A comparison between the results obtained in the Pareto-front in the two
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Table 5.4: TAR, TRR, and accuracy values obtained in the Pareto-front when using
7-15 EEG channels with four objectives solved with NSGA-III using subjects 1-13
as non-intrudes and 14-26 as intruders and vice-versa.

S Eval.

No. channels

7 8 9 10 11 12 13 14 15

1-13
Accuracy 0.96 0.96 0.98 0.98 0.98 0.99 0.99 0.99 0.98
TAR 0.41 0.41 0.94 0.94 0.61 0.70 0.60 1.00 0.29
TRR 0.47 0.48 0.94 0.94 0.84 0.85 0.60 1.00 0.37
nu 0.0005 0.0001 0.0005

gamma 0.1 0.1 0.1

14-26
Accuracy 0.98 0.97 0.98 0.97 0.99 0.98 1.00 1.00 0.99
TAR 0.95 0.93 0.90 0.93 0.95 0.94 0.93 0.94 0.72
TRR 0.93 0.93 0.91 0.94 0.95 0.92 0.93 0.95 0.83
nu 0.0100 0.0001 0.0001

gamma 0.7 0.9 0.9

experiments, using subjects 1-13 for training (subjects 1-13 as non-intruders and
14-26 as intruders) and subjects 14-26 for training (subjects 14-26 as non-intruders
and 1-13 as intruders), is shown in Table 5.4.

In this experiment, subsets with 9, 10, and 14 optimal EEG channels were
found using subjects 1-13 as non-intruders and subsets with 7, 11, and 14 EEG
channels using subjects 14-26 as non-intruders. As in the previous experiments, a
comparison of several relevant subsets presented in Table 5.4 is presented in Fig.
5.5 for both cases, either using subjects 1-13 as non-intruders (see Sub-�gs. 5.5a
and 5.5c) or 14-26 as non-intruders (see Sub-�gs. 5.5b and 5.5d).

Fig. 5.5 presents a comparison between di�erent subsets found by NSGA-III
when using subjects 1-13 as non-intruders and when using them as intruders. This
�gure shows a lower number of channels in the interceptions, but it also shows
that most of the EEG channels used for obtaining the best results presented in
Table 5.4 were obtained using channels around the parietal and occipital areas,
which is consistent with the paradigm used for collecting the EEG signals [300].

5.3.5 Testing the proposal in 10 random subdivisions of subjects

using NSGA-II and NSGA-III.

In the previous experiments, the results obtained were presented using di�erent
subsets manually selected with 50% of the subjects as non-intruders and 50%
as intruders (i.e., subjects 1-13 as non-intruders and 14-26 as intruders, and



5.3. First approach using a two-stage classi�cation process 97

(a) Venn diagram for the subsets for 9, 10,
and 14 channels using subjects 1-13 as non-
intruders in the current experiment presented
in Table 5.4.

(b) Venn diagram for the subsets for 7, 11,
and 14 channels using subjects 14-26 as non-
intruders in the current experiment presented
in Table 5.4.

(c) Channel subsets from Sub-�g. 5.5a. (d) Channel subsets from Sub-�g. 5.5b.

Figure 5.5: Relevant EEG channel subsets in the Pareto-front for four objectives
using NSGA-III, considering subjects 14-26 as intruders in the previous experiment
and subjects 1-13 as intruders in current experiment.

vice-versa.). The di�erences found when using NSGA-II or NSGA-III were also
presented. However to provide a more general validation of the proposal, random
subsets with 50% of the subjects as non-intruders and 50% as intruders were
created and the optimization problem then solved by simultaneously considering
the four objectives. This process was repeated 10 times, thus obtaining 10-fold
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Table 5.5: Mean TAR, TRR, and accuracy values obtained in the Pareto-front when
using 7-15 EEG channels validated in 10 random subdivisions of all the subjects,
using 50% as intruders and 50% as non-intruders.

Method Eval.

No. channels

7 8 9 10 11 12 13 14 15

NSGA-II
Acc. 0.96±0.02 0.96±0.01 0.97±0.02 0.98±0.02 1.00±0.00 0.99±0.01 1.00±0.00 1.00±0.00 0.99±0.01

TAR 0.74±0.18 0.81±0.18 0.59±0.07 0.74±0.05 0.81±0.08 0.61±0.25 0.81±0.17 0.86±0.13 0.90±0.10

TRR 0.85±0.14 0.79±0.10 0.68±0.16 0.87±0.13 0.69±0.18 0.89±0.10 0.88±0.12 0.90±0.09 0.94±0.06

NSGA-III
Acc. 0.97±0.03 0.97±0.01 0.97±0.02 0.98±0.02 1.00±0.00 1.00±0.00 1.00±0.00 1.00±0.00 1.00±0.00

TAR 0.72±0.14 0.81±0.12 0.64±0.14 0.79±0.07 0.86±0.08 0.78±0.15 0.82±0.17 0.86±0.13 0.92±0.08

TRR 0.74±0.12 0.85±0.10 0.65±0.21 0.85±0.13 0.80±0.13 0.89±0.10 0.89±0.10 0.89±0.09 0.94±0.02

cross-validation of the proposed method. The experiment was repeated using both
algorithms, NSGA-II and NSGA-III. The mean results and standard deviation are
presented in Table 5.5.

The results presented in Table 5.5 show that the mean accuracy decreased
in both cases when using NSGA-II or NSGA-III when considering 10 random
partitions of the subjects as non-intruders or intruders. In addition, the standard
deviation was > 10% in most cases when using less than 10 channels. This is
because the number of channels for the best arrays, as well as the best channels,
were not the same in each randomly created partition. For example, in the previous
experiment presented in Table 5.4, the best results were clearly obtained using
subjects 1-13 as non-intruders with nine EEG channels (i.e., an accuracy of 0.98
and a TAR of 0.94, and TRR of 0.94). However, when considering subjects 14-26
as non-intruders, the best results were obtained using seven channels (i.e., an
accuracy of 0.98 and a TAR of 0.95 and TRR of 0.93).

For example, Table 5.5 shows that the accuracy values, TAR, and TRR were
similar in both cases for both NSGA-II and NSGA-III when using eight EEG
channels. However, the standard deviation was > 10% for the TAR and TRR,
which means that the best results were not obtained with eight channels for
certain subsets of subjects, i.e., sometimes with seven and sometimes with nine
channels, as in the previous experiments. In summary, this new experiment shows
the accuracy for subject identi�cation to be consistently high (i.e., higher than
0.96 in all cases, as in the previous experiments presented), but the TAR and
TRR can vary widely depending on which subset of subjects used as intruders or
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non-intruders.

5.4 Discussion

EEG-based biometric systems have been presented as good candidate for use
in authentication systems. In previous studies, various paradigms, i.e., resting-
state potentials and ERPs, have been studied and compared using various types
of electrodes, various numbers of channels, and varying channel localization
[173, 206, 222, 223]. Several parameters are yet to be optimized. Thus, no industrial-
level EEG-based biometric systems are currently available.

In the context of designing a portable EEG headset, applications for multi-task
purposes and scenarios are being widely studied. NSGA-based algorithms were
proposed for the optimization process, with the �nal objective of reducing the
necessary number of EEG channels for subject identi�cation. These algorithms
depend upon several parameters that in�uence the performance and results.
In addition, machine-learning algorithms also require the de�nition of several
parameters, which were de�ned using eight genes of a created chromosome.

The new scheme introduced for subject identi�cation and authentication shows
that it can identify subjects by their EEG brain signals and distinguish between
subjects who were part of the training dataset from those that are intruders. Using
NSGA-II in the �rst experiments, channel subset combinations consisting of only
two EEG channels were found, with which an accuracy of 0.78, a TAR of 0.91 ,and a
TRR of 0.88 were obtained. However, 8, 9, or 12 channels were required to increase
the value of the results for the objectives when they were simultaneously applied .
NSGA-III found subsets with 7, 9, 10, or 11 EEG channels with an accuracy of up
to 0.99 and both a TAR and TRR of 1.00.

Initially, the aim was to create a new �xed headset with a limited number
of EEG channels, but as the results of this work show, it is not possible to
argue that a certain “good” subset works better than others, as various factors
are critical when choosing whether it is better to use a lower number of EEG
channels or propose improvements at the classi�cation stage. The proposed
method shows that di�erent channel subsets can provide high accuracy, TAR, and
TRR values. However, deeper analysis and further experiments are required on a
larger population.

P300 from ERPs have shown to be good candidates but they are not the gold
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standard for this application, as there is not yet su�cient research evidence to
support it. They were proposed in this work as candidates as it was shown that
they exhibit strong signatures that are unique to the subject and the process does
not require any training, which will be essential in a real-life application. In a
real-life scenario, the biometric system can display something on a screen (an
image, a weak �ashlight beam aimed directly at the eyes, etc.), record the brain
activity corresponding to the response to the presentation, and use it for the
identi�cation and authentication process.

The internal state of the subject, such as the resting state, could also be used as
an alternative to obtain speci�c information on the subject, as previously discussed
[173]. The EEG channel selection process is in itself informative because it can
provide information about the most relevant areas in the brain for a certain neural
task for a certain subject or group of subjects. This can be analyzed using a-

priori information related to the paradigm, which can limit the search space and
therefore the results.

The results presented in the �rst experiments show that most of the common
channels in the subsets providing the highest accuracy, TAR, and TRR, come
from the occipital and parietal areas, but certain channels in the frontal area
were also important (FC2, FC3, FC6, FC8, F6, AF7, AF8, and Fp1). A �nal
conclusion about the minimum number of necessary EEG channels for
subject identi�cation, taking into account the classi�cation accuracy,
TAR, and TRR, cannot be proposed solely based on the results of this work,
as the minimum number of necessary channels will be di�erent depending
on various factors (i.e., the number of subjects, trials, sessions, feature
extraction method, channel selection approach and their parameters, etc.).
In addition, channel localization for the subsets di�ered between subjects and
whether NSGA-II or NSGA-III methods were used, as clearly presented in Figs.
5.4 and 5.5. When 10 random subdivisions of the subjects were tested, the mean
TAR and TRR decreased and the standard deviation increased. In addition, the nu

and gamma values used were di�erent in each subdivision, but the classi�cation
accuracy was maintained, similar to that of the �rst experiments presented.

The complexity of the analysis can be as high as that required. In the �rst
experiments, a model with EEG signals from session 1 was trained and the
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authentication and veri�cation process was constructed using EEG signals from
session 2. However, due to the plasticity of the brain, an analysis of sessions from
di�erent days/weeks/months is also necessary before a proof of concept, as well
as an analysis of how this can a�ect the biometric approach. Another important
aspect that requires further study is the scalability; it will be necessary to verify
the number of subjects that can be added to this system while maintaining similar
performance to that when using a small number of subjects.

Here, a �rst layer using the EEG data from all the subjects to search for a
method to increase the TAR and TRR was created. Future studies will focus
on all these relevant aspects, involving the optimization of multiple parameters
related to the feature extraction and machine-learning methods by using discrete
values to represent the chromosomes and not only as a binary sequence. Another
important aspect to be further investigated is the use of larger datasets with
k − f old validation to verify whether a possible modi�cation to the proposed
approach can allow identi�cation of a single optimal array of EEG channels for
di�erent randomly created subdivisions of subjects while consistently ful�lling
all of the de�ned objectives and necessary parameters by optimization as in the
experiments presented and discussed in this thesis.

5.5 Second approach, using a one-stage one-class algorithm

In this Section, EEG signals from 64 channels of 109 subjects and 60 instances of
one second with a sample rate of 160 Hz that were recorded during the resting-state,

in which the eyes of the subject were open, were used, as described in Section 3.6.2.
EMD- or DWT-based features were used and the results evaluated using the TAR
and TRR.

To ensure 10-fold cross-validation, the experiments were performed 10 times,
randomly selecting 80% of the instances for training and 20% for testing, thus
ensuring that the method can be generalized and that the results can be obtained
even when using another subset of instances for training and testing. The models
were created using OCSVM or LOF models. It should be noted that the channels
and parameters were optimized for all the subjects at the same time but a single
machine-learning model was created for each subject. In general, the results
presented in Table 5.6 were obtained by creating a model for each of the 109
subjects in which the model of the subject was used to recognize the subject and



102 Channel count optimization for EEG-based biometric systems

Table 5.6: Average TARs and TRRs for subject detection with EEG data from 64
channels and 109 subjects using di�erent parameters for OCSVM and LOF, with
EMD- and DWT-based features.

EMD-based features DWT-based features

Method Algorithm No.
neighbors

TAR TRR TAR TRR

OCSVM 0.502± 0.004 0.993± 0.001 0.499±0.002 0.998±0.000

LOF ball tree 1 1.000± 0.000 0.923± 0.005 1.000±0.000 0.979±0.002

LOF ball tree 10 0.926± 0.002 0.963± 0.007 0.968±0.0038 0.989±0.012

LOF kd tree 1 1.000± 0.000 0.989± 0.005 1.000±0.000 0.998±0.001

LOF kd tree 10 0.926± 0.001 0.955± 0.006 0.923±0.001 0.988±0.002

LOF brute 1 1.000± 0.000 0.926± 0.004 1.000±0.000 0.979±0.004

LOF brute 10 0.927± 0.001 0.939± 0.007 0.924±0.003 0.989±0.002

reject the rest of the 108 who were not part of the model.

The results obtained with OCSVM showed the lowest TAR (see Table 5.6),
meaning that the models created with OCSVM did not learn from the training set
and thus rejected an average of approximately 50% of the instances, explaining
why the TRR was high when using OCSVM. The results obtained with LOF, using
three di�erent algorithms and one or ten neighbors, are also shown in Table 5.6 for
illustrative purposes. LOF using the k-d tree algorithm and one neighbor resulted
in the highest TAR and TRR, meaning that it was possible to identify each subject
and reject almost all the rest that did not correspond to the models.

Previous results have shown that the algorithm and number of neighbors used
are important for increasing the TAR and TRR. The experiments were repeated
using DWT-based features considering only LOF with the k-d tree and 1 to 10
neighbors to provide more information about this behavior. The average results
obtained using 10-fold cross-validation are presented in Fig. 5.6.

The use of a higher number of neighbors resulted in a decrease in the TAR
from 1.000 to 0.923 and an increase in the TRR or its remaining higher than 0.988
(see Fig. 5.6), meaning that the models were unable to learn about the features of
each subject using a higher number of neighbors. This is relevant, as it shows
the importance of selecting not only the best feature extraction method but
also the LOF algorithm and the best number of neighbors.
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Figure 5.6: TARs and TRRs obtained using various numbers of neighbors with the
LOF k-d tree algorithm and DWT-based features.

5.5.1 De�ning the problem to optimize

After the pre-processing and feature extraction stages, a set of features were
obtained for each EEG channel. These features can be used to create a model for
each subject that can recognize it and reject the rest of the subjects. The approach
is to create a model for each subject with 80% of the instances and use 20% for
testing, as this dataset consists of only EEG data from one session, as described in
Section 3.6.2. This requires that certain important parameters be �tted and that
the most relevant EEG channels are selected.

Thus, the problem is de�ned as an optimization problem with three
unconstrained objectives: 1) minimize the number of necessary EEG channels,
2)maximize the TAR, and 3)maximize the TRR. The size of each population in each
iteration is de�ned as 20, the termination criterion for the optimization process is
de�ned by the objective space tolerance, which is de�ned as 0.0001. This criterion
is calculated every 10th generation. If optimization is not achieved, the process
stops after a maximum of 300 generations.

Sixty-four binary genes in a chromosome were created to represent the 64
EEG channels, as well as one gene with integer values for the algorithm (1: Ball
tree, 2: k-d tree, 3: Brute force) and another with integer values for the number of
neighbors (from 1 to 10, which were proposed experimentally), obtaining thus a
chromosome of 66 genes. When using OCSVM in the optimization process, the
same 64 genes were used for representing the EEG channels, as well as two genes
with decimal values for the nu and gamma parameters, similarly to the approach
presented in Section 5.3. The chromosome created to represent the candidate
channels in the search space and the �owchart of the complete optimization
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Figure 5.7: Chromosome representation and �owchart of the optimization process
for EEG channel selection using NSGA-III and LOF.

process using LOF models is illustrated in Fig. 5.7.

As explained in the feature extraction method, eight features were extracted
per channel when using EMD, and 16 when using DWT. The features were
organized and stored for iterative use, depending on the channels marked as
1 in the chromosomes. For example, using EMD-based features, the classi�cation
process would be performed with only eight features from the channel indicated in
the chromosome if the chromosome consists of only one gene. The entire process
was then performed by NSGA-III, as shown in Fig. 5.7, which starts by creating 20
possible candidates for each generation.

The output for each chromosome for each generation is the number of channels
used and the obtained TAR and TRR for the subset of channels in the chromosome.
The results are returned to NSGA-III to evaluate each chromosome in the current
population and the new generation of chromosomes is created based on the best
candidates found. This process is repeated until the termination criterion or the
maximum number of generations is reached.

5.5.2 Channel selection using NSGA-III and OCSVM for EEG

signals for the resting-state with the eyes open

It was previously shown that the TAR and TRR of the models created using
OCSVM can be improved by �nding the best nu and gamma parameters [138]. The
optimization process de�ned in the Methods Section was performed to provide
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Table 5.7: TARs and TRRs obtained for the �rst �ve EEG channels in the Pareto-
front for three objectives solved with NSGA-III using EMD- and DWT-based
features with OCSVM.

EMD-based features DWT-based features

No. channels TAR TRR TAR TRR

1 0.776 ± 0.138 0.851 ± 0.055 0.801 ± 0.063 0.905 ± 0.042

2 0.776 ± 0.092 0.911 ± 0.043 0.774 ± 0.066 0.958 ± 0.023

3 0.763 ± 0.150 0.969 ± 0.020 0.629 ± 0.180 0.959 ± 0.022

4 0.779 ± 0.144 0.966 ± 0.033 0.720 ± 0.069 0.980 ± 0.020

5 0.822 ± 0.028 0.969 ± 0.022 0.822 ± 0.028 0.981 ± 0.017

more information about the behavior of the OCSVM models using a larger dataset,
attempting to improve the TAR and TRR while reducing the necessary number of
EEG channels for subject identi�cation.

For this experiment, EEG signals of the 109 subjects in the resting-state, with
their eyes-open, were used, using 80% of the instances for training and 20% for
testing. NSGA-III was used for the channel selection method using 64 binary genes
in a chromosome to represent the EEG channels (1 if the channel is used, 0 if not)
and two genes with decimal values (both from 0 to 1) to select the best nu and
gamma parameters, obtaining thus a chromosome of 66 genes.

The distribution of the results of one run obtained using EMD- and DWT-based
features is shown in Fig. 5.8, as an example. The average and standard deviation
of the results obtained using 10-fold cross-validation are presented in Table 5.7.

As mentioned previously, the optimization was performed 10 times for cross-
validation. For certain runs, the Pareto-front contained only channel combinations
with one to �ve channels and others with one to seven. The channels in common
and other subsets can be further analyzed using these identi�ed subsets. Thus,
it may be possible to recommend a set of channels for a new possible headset
(considering the best subset found and those that are the most appropriate for a
new design.). However, it is �rst necessary to perform the analysis to choose the
best paradigm or sub-task (i.e., resting-state with the eyes open or closed) for EEG
data collection. For comparative purposes, the average TAR and TRR obtained
using channel combinations of one to �ve channels in the Pareto-front of the 10
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Figure 5.8: Frontal and aerial view of the TARs and TRRs obtained in the channel-
selection process using EMD-based features (a)) and DWT-based features (b))
with OCSVM.

runs are presented.

A TAR of 0.822±0.028 and a TRR of 0.969±0.022 were obtained with only
�ve channels using EMD-based features (see Table 5.7). The TAR and TRR were
0.822±0.028 and 0.981±0.017, respectively, using DWT-based features and �ve
channels with the optimization process.

As presented in Fig. 5.8, the candidates generated using EMD- or DWT-based
features and OCSVM showed a clear tendency to reject all the subjects (which
increased the TRR, since the models correctly rejected the intruders), even those
in each model (which decreased the TAR), meaning that the models created for
each subject did not learn from the provided features. TAR increased only if the
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correct nu and gamma parameters and channels were selected, which also varied
in each run, as re�ected by the standard deviations.

A set of channels used during the optimization process in the 10 runs is
presented in Fig. 5.9. The set of channels identi�ed when using EMD-based
features is presented in B) and that when using DWT-based features in a). Each
set of channels, from left to right, corresponds to the use of one to �ve channels,
and, as mentioned earlier, the channels found by NSGA-III di�ered between runs
for certain runs. The �gure presents one set. Using EMD-based features, the
channels found when using one to �ve channels di�ered, but those around T10

and T8 were consistent across most sets. When using DWT-based features, channel
IZ clearly appeared in all sets, and channels C4 and T10 appeared in most.

5.5.3 Channel selection using NSGA-III and LOF for EEG signals

for the resting-state with the eyes open

The optimization process was performed using the 109 subjects in the dataset,
but now considering LOF for creating the models of each subject. NSGA-III was
used for the channel-selection method using 64 binary genes in a chromosome to
represent the EEG channels and two genes with integer values for the algorithm
(1: ball tree, 2: k-d tree, 3: brute force) and the number of neighbors (From 1 to 10,
which were proposed experimentally) to be used, obtaining thus a chromosome of
66 genes. The experiment was repeated 10 times for validation, each time using
80% of the instances of each subject for training and 20% for testing.

The results of the �rst run are presented in Fig. 5.10 as an example of the
distribution of the TARs and TRRs during the optimization process and Table 5.8
presents the average results for both methods of feature extraction, EMD and
DWT.

Using DWT-based features, it was possible to obtain an average TAR of up to
0.993± 0.001 and an average TRR of 0.941±0.002 using only three EEG channels
(see Table 5.8). The distribution of the results was very distinct and clear (see
Fig. 5.10), indicating that similar TARs and TRRs can be obtained with di�erent
channel combinations using LOF and EMD- or DWT-based features.

The average distribution of the parameters used in the complete optimization
process (for all generations and all chromosomes) is presented in Fig. 5.11, showing
that the algorithm most often used by LOF was ball tree with three neighbors
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Figure 5.10: Frontal and aerial view of the TARs and TRRs obtained in the channel-
selection process using EMD-based features (a)), and DWT-based features (b))
with LOF.

when using EMD-based features. The ball tree and k-d tree algorithms were used
equally, with three neighbors, when DWT-based features were used. Analysis
of only the parameters used for the results in the Pareto-front in the 10-fold
cross-validation (for obtaining the results presented in Table 5.8) con�rmed that
the ball tree algorithm with three to four neighbors was the most often used for
EMD-based features and the ball tree and k-d tree algorithms were used with only
two neighbors for DWT-based features, as shown in Fig. 5.12.

Fig. 5.13 presents the set of channels of the 10 runs used to obtain the results
presented in Table 5.8, which correspond to the use of one to seven channels using
EMD-based features (a) in the �gure) and DWT-based features (b) in the �gure). In
this case, the channels were almost the same using both methods and they did not
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Table 5.8: TARs and TRRs obtained for the �rst seven EEG channels in the Pareto-
front for three objectives solved with NSGA-III using EMD-based and DWT-based
features and LOF.

EMD-based features DWT-based features

No. channels TAR TRR TAR TRR

1 0.930 ± 0.005 0.904 ± 0.006 0.979 ± 0.001 0.888 ± 0.003

2 0.949 ± 0.002 0.909 ± 0.005 0.991 ± 0.001 0.922 ± 0.002

3 0.960 ± 0.003 0.909 ± 0.005 0.993 ± 0.001 0.941 ± 0.002

4 0.964 ± 0.005 0.918 ± 0.028 0.995 ± 0.011 0.949 ± 0.004

5 0.969 ± 0.008 0.926 ± 0.011 0.996 ± 0.006 0.952 ± 0.004

6 0.980 ± 0.003 0.938 ± 0.011 0.997 ± 0.006 0.957 ± 0.009

7 0.980 ± 0.004 0.940 ± 0.005 0.997 ± 0.001 0.957 ± 0.005

Figure 5.11: Average distribution of the algorithms and number of neighbors used
in the optimization process with EMD-based features (a)) and DWT-based features
(b)).

di�er much when using one or three channels. Another important point is that
channels IZ, T8, and T10 were used in most cases for both EMD- and DWT-based
features. The most relevant area was clearly centered around channels C6, T8, T10
and F5.
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Figure 5.12: Average distribution of the algorithms and number of neighbors used
for the results in the Pareto-front of the optimization process with EMD-based
features (a)) and DWT-based features (b)).

5.5.4 Channel selection using NSGA-III and LOF for EEG signals

for the resting-state with the eyes closed

Previous experiments using LOF resulted in higher TARs and TRRs with a lower
number of EEG channels than when using OCSVM. The optimization process was
repeated with EEG data from the 109 subjects but considering the resting-state
with the eyes closed to provide additional information about the performance of
LOF with EMD- and DWT-based features.

The chromosome representation was as in the previous experiment: 64 genes
to represent the EEG channels and two additional genes with integer values for the
di�erent algorithms and number of neighbors. Each experiment was performed
10 times, randomly selecting 80% of the instances for training and 20% for testing,
thus ensuring 10-fold cross-validation. The results obtained for runs using either
EMD- or DWT-based features are presented in Fig. 5.14 for visualization and
understanding of the behavior during the optimization process.

The average TAR and TRR in the Pareto-front for the �rst seven channels
using EMD or DWT for feature extraction are presented in Table 5.9. The results
show that subject identi�cation was possible using the resting-state with the eyes
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Figure 5.14: Frontal and aerial view of the TARs and TRRs obtained in the channel-
selection process using EMD- (a)) and DWT-based features (b)) for the resting-state
with the eyes closed, using LOF.

closed. The TAR and TRR were similar to those presented in Table 5.8 for the eyes
open. The results were maintained throughout the 10 runs, especially when using
DWT for feature extraction, as the standard deviation was 0.011 for the TAR and
0.009 for the TRR.

The average distribution of the parameters used during the entire optimization
process is shown in Fig. 5.15. The k-d tree algorithm was the most used in both
cases (using EMD or DWT) and the number of neighbors ranged from one to four,
with a clear advantage of using two neighbors. The average parameters used for
obtaining the results in the Pareto-front are presented in Fig. 5.16, con�rming that
the k-d tree algorithm was the most used and the number of neighbors still ranged
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Table 5.9: TARs and TRRs obtained with LOF for the �rst seven EEG channels in the
Pareto-front for three objectives solved with NSGA-III using EMD- or DWT-based
features and the resting-state with the eyes closed.

EMD-based features DWT-based features

No. channels TAR TRR TAR TRR

1 0.945 ± 0.005 0.888 ± 0.008 0.979 ± 0.001 0.881 ± 0.004

2 0.945 ± 0.005 0.918 ± 0.007 0.995 ± 0.001 0.935 ± 0.005

3 0.955 ± 0.005 0.918 ± 0.007 0.997 ± 0.002 0.950 ± 0.005

4 0.969 ± 0.003 0.926 ± 0.006 0.997 ± 0.002 0.950 ± 0.003

5 0.971 ± 0.002 0.933 ± 0.002 0.997 ± 0.002 0.951 ± 0.003

6 0.975 ± 0.001 0.945 ± 0.002 0.998 ± 0.000 0.953 ± 0.002

7 0.979 ± 0.002 0.955 ± 0.005 0.998 ± 0.000 0.955 ± 0.002

Figure 5.15: Average distribution of the algorithms and number of neighbors used
in the optimization process with EMD-based features (a)) and DWT-based features
(b)) using EEG signals for the resting-state with the eyes closed.

from one to four, with preferential use of only two neighbors.
As for the previous experiment using the resting-state with eyes open, Fig.

5.17 presents the set of channels found by the optimization process of the 10 runs
used to create the models for the biometric system using the resting-state with
the eyes closed and EMD-based features (a) in the �gure), as well as DWT-based
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Figure 5.16: Average distribution of the algorithms and number of neighbors used
for the results in the Pareto-front of the optimization process with EMD-based
features (a)) and DWT-based features (b)) using EEG signals for the resting-state
with the eyes closed.

features (b) in the �gure). The results presented in 5.13 and 5.17 di�ered little,
even between methods and the sets of di�erent numbers of channels (In the sets
created in the 10 runs with 1 to 7 channels). The most relevant area was still
centered around channels C6, T8, T10, and IZ.

5.6 Discussion

This Chapter presented the application of EEG channel selection for biometric
systems focused on the study and comparison of various task-dependent and
task-independent paradigms, i.e., resting-state and ERPs, using various types of
electrodes and various numbers of channels [173, 206, 222, 223]. The resting-state
has been used in the state-of-the-art for this purpose as it does not require any
training process for the subject. There are several approaches based on multi-
class classi�cation using machine-/deep-learning and one-class classi�cation.
Although most of the approaches can discriminate between the subjects
in a database when using multi-class classi�cation, they do not consider
possible intruders. In the best case, one study presented a set of eight EEG
channels selected beforehand [297]. Another used deep learning with a set of �ve
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EEG channels, also selected beforehand, but they did not use the resting-state
[281].

A method for channel selection was presented in Section 5.3 using a two-stage
method tested on a dataset with 26 subjects for detecting intruders and then using
multi-class classi�cation to detect the name of the subject [138]. The stage for
intruder detection was created using OCSVM with nu and gamma parameters
determined by a genetic algorithm that also selected the most relevant channels for
the task. However, OCSVM was very sensitive to the nu and gamma parameters.

Later, a new approach for an EEG-based biometric system was presented using
brain signals recorded during the resting-state with the eyes open and the resting-
state with the eyes closed using LOF and channels selected by NSGA-III. Brie�y, a
model using LOF with EMD-/DWT-based features was created for each subject
that was able to reject the other 108 subjects in the dataset, con�rming that
the features extracted from each subject can help to discriminate between
the subject in the model and the rest of the subjects, with good results, even
with a low number of EEG channels and using 108 subjects as intruders.

In this new approach, experiments using EEG signals for the resting-state
with the eyes open and 64 EEG channels, with OCSVM and LOF using di�erent
parameters, were conducted. It was shown that a TAR of up to 1.000±0.000 and a
TRR of 0.998±0.001 can be achieved using LOF and the k-d tree algorithm with only
one neighbor, all using DWT-based features. Then, the experiment was repeated
using 1 to 10 neighbors with DWT-based features, LOF, and the k-d tree algorithm,
as they were the best parameters found in the previous experiment and also to
show that a di�erent number of neighbors a�ects the TAR and TRR.

It was also shown that OCSVM resulted in a TAR of 0.502±0.004 and a TRR
of 0.993±0.001, meaning that the models were unable to learn from any of the
features of the subjects (EMD- or DWT-based). It was thus necessary to �t the best
nu and gamma parameters by using the multi-objective optimization process [138].
This resulted in substantially higher TAR and TRR values (see Fig. 5.8). In the
best case, a TAR of up to 0.822±0.028 and a TRR of 0.969±0.22 using EMD-based
features, and a TAR of 0.822±0.28 and a TRR of 0.981±0.017 using DWT-based
features were obtained. However, the standard deviation was high.

The results presented with LOF when using the resting-state with the eyes
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open show that a TAR of up to 0.993±0.01 and a TRR of 0.941±0.002, with only
three EEG channels and with only two EEG channels using DWT-based features,
can be obtained. TAR and TRR values above 0.900 were obtained, which are higher
than the best results obtained in the Pareto-front using EMD-based features. As
shown in Fig. 5.10, the distribution of the TAR and TRR values was consistent
when reducing the number of EEG channels during the optimization process,
showing that the models created with LOF learned well from the features provided
and that di�erent channel combinations were used to obtain the best results,
as presented in Table 5.8. In this case, the most highly used algorithm for the
complete optimization process was ball tree, with three neighbors. Analysis of
the parameters using DWT-based features and only the results obtained in the
Pareto-front show the use of the ball tree and k-d tree algorithms to be highly
similar using only two neighbors.

The use of EEG signals from the resting-state with the eyes closed and LOF
con�rmed that DWT-based features work better, with a TAR of up to 0.997±0.002
and TRR of up to 0.950±0.005 with only three EEG channels. The k-d tree algorithm
with two to four neighbors was the most used for the complete optimization
process, as well as the results obtained for the Pareto-front.

The use of OCSVM can provide good results if the appropriate parameters are
chosen. Otherwise, the TAR can decrease substantially. This behavior needs to be
further investigated using di�erent feature extraction methods and compared to
the results using di�erent-sized datasets. On the other hand, LOF proved to be
a robust classi�er for creating an EEG-based biometric system, especially using
DWT-based features with the ball tree or k-d tree algorithms and two to four
neighbors. In the future, it will be evaluated to determine whether solving the
problems related to EMD (best spline, end e�ects, mode mixing, etc.) can improve
the results presented in this study.

Comparing the results presented in Figs. 5.9, 5.13 and 5.17, it is evident that the
use of LOF allowed localization of the potentially most relevant area for choosing
a possible set of channels, which will require further investigation in the future.
It is noteworthy that the channel distribution did not substantially vary
whether the eyes were open or closed in the resting state.

The localization of most of the relevant channels, i.e., the channels that were
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found in most of the sets, was mainly centered around channels F5, T8, T10, and
IZ, and as shown in Fig. 5.13, it was clearer for the resting-state with the eyes
open. In general, most of the channels are localized in the temporal and frontal
areas, as well as around the inion, which may be associated with the previous task
performed during the data collection. This is an aspect that must be tested using
other datasets [301–303].

One of the purposes of this study was to prove that the resting-state can be used
as a paradigm to create a biometric system in large datasets. A set of experiments
was provided in which high-density EEG data was available for the training and
testing stages, but for real-time implementation of a biometric system, only a
few of the best channels will be selected for designing a new portable headset
tailored for this purpose. With the set of experiments and the methods tested for
classi�cation and optimization, a proof-of-concept for a biometric system based
on the resting-state was provided using a small number of electrodes using a
pool with a large number of subjects (109 subjects) versus previous studies using
smaller datasets.

However, the current results do show whether or not there is a unique subset
of EEG channels or brain regions that works better for creating a biometric system
using the resting-state. This study lays the groundwork for pursuing further
research into the analysis of various public and private datasets to identify a
unique subset of channels that can be used in the design of a new portable and
easy-to-use EEG headset that can be tested in real-time, adding new subjects to
the system and identifying them using only a few electrodes.

The progress in subject identi�cation using EEG signals from various
paradigms has been remarkable in the last several years, but one of the most
relevant unsolved problems is the fact that the new approaches have all been
tested and validated using EEG datasets recorded in well-controlled environments
[296, 304]. Most of the studies using high-density EEG signals were recorded
with medical-grade sensor systems (using a gel or saline solution for improving
conductivity), which may increase the performance of the methods. However,
ease-of-use will be essential for practical and portable devices and dry electrodes
may o�er certain opportunities [304, 305]. In general, analysis and validation in
real-life scenarios is necessary. In this context, the best and fastest methods will
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be studied in a more realistic way and the appropriate and necessary number of
trials per subject will be considered [173].

For certain BCI applications, the problem of recognizing new instances from
new sessions has been studied using EEG data from di�erent sessions or adding
new instances for calibration. In the case of session-to-session or subject-to-subject
transfer, the learning problem has been studied using LDA and SVM, based on
motor imagery or P300 paradigms [148, 306–309]. To adapt the EEG feature space
and thus reduce session-to-session variability, a data-space adaptation method
based on the Kullback-Leibler divergence criterion (also called relative entropy)
can be used, aiming to minimize the distribution of di�erences from the training
session to a di�erent session [307]. There is evidence that for certain BCIs, it is
possible to use background noise immediately before a new session to improve
session-to-session variability using a regularized spatio-temporal �lter [308].

The dataset used in the second approach consists of EEG signals from a single
session (see Section 5.5), which limits the experimental con�gurations and does
not allow evaluation of whether one can create models for each subject from a
certain session and be able to recognize the subjects or reject them using data
from another session. Future steps will be focused on tackling this problem by
analyzing possible ways to use new correctly-classi�ed instances to decrease
session-to-session variability, data augmentation techniques, as well as using and
comparing current progress in transfer learning using machine-/deep-learning
methods to address this problem [282, 309].

Another point to be analyzed in future work is to develop new ways to extract
and select the features to improve the TRR and TAR. This can be achieved using
a big bag-of-features from the di�erent sub-bands (possibly from both the
EMD and DWT methods) and by adding additional GA genes to represent
such features in the chromosomes and thus select the best features during
the optimization process, at the same time as selection of the best channels.

In general, the resting-state has been shown to be a good candidate but
there is not yet su�cient research evidence using larger datasets and di�erent
stages. Future e�orts will be focused on relevant parameters that can be extracted
from the EEG signals of each subject and thus add information for the complete
authentication and veri�cation process, such as re-evaluating the accepted subject
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using multi-class classi�cation, detecting the age-range and sex of the subjects,
etcetera [86].

This research has been focused towards a portable (non-invasive) wireless low-
density EEG system for various applications that can help the subject-identi�cation
process by providing EEG information from di�erent channel combinations using
a movable sensor [57, 173]. Following the results found in this work and the
proposed experiments, the possibility of a �xed or movable electrode version of
a new EEG headset that incorporates the best results obtained in this thesis for
subject identi�cation and authentication will be evaluated.
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Chapter 6

Conclusions and future work

In this Chapter, an overview of the achieved results in comparison with the

objectives of the thesis formulated in Section 1.2 is provided and their implications

for future work discussed.

6.1 Summary of findings

6.1.1 Feature extraction and channel count optimization for

epileptic seizure classi�cation

In the �rst paper related to this thesis [135], the backward-elimination algorithm
was used to reduce the number of necessary EEG channels for epileptic seizure
classi�cation and was the basis for understanding the problem and the necessary
parameters to be optimized for this task. Later, in Chapter 4 and [200] the method
for channel selection was improved using NSGA-II and proved to be robust for
epileptic-seizure classi�cation.

It was shown that SVM was the most highly-used classi�er, independently of
whether the features were extracted using the EMD-based or DWT-based method
or whether NSGA-II or NSGA-III were used for channel selection. The presented
results show that KNN was also highly used but only when the features were
extracted using the DWT.

The presented methods show that it is possible to classify between epileptic
seizures and seizure-free instances using only one channel, obtaining accuracy
values of up to 0.97±0.05 using DWT-based features and selecting the channels
using the NSGA-III algorithm. An important �nding is that NSGA-III is able
to �nd the most relevant EEG channels with features based on DWT, selecting
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combinations with only two or three channels, obtaining accuracy values of up to
0.98 and 0.99, respectively.

The results discussed in Chapter4 and, in general, the methods implemented
for channel selection and feature extraction will enable the prediction of epileptic
seizures with low-density EEG headsets for long-term monitoring in daily life,
attaining the advantages related to channel selection described in Section 3.5.

6.1.2 Channel count optimization for EEG-based biometric

systems

This thesis has argued that EEG-based biometric systems are a good candidate for
use in authentication systems [87, 138, 173, 206, 222, 223]. The presented results
have shown that it is possible to identify subjects by their brain signals using the
methods proposed for feature extraction and classi�cation. The most important
aspect is that it is also possible to distinguish between subjects who were part of
the trained dataset from those who are intruders.

The �rst approach presented consisted of a two-stage method tested in a
dataset with 26 subjects. The �rst stage consisted of OCSVM, validating the results
with the TAR and TRR, and the second stage used multi-class classi�cation to
identify the name of the subject. This set of experiments showed that OCSVM is
sensitive to the nu and gamma parameters.

NSGA-II found channel sets of two EEG channels to obtain accuracy values
of up to 0.78, with a TAR of 0.91 and a TRR of 0.88. However, using NSGA-III, it
was possible to �nd subsets with 7, 9, 10, or 11 EEG channels to obtain accuracy
values of up to 0.99 and both a TAR and TRR of 1.00.

Several facts make it impossible to draw any �nal conclusions about the
minimum number of necessary EEG channels for a new biometric system based
on ERPs or P300, as the channel subsets di�ered depending on the number of
instances per subject, the sessions available, and the method used for feature
extraction. The sets of channels also di�ered depending on whether the NSGA-II
or NSGA-III algorithm was used for channel selection.

When the biometric system was created using the resting-state, LOF for one-
class classi�cation, and the channels selected by NSGA-III, the results were more
robust using EMD or DWT for feature extraction and a low number of EEG
channels, as the models were able to reject 108 subjects.
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The results obtained with EEG signals while the subjects had their eyes open
show that it is possible to obtain a TAR of up to 0.993±0.01 and a TRR of 0.941±0.002
using two or three channels with DWT-based features.

From the results presented in Chapter 5, it is possible to argue that LOF proved
to be a robust classi�er for creating an EEG-based biometric system, especially
using DWT-based features with the ball tree or k-d tree algorithms and two to
four neighbors.

It is noteworthy that the subsets of channels selected by NSGA-III did not
substantially di�er whether the eyes were open or closed during the resting state,
i.e., it is possible to �nd certain relevant areas, which in this case was centred
around channels F5, T8, T10, and IZ.

It is not currently possible to argue that there is a unique set of channels
that works better for extracting features to create a biometric system using the
resting-state. This will need to be tested in a larger population and the in�uence
of the main four micro-states during the resting-state veri�ed [89, 90, 92–94].

6.2 Conclusion of the thesis contributions

The work presented in this thesis consisted of a method for decomposing EEG
signals into di�erent sub-bands using EMD or DWT, followed by the extraction of
four features: the Teager and instantaneous energy distributions and the Higuchi

and Petrosian fractal dimensions. With these features, the EEG signal segment
corresponding to the resting-state, P300 response, or epileptic seizures, as well
as seizure-free periods, are successfully represented. Thus, the proposed method
has been presented as a robust method for extracting information from EEG
signals and thus represents the events of interest in a compact form for creating
a classi�er model that can be used for classi�cation in real-time. In this context,
various classi�ers were tested, either multi-class classi�ers or one-class classi�ers,
depending on the case of the study.

Tailored experiments were performed using methods for channel reduction
(using the backward-elimination and and forward-addition greedy algorithms) and
selection [86, 87, 135, 138, 173, 200, 206, 206, 223]. However, for the experiments
presented in this thesis, the backward-elimination algorithm was only brie�y used.
Most of the experiments for channel selection were carried out using NSGA-based
algorithms, especially NSGA-III.
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In the �rst approaches using NSGA, certain important features for the
classi�ers were optimized by adding genes with only two possible values, 0 or
1. However, the possible values that can be generated by these combinations
are reduced. Thus, the parameters to be optimized were later represented using
decimal values. An example is the optimization of the nu and gamma parameters
of OCSVM, in which both genes were de�ned using decimal values. However, in
other cases, the range of possible values for the genes was de�ned as an interval
to select the number of neighbors for the LOF classi�er. Thus, the chromosome
representation for the optimization process is reduced and the interpretation of the
results made easier. in addition, the possible values of these genes better represent
the problem.

A method that showed good performance was presented in two di�erent
case studies, thus contributing to the idea that a general method for EEG signal
processing and feature extraction can be proposed. This thesis focused on case

study 1, in which it was shown that the classi�cation of epileptic seizures is
possible, even when using a reduced array of EEG channels, and case study 2, in
which various experiments were presented comparing methods and approaches
for creating a biometric system using EEG signals.

The method for representing the EEG channels, as well as important
parameters for the classi�ers, were shown to be robust for selecting the most
important source of information in the classi�cation process. With these results,
it appears to be possible to work with a small array of non-invasive EEG sensors
for di�erent classi�cation problems using brain signals. This is important, as
this could contribute to a reduction in the current size of EEG headsets and
caps for portability, thus increasing the classi�cation performance by using only
the important information related to the task and widening the spectrum of
applications using brain signals.

The results presented and the ideas discussed support the objective of channel
selection presented in Section 3.5. Importantly, they will also help to reduce
the preparation time for using an EEG headset and help to achieve a low-power
hardware design.

Some of the proposed work has already been carried out on di�erent EEG signal
classi�cation tasks. For example, a similar process was used in a Master’s degree
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theses [310–312] and the same process for feature extraction and classi�cation of
the response to RGB color exposure [313–315]. The process for channel selection
using NSGA-II was also used for source localization, reducing the number of
EEG channels from 231 to less than 10, while obtaining similar localization errors
[316]. This shows that the method can be adapted to di�erent problems with the
same objective of reducing the number of necessary EEG channels for diverse BCI
applications.

6.3 Future work

For the �rst case study, the multi-class classi�er used was selected by �rst testing
all the classi�ers and performing iterations between a set of parameters, i.e.,
SVM was tested with the linear, RBF, sigmoid and polynomial. However, all
possible parameters for the classi�ers will be represented in the same chromosome
representation in future work, as for the channels. Thus, a set of the best
parameters for epileptic-seizure classi�cation will be ensured, as for the case
of EEG-based biometric systems.

As discussed in Chapter 5, the EEG-based biometric system can be modi�ed
to include more stages, in which, for example, the age of the subject, their sex,
stress level, and other important descriptors can be identi�ed [86]. By doing this,
intruder detection will be easier to handle and the biometric system more robust
to manage a larger number of subjects in the database.

Future studies will therefore be focused on: 1) improving the proposal for
the biometric system and validating it using a larger dataset with EEG signals
from di�erent sessions on the same day and 2) using larger datasets from di�erent
days. 3) The proposed biometric system must manage the problem of reducing
the number of channels for real-time use, as well as for portability and comfort.
However, it must be able to train a model for recognizing the subjects with just
a few instances, as in �ngerprint and face-recognition systems. In this context,
another important problem that must be tackled, which is also important for most
BCI applications, is related to data augmentation. Collecting a few EEG instances
and then creating arti�cial instances with information from the collected signal
will increase the feasibility of the biometric system. Thus, this proposal will be
more competitive with current biometric systems.

Data augmentation methods will be proposed in an attempt to solve this
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problem and will also help in the transfer learning problem related to epileptic
seizure classi�cation. 4) In the case of epilepsy, the machine-learning models must
be able to recognize the seizures of new subjects in the database, without adding
any seizure data, but by �rst testing whether it is improved by adding instances
from the new subject to be analyzed, as well as adding new arti�cial instances for
increasing the performance of the models.

The dataset used in the second approach of case study 2 consists of EEG
signals from a single session (see Section 5.5), which limits the experimental
con�gurations and does not allow evaluation of whether one can create models
for each subject from a certain session and be able to recognize the subjects or
reject them using data from another session.

Future steps will be focused on tackling this problem and analyzing a
possible way to use new correctly-classi�ed instances to decrease session-to-
session variability, data augmentation techniques, and comparing current progress
in transfer learning, using machine-/deep-learning methods for this problem
[282, 309].

The use of deep-learning techniques for real-time applications in EEG is still a
challenge, due to the normally high computational cost. However, an interesting
future study is related to the use of auto-encoders for one-class classi�cation and
will compare their performance to that of LOF and OCSVM [317].

The use of ever-larger datasets (i.e., a larger number of subjects) is still
necessary using EEG data from di�erent sessions and of di�erent lengths, as
well as considering fewer instances for training for both studying epileptic-seizure
classi�cation and creating a biometric system. Additionally, whether solving the
problems related to EMD (best spline, end e�ects, mode mixing, etc.) or using
di�erent EMD-based algorithms, such as multivariate EMD (MEMD) [318] or
Adaptive EMD (AEMD) [319], etc., can improve the results presented in both study
cases will be evaluated.

As mentioned in Section 3.5, various approaches for channel selection
in motor imagery classi�cation have been proposed, but there has been no
evaluation between all these techniques to identify a set of EEG channels
[172, 174, 176, 179, 188, 196, 198, 199]. Therefore, future e�orts will also focus on
testing the various approaches for the classi�cation of motor imagery and the



6.3. Future work 129

selection of channels to compare them with the methods proposed in this thesis.
The energy and fractal features extracted from the sub-bands obtained after

applying DWT or EMD were shown to be useful and robust across experimental
setups and for both study cases. However, as mentioned in the discussion of
Chapter 5, future work will include selection of the best subset of features by
including it during the optimization process (which could be by using a big bag-
of-features). This wold make it possible to verify whether this set is still the best
for these and new EEG-based applications and whether there are new features
capable of extracting useful patterns from EEG signals.

Future e�orts will also be focused on feature selection by using NSGA-
III or recent proposals in multi-objective optimization, such as multi-objective
evolutionary algorithms based on decomposition (MOEA/D) [320]. These could
be used to select the best levels of decomposition from DWT or the best IMFs
from EMD by selecting the best subsets of features while reducing the number
of required EEG channels, which could be for epileptic-seizure classi�cation and
prediction, improving the biometric system, or for a di�erent task associated with
EEG signal analysis.

Towards �nding a unique set of channels for EEG signal processing, it will be
necessary to test whether it is possible to force NSGA-based (especially NSGA-III)
or MOEA/D-based algorithms to select a single array of EEG channels by running
di�erent folds in parallel while using the same chromosome for selecting the
channels and the necessary parameters for one-class or multi-class classi�cation.

Future studies will focus on all these relevant aspects, involving the
optimization of multiple parameters related to feature extraction and machine-
learning methods by using discrete values for representing the chromosomes, as
carried out in the second approach of biometric systems presented in Section 5.5,
and not only as a binary sequence.
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