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Abstract

Brain-Computer Interface (BCI) represents the communication between the brain and a computer, which
miay be used o read amd Interpret the electrical activity of the brain through signal prooessing and machine
learning. Such communication offers a great gamma of possibilities for the medical research, for example
the development of neuroprosthetics controlled by mator imagery, wheelchalr control and virtual spelling,
The brain’s activity can be obtained from invasive — based on surgery for the electrode’s placement = or
non-invasive methods, e.g. Electroencephalogram {EEG), functional Magnetic Besonance Imaging [fIRI),
Pagnetoencephalography (MEG) and Mear-Infrared Spectroscopy (MIRS). For the EFG experiments, on
which the current work focuses, two important phases of data collection are performed. The first is for the
classifier's learning (calibration phase), while the sacond is carried owt in order to evaluzte the classification
performance during an online test with visual feedback (testing]. The signal processing area has been
widely explored and currently presents innumerous combinations of approaches regarding feature
extraction through femporal and spatial filvers, classification technigues and outliers removal. These
techniques are focused on improving the BO classification performance in order to assure a better
reliability of the BCI-based devices. This repoet elucidates a novel method for the pre-processing of the EEG
eveni-related [(delsynchronization (ERS/ERD) features that results in an increase of the BCEs final
classification performance when combined with Commaon Spatial Patterns [{5P) spatial filters. Moreover,
the current work will also ilustrate how this method showed 1o be efficient for diverse machine signal
processing choices, e.g. the number of CSP filters per class and the usage of shrinkage covariance matrix,







Resumo *

A interface cérebro-maquina reprasenta a comunicaglo entré o cérebro @ um computador, que pode ser
utilizado para ler e interpretar a atividade elica do cérebro através de técnicas de processamento de
sinais e aprendizagem de maquina, Tal comunicag@o oferece um grande gama de possibilidades para a
pesquisa medica; por exemplo: desenvelvimento de neuroproteses controladas através do pensamente,
controle de cadeira de rodas e soletragBo wvirtual, A atividade do cérebro pode ser obtida através de
métodos invasivos, baseados em cirurgia para posicionar os eletrodos internamente; ou através dagueles
nao-invasivos, coma por exemplo o eletroencefalograma (EEG), a resondncia magnética funcional (fMRL, a
magnetoencefalografia {MEG] & espectroscopia no infravermelhe préximo {NIRS). Para os experimentos
feitos com EEG, objeto de estudo deste trabalho, existem duas fases fundamentais para a obtenc3o dos
dados. A primeira, chamada "calibracda”, compreende o aprendizado do classificador; enguanto a segunda
@ foita para avaliar a performance do classificador durante um teste com presenca de feedback visual para
o individuo, Técnicas de processamento de sinais @ foram muito investigadas por diversos grupos de
pesquisa e, par isso, diversas abordagens sao atualmente disponiveis para a extracao de features do sinal
EEG, além de métodos de classificacdn e remocdo de outliers, Fssas técnicas buscam o aumento da
performance de classificac3o de um sisterma BC), para que se possa obter uma malor seguranca no use de
tais dispositivos. Este trabalhe expde um novo método de pré-processamento dos features de EEG
relacionados com a [de)sincronizagdo relacionada a evento (ERS/ERD). A aplicacdo deste método, quando
associado aos filtros espaciais Common Spodtiol Potterns [CSP), produr um considerdvel aumento da
performance final. Além disso, a eficicia deste método também serd Investigada para outros métodos de

aprendizagem de maquina, por exemploe com um diferente ndmero de filtros utilizados para o C5P ou a
eslima de matriz de covariancias de encolhimento {shrinkoge covarionce matrix|.

* Mo Apéndice B deste relatorio, encontra-se um resumo estendsdo de treze paginas em Parfugods,
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1. Introduction

1.1 What is a BCI?

Brain-Computer Interface (BCI) represents the communication between the brain and a computer that may
be used 1o interpret the real-time activity of the brain through signal processing and machine learning.
such communication offers a great gamma of possibilities for the medical focused research, for example
the development of prosthetics controlled by motor imagery [1, 2, 3], wheelchair contrel [4, 5, &), and
virtual spelling (7, 8]. These applications are all based on the understanding of the subject’s intention
through BEI and, when effective, could represent a great improvement on the daily life of a person who has
logt the movement of an upper and/or a lower limb; and including patients with eg. armyotrophic lateral
sclerosis, whose communication could be facilitated by online interaction through such virtual spelfers.

Moreaver, BCls can aiso be applied into other contexts, e.g. internet browsing by paralyzed patients [9, 10],
composition and performance of music [11), exploration of a virtual environment [12] and games playing
[13, 14]. The employment of BCIs on these areas also represents a better insertion of eg. spinal cord
injured patients on every kind of activity, in which they could use their intention to conduct and control the
cofresponding machine that will act in the place of their limb, Howewver, unlike the limb prasthetic contral,
these operations are not necessarily basad on the motor imagery. The intention of the subject can be
decoded for example from the direction of the gaze and its corresponding intensity, translated on the
amplitude of the EEG [15],

Furthermore the BCl measure and control of the subject’s affective and cognitive state can provide 1o the
camputer further information about attention, ariety, pleasure and frustration; offering a further controd
regarding the current task load [16). Within the measure of affective states, a BC! can be projected for
games applicatiens [17] and for the control of hearing-neuroprosthetics [18], More recently, some groups
have also worked on the prediction of emergency braking situations during simulated driving [19], which
may represent a novel technology to decrease the number of car accidents in tha future.

As It has been previously exposed, the uze of BCls may stand for » great enhancement on the daily life of
patients with diverse kinds of disorders, such as spinal cord injury, amyotrophic lateral sclerosis, and
hearing problems. Mevertheless, such approach still presents varipus difficulties to its Implementation,
related to each element af the BCI system closed loop (when there is a feedback to the subject: figure 1.1).
These challenges will be exposed and further explained along the next topics of this chapuer.

Braln achvity Feature | BCIl-basied

measurement . Exlraction * AAaslleRIon : Appli<aton
Vigual
Subject - Feedback

Figure 1.1; & general scheme of the stages on brain-computer interface (BCI). After the classification block,
there is the possibility of o visual feedback to the subject [online phase, see section 1.2) that can facilitate
the succeeding modulation of the brain activity (e g. motor imagery, emaotional states) towards the desired
result,

15




1.2 Signal measurement

One of the major issues on the feasibility of BC is the signal measurement, the first step to be performed.
The brain’s activity can be obtained by invasive - based on surgery for the electrode’s placement — or nan-
invasive methods, e.g. Electroencephalogram (EEG), functional Magnetic Resonance Imaging (FMRI,
Magnetoencephalography [MEG) and Near-Infrared Spectroscopy [NIRS). Each approach has its advantages
and disadvantages, which will be surnmarized below along with the methods general operation.

Invasiy LS

The Invasive methods regarding BCI are divided into two different approaches: microelectrodes and
electrocorticography (ECoG), with the common characteristic of being both implanted throegh surgery.

i Microelectrodes

Microelectrodes are electrodes whose width usually is lower than 100pm and that are used to monitor the
activity at the microscopic level, where the signals measured can represent the potentials of a single
neurcn or the activity of a local population of neurons, alse measured in the cortex. Therefore, this
approach has the advantage of a high resolution on the recording of neuren activity, which is translated
into a higher accuracy for the BCI concerning the interpretation of the subject’s intention or affective state.
However, It presents, besides the greal sergery risks the patient must undergo, also the long-term
problems regarding the stability of the electrodes position and the arise of tissue around the electrode dus
1o the scarring processes, which results ona decrease of the signal-to-noise ratio (SNR). Another point to be
depicted about this technigue concerns the current possibility of applications, which are limited to non-
human animals, or human patients who consent to be subjected to it. There are some research groups
working on this approach and that have also reported improvements on it [20, 21, 22].

i) Electrocortigoraphy (ECoG)

Electrocorticography is based on the recording of electrical signals that are normally acquired under the
dura matter. Unlike the microelectrodes, the signals are obtained from a great area of the brain and
spatially averaged. It represents a middle-term invasive technigue, standing between the microelectrodes
and the non-invasive methods. It is depicted ag a choice to attenuate the risks and stability problems
presented by the microelectrodes. Moreover, in comparison to the EEG, it has to a better spatial resclution
and a lower influence of envirohmental noise, because it & placed under the patient’s skull, resulting in a
greater SNR. Nanetheless, considering It is invasive, there are still surgery risks for the patient, including
tissue damage and consequent infection. ECoG-based BC| research [23, 24, 25, 26] is realized with epileptic
patients that had previously underwent the placement of electrodes onto their cortex surface in order to
localize the epileptic focus.

Mom-invasive techniques

The non-invasive methaods for BCI can be divided into twe different groups namely imaging technlgues and
electrophysiological technigues. The first group is formed by functional Magnetic Resonance Imaging [TV
and MNear-Infrared Spectroscopy [NIRS), while the second consists of Magnetoencephalography (MEG) and
Electroencephalogram (EEG).

16




i) functional Magnetic Resonance Imaging {FRARI)

In order to map the newral activity, Le, the subject’s motor imagery or cognitive state, the fMRI uses the
blood oxygenation level dependent (BOLD) change, which translates into images the task that the subject is
performing. For the particular BCI application with online feedback, the real-time technique is used; which
allows the concurrent acquisition and visualization of the images. Since this approach is based on magnetic
technigues, it requires an isolated room and a large equipment to generate the magnetic field, and
therefore may not be feasible for the traditional BC! applications, such some of those described on (1.1)
that demand a portable system. Nevertheless, concerning the affective and cognitive states of the brain,
this method may expand the applications frontiers due to its Imaging visualization and high spatial
resplution. Some studies evaluated the possibilities of fMRI employment in the BO context [27, 28]
Furthermaore, in the literature, there are also reviews covering the decoding of mental states obtained with
fMRI and the exploitation for self-regulation and the control of emotion disorders and pain [29, 30],

TH Mear-Infraread Spectroscopy (MIRS)

MIRS measures also rely an the contrast caused by the level of blood oxygenation in different areas of the
brain. Although, this recent studied method for BO presents the advantages of do not depend on mzenetic
sources to create the images, which means the independence of shielded rooms and of large and costly
equipments. The NIRS devices are actually portable and with comperable costs 1o the EEG, since the
changes are measured with optical recording devices. However, they represent 2 decrease on the spatial
and temporal resolution. The major drawback of its application relies on the consequent BOI dassification
petformance, which reflacts the limited transfer rate of information caused by the hemodynamic latengy of
change. Therefore, the final accuracy is still reduced compared to the EEG approach, which presents some
similar advantages of usage. Nonetheless, diverse research proups are highly encouraged by this new
technique for BCI applications [31, 32, 33, 34].

il mMagnetoencephalography (MEG)

MEG meazures the magnetic fields induced by electrical current that is flowing normally on the brain, in
particular resulted from ions flowing along the synapses connections. It represents an independence from a
fusther magnetic field application as seen on the TMRI method. Nevertheless, it requires a huge coil with
various magnameters in order to read the weak magnetic signals generated on the brain. Moreover it is
also necessary to perform the experiments on 2 completely magnetically shielded room, in order to isolate
il from external magnetic sources, comprising the Earth’s field. The advantages are the noninvasiweness,
higher temporal resolution than the imaging technigues and higher spatial resolution than the FFG.
Tharefare, in spite of the constraint 1o 2 shielded room, it is a promizsing method and its viability an the BCI
field has been studied by several groups [35, 36]. In addition, a new development regarding the equipment
stale has been recently reported [37],

i} Electroencephalogram (EEG)

EEG is the measurement technigue still most used for BCI, due to its noninvasiveness and nexpensive
experiments; which are characterized by high temporal resolution. Regarding the spatial resolution, there
are problems resulting from the external placement of the electrodes, which lay on the scalp (figure 1.2).
Mevertheless, as it will be exposed on the next section, various signal processing techniques grant the
viability of such method through Inverse methods, consisting of spatial filters to identify the sources of the
signal obtained In each electrode,
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Another problem concerns the attenuation of the signal registered by the electrodes, given by the great
distance from their sources. Te solve it, the EEG-based BC| experiments require a preparation phase based
on the introduction of gel, which will be the interface between the scalp and the electrode, atbenuating its

high impedance. Considering a cap with approximately 70 electrodes, this process will probably take 30
minutes to ba done. It may be tolerable when the application s performed on a laboratory for research

purposes; but is out of question for practical contexts, eg. for the identification of emergency braking
situations when driving a car (section 1.1), since nobody would like to spend half an hour to prepare its cap
before driving a car.

For this reason, efforts have been done towards the possibility of replacement for dry electrodes [38].
Recently, an encouraging comparison between gel and dry electrodes for spelling with a BCI based on P300
has been published, for that is reported a similar performance resulting from the wsage of gold-coated pins
in each electrode besides further signal amplification [39]. Still there are other challenges to be faced on
the EEG-based BCI [40]. S5ome of them may be handled through machine learning technigues that will be
exposed along this report, including the novel method proposed.

Figure 1.2; Cap with b2 electrodes positioned over the author's scaip for an EEG experiment.

The choice of what techaique that one should use for a BO approach as exposed above is neither unigque
nor limear, It depends mainly on the final purpose, lLe. the application one wants to achieve with such
approach. Moredver, it may be a personal dedsion. The great amount of research reports focused on
diverse measurement methods present on literature [20-41] reflects this point. Each researcher at a
particular point may disagree with its colleagues in his preference [42] and it is not possibie to tell which
the best alternative is.

The present thesis' report will Focus particularly on the EEG-based BCIs according to the group within which
this work has been developed: the Bedin Brain-Computer interface project.

1.3 Feature definition

After defining the method that one wants to use in order to measure the brain activity, it is important to
determine which particular characteristics the searched information will contain, i. 2. there must be
something within the signal as an evidence of the corresponding activity, c.g. motor imagery performed by
the subject. Such evidence, namely feature, can be divided into three classes for the BCI employment:
event-related potential (ERP), slow cortical potential (SCP) and sensorimotor rhythm [SMR).
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Event-Related Potentials (ERP

As the name suggests, ERPs are potentials originated from seme other event, which may be external, eg. a
visual stimulus; but also internal. wWithin the BCl context, the svents of interest are those internal, because
they symbolize the execution of the task by the subject. The ERPs are time-locked with the source event;
and, due to the concurrent presence of diverse others potentials, they are hardly identified from one single
trial, Therefore, this approach requires the average over many trials in order to increase the corresponiding
signal-to-noise ratio |SNR), since the resulting average of the background activity will gradually decreass,
while the signal (feature) is always repeated. Nevertheless, averaging is not an option for BCI applications,
given its necessity of single trial classificotion, One method to solve this problem is the usage of
Independent Component Analysis (ICA) in order to demix the signals read by each electrode [43],

Some ERPs techniques studied on the B field are:

al Steady State Visually Evoked Potentials (SSVEP), in which the generated signals are a response to
light sources ascillating at different and constant frequencies. The response change is related to
which image the subject is focusing on, identified by the frequency content on the EEG. [44, 45]

b] P200 is an evoked, positive potential that is recorded approximately 300ms after the stimulus is
given. The stimuli are based on diverse images flashing randomly, and appearing only one at time,
The subject's task is to attend one of these sources, and one expects the BOI to identify it. Hence,
this approach may be used for virtual spellers, where the subject visually sefects the letters. [36, 47)

c| Error-related potentials may be evaluated on the event-related responses of the subject, i.e. when
the subject performs an erroneous trial, it will present two characterizing components, namely the
ermar negativity and error positivity. Although the first component & also wvisible on correct trials,
the last appears only on the wrong ones. Therefare the error-related potentials may be used as a
further mechanism to evaluate and consequently improve the system performance, [48, 49]

Slow Cortical Potentials [50, 51]

Aiming to amyotrophic lateral sclerosiz [ALS) patients, whose all moter newrons underge progressive
degeneration, slow cortical potentials (SCP) emerge as a possibility 1o control electronic spelling devices. In
opposition to the P300 potential that is also used for virtual spellers, the SCPs result of a seff-reguiation of
the negative and positive shifts on the EEG signal. Accordingly, within this context the selection of the
letters must follow a binary pattern. The alphabet is initially divided into two groups and then the subject
selects the group within the desired letter is present. Similarly, the select group is divided inte two new
groups of letters and the subject sefects once again the wanted one with the EEG shift regulation. This
process s repeated until the letter s finally identified, This approach has alss the possibility of a3 "go back”
opthon, which is presented when the subject rejects the corrent two possible letter sets. Therefore it offers
the possibility to go back one level, increasing the performance of the letters selection by such approach.

sensorimolor Rhythm

There are some particular bands of frequency of the signal obtained over the sensorimotor cortex that
reflect, g.g. the subject’s motor imagery, through a decrease or an increase of the comresponding bard
power. such change on the band power is the response o a vanation on synchronization of the neuronal
populations measured by the electrodes. Depending on the subject's responses, which present variahility
among subjects, one may consider either the y- (3 — 13Hz) or the B-band {15 — 30Hz], since both undergo
desynchronization effects, inorder to classify the measured signal [32, 53],
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Throughout this method, it is possible to observe a great discriminability (figure 1.2) between the rest- and
the task-related signal obtained from the electrode on the cortex area that corresponds to the chosen limb,
e.g. position CP3 for the right hand motor imagery and CP4 for the left. The diseriminability is a result from

the event-related synchronization (ERS) or desynchronization (ERD), which represent respectively an
increase or decrease of the spectral power In a given frequency band. Both ERS and ERD are frequency-
specific changes of the EEG activity.
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Figure 1.3: The event-related desynchronization (ERD) discriminability along time (ms) between left- and
right-hand moter imagery on the electrodes CP3 [left positioned) and CP4 {right). Adapted from [54].

There are two prominent advantages of this method, namely the consequently high performance expected
fraom the observed great discriminability; and the possibility to efficiently apply band-pass filters in order to
remove a considerable part of the signal that is not impartant for this application. The application of band-
pass fitters, as well as further processing methods will be explored on the next section of this chapter,

Moreover, ane may find in the literature [55] further approaches using nonlinear features, e.g. Singular
Spectral Entropy, Temporal Asymmetry and Spectral Profile.

Due to the motor imagerny context within which this thesis project Is written, the report will be focused on
the methods and techniques related to the features from the sensorimator rhythms.

1.4 Signal processing

After the kind of feature that one wants to extract from the EEG signal has been defined, one needs to
perform the extraction itself, which requires spatial and temporal signal processing in order to obtain the
features correctly corresponding to the trizls. In this section such processing techniques will be described.
However, only those that were applied to obtain the data used for the experiments along this work are
explained; since there is actually an extensive list of possibilities in this area, as for example the one
reparted after the BCI Meeting 2005 [56], which still does not represent all the methods current in usage.

Frequency Filters

Initially, the acquired signal in a given electrode holds a content of frequency greater than the necessary
considering the case of features based on sensorimator rhythms) and therefore a band-pass filter could

extract the elements of interest. It is a method often implemented as a pre-processing technique of the
EEG signal on BCI experiments.
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Digital filters are known to be stable since they do not depend on the tolerances of analog companents.,
Moreover, there is the advantage on the flexibility, which is of great importance on the BCl conlext, since
the chosen passing band may be different for each subject. It requires however an analog-to-digital
corvert, which i not a problem since most of the EEG systems currently available are actually digital.
Accordingly it necessitates alsa an antialiasing filter in ordeér to avold distortions during the AD conversion,

The sampling rate, Le. the frequency for the AD conversion, is reported at different values, It may range
from 250Hz up to LODOHz, as reported on the data sets of the IV BC| Competition [57], Its choice depends
on the application and the type of filter chosen. For example, it has been reported that, for autoregressive
filters, a higher campling rate requires a model with higher order in order to avoid distortions [58].

Examples of band-pass filters used far BOI are Kaiser window [59] and Butterworth filter [60], which is
characterized by a flal response in the passing band.

Spatial Filkers

Since the electrodes are located externally on the scalp, the recorded EFG signal also represents the activity
generatad from the surrounding area. This fact causes two problems to be solved. The first is related to the
Identificatien of the real sources of the signal. The second is associated with the frequency content. Section
1.3 has exposed the trarslation of the motor imagery from the p- and the &-band, which are present on the
sensorimotor cortex. However, the o-rhythm, located on the parieto-occipital cortex, presents similar
frequency content to the p-rhythm. It would not be a problem if we were within the context of invasive
methods of measurement, since the alfa rhythm s not located on the motor cortex, which is the target of
measurement. But within the EEG, the mixture of surrounding sources urges for the application of spatial
filters in order to correctly identify the features.

The spatial filters commaonly used for BC can be divided into two types, namely the predefined, with fixed
parameters (e.g. Laplacian) filters and the data-derived filters, e g. Principal Component Analysis (PCA),
Independent Companent Analysis [ICA] and Common Spatial Pattern {CSP), whose parameters depend on
the data presented to tham

i Laplacian Filter

The Laplacian filter theoretically is based on calculating the second derivative of the instantaneous voltage
for each electrode on the neighborhood of the current electrede of analysis. However, when applied to BCI,
such voltage (v} is obtained through the approximation of subtraction of the n nearest electrodes:

The choice of n depends an the topolagy and the number of electrodes ta he considered, i.e. how wide one
wants (o define the surrounding area of the electrode /. One may consider, e.g. the electrodes that are 3cm
distant from the central one for a small area er Bem to embrace the neighbors of the neighbars [61].

Advantages of Laplacian filter lie in the lack of constraint to a high number of recording channels and to an
elevate number of samples to achieve its expected performance [62). This dependence Is present on c.g.
C5F filters in order to avoid overfitting problems. However, as exposed before, these Tilters wark with fixed
parameters and therefare are not able to consider the particularities of the subject in order to improve its
performance

21




In the current work, although data with high number of trials (150 during calibration phase) and of channels
(from &4 to 70) were available, Laplacian filters were applied as a first pre-processing approach in order to
increase the signal-to-noise ratio [SKR) by eliminating background infarmation,

iy Common Spatial Pattern (C5P)

This data-derived method has as cutputs filters and patterns. The filters represent the columns of the
matrix that concurrently maximizes the variance of one class and minimizes the variance of the other when
multiplied by the measured signals on the electrodes. Patterns, on the other hand, have the opposite
effect: they are the rows of the matrix that can reproduce the measured signals from the fifters-am plified
brain activity. it may sound of no use to have the pattemns, since its application would mean coming back to
the non-processed signal. However, they might be wery important when visualized graphically over the
cortex, since they represent the actual distribution of the comesponding source over the scalp {figure 1.3).
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Figure 1.4: CSP pattern (left} and filter (right) scalp distribution for right-hand mator imagery. One could
cenclude that it is a right-hand imagery because of the pattern plot, where the strongest values are located
mainly on the left area of the scalp. Positive and negative figures do not differ in this context, and therefore
should be considered as having the same effect. All electrodes (channels| used for the experiment are
represented by a corresponding value within the (de-)mixing matrix and transiated into the plots abowve,
which are continuous because of an interpolation process between the points where the electrodes are.

For an ERD-based BCI, as depicted on figure 1.2, the motor imagery of a limb carresponds to the decrease
of the spectral power on the cortex, over its contralateral area; while, at the ipsilateral level, the power is
kept idle without any significant change by the thought of motion. The CSP algorithm Is focused on
amplifying such discrimination of spectral powers observed on each of the sensorimotor areas, since the
power spectral is obtained directly from the application of logarithm to the amplified variances of classes.

The basic mathematical theory behind the CSP algorithm consists of a generalized elgenvalue problem [63]
inorder to selve the following system of equations:

Wr.olw=>n
Wr.elw=/-D

In which W and D are the variables of the system, matrices with values between [0,1] that one wants to
find. | is the identity matrix; C* and C* are the estimated covariance matrices corresponding to the first
and second class. Usually in a BCI experiment within this context, the evaluation of the classifier is
performed between two dasses selected out of three [see section 3).
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A detailed mathematical explanation of the CSP algorithm is found in [64], the first paper elucidating this
approach for BCL After this publication, further implementations on this algorithm have been suggested on
literature. For example the Commaon Spatio-Spectral Pattern [CSSP) [65], which improves the information
transfer rate and consequently the final BCI dassification performance; and the stationary Common Spatial
Patterns (sCSP) [66], which regularizes the CSP solution towards stationary subspaces in order to make it
invariant to nonstationarities (responsible for performance decrease) present on the EEG signal.

1.5 Classification

Once the features have been extracted, i.e. after applying the logarithm to the trials whose variances have
been maximized (first class) and minimized (second clags) by the CSP filtars application, they need to be
classified as belonging to one or to the other class. It comes therefore to the next step on the BCI system,
which is the elassification block. But in order to have an efficient classifier, it has to be initially trained,

Within the EEG measurement context, the experiments are divided into two phases: calibration {afffing,
whire the subject is asked to perform different tasks, for example to imagine the movement of laft hand,
right hand and feet; and the phase with feedback (online), where the subject has to once again perform
some tasks, but with feedback, ie. he has the chance to regularize his mental states in order to achieve the
desired BCloutput {see section 3 for a detailed explanation aver the BBCI experiments).

The calibration phase is actually the one used for the classifier supervised training. For each trial performed
by the subject, the classifier receives the festure extracted by its EEG signal thraugh the signal processing
methods previously explained, and the corresponding label for this feature. Accordingly the dassifier learns
which features, for the present subject, corresponds to each of the possible tasks. During the online phase,
the resulting generalization capacity of the classifier will be svaluated,

Far the current project, two types of dassifiers have been used: Linear Discriminant Analysis (LDA) and
Suppaort Vector Maching {SYM). LDA was applied to the purpose above explained, whereas S¥M represents
the novel method of pre-processing that will be suggested (section 4) in order ta increass BCI performance

As the name suggests, LDA is a linear approach for classification. It means that the separation of the n-
dimensional space of trials is made through a linear hyperplane. For the current BCI chosen method, the
classifier is used to discriminate two different classes. This technigue consists in calculating the normal
vector wand a threshold b, which define the direction and position of the hyperplane:

flx) = sgniw.x +

The function f ahove defines whether the present unlabeled BCI features, characterized by the vector &,
belang to the first or to the second class. The final class label is therefore given from the signum function,
whose output for each feature might be +1 or -1 depending on the scalar product and the threshold value.,
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Figure 1.5; Classification boundary for a linear classifier defined by a hyperplané with normal vector w and
the threshold b. The white circles represent the trials classified as the first class, e.g. those that resulted
output +1 from the function fix), whereas the black circles represent the second class.

The fipure 1.5 may be seen from twa different points of view, The first is based on the online phase, whers
the hyperplane has been previously defined and therefore the fix] is used to dassify the trials collected, The
other point is from the calibration phase, in which the inverse approach is done, The labels of the trials are
known and one wants to find the optimal classification boundary, Le. estimate the parameters w and b,
that linearly separate: the classes.

LOA computes (w, b] maximizing the average marging where margin s the minimal distance between a
single trial and the created hyperplane, Firstly, it assumes that the trials are equally distributed into two
classes as Gaussians with the same covariance when projected in the direction of w, which is done to
reduce the high features dimension.

The optimal classifier is the one resulting in the largest distance between the means of projpected trals,
Each mean corresponds 10 one class. Moreover, the variance of each class in the projected direction is also
expected to be small, in order to puarantee the separability of the trials. [figure 1.6}
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Figure 1.6: LDA projection of the two classes along the direction of the optimal vector w, resubting on
corrgsponding Gaussians with maximal means and minimal vardances, in order to guarantes the class
separability desired for the dassilier. The white circkes represent the samples camresponding 1o one class,
whereas the black circles correspond to the other class.

A detailed mathematical description of the Linear Discriminant Anabysis can be found in |67], which is a
book available on the Stanford University webpage [as it was checked on the 5 of June, 2012).

24




2. Dutfiers on BC1

2.1 Introduction

The effectiveness of a LDA classification is based on the discrimination of the trials that belong to each
class. As explained In section 1.5, it is based on estimating the best direction to project the Gaussian
distribution corresponding to each class. Accordingly, the optimal class separation is performed through
the maximal mean and minimal variance of these distributions. For a pure task-related EEG data collection,
it should not be a problem to obtain such optimal separation. However, the presence of outliers among the
coliected trials is commaonly observed. Depending to the quantity and position of such outliers on the trials
space, they can change drastically the final, i.e. after learning, LDA classifier properties (figure 2.1), resulting
on a bad BCI performance during the feedback phase.

Figure 2.1: Influence of the presence of outliers among the samples. At left, the original distribution of the
pure, task-related EEG samples. At right, four cutliers {red cirdles) have been added. The outliers belong to
the class represented by the white circles. Accordingly the optimal vector w direction changed in order to
keep the maximal mean and minimal variance of the projected Gaussian, which resulted in a spatially
approximation between the classes and consequently a decrease on the separabifity between them.

Therefore outliers on BO are defined a= samples that do not correspond to the actual aimed trials to be
interpreted. In the context of the present work, outliers are any kind of trial whese characteristic differs
from the actual ERD/ERS features from the EEG signal, what is translated into a notable decrease of the BCI
performance.

Moregver, such outliers, besides representing a problem for the LDA dassification process on a Bl system,
can also strongly affect the calculation of the optimal CSP filters and patterns. It may occur since the CSP
algorithm is based on the estimation of the covariance matrices representing the two classes. And the great
sensitivity of the covariance matrix estimation has already been reported as correlated to the presence of
cutliers (58],

2.2 Outliers sources

For the EEG measuraments, there are several sources of outliers, which can be divided Into Internal and
external sources, i.e. artifacts generated respectively physiologically or not.

The external artifacts may be related to the interference of power-line, centered on 50 or 80Hz, depending
on the country where the experiment s performed; detachment or elevated pressure of electrodes [69];
and changes in electrode impedance, caused by eg. slight movements that change the area of contact.
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However, the non-physiological artifacts are usually not a problem for BCI experiments. Concerning the
influence of the noise from power-line, the related frequency is actually eliminated during the signal
processing phase through frequency band-pass filters, as axposed on section 1.4. The ather protlems are
avoided through an extra attention of the person who is running the experment summed with the fact that
the cap is firmly fixed over the subject’s head and also tightly held around the chest [see figure 1.2}

Among the internal sources of outliers on EEG, those regarding BC are reported as being mainly the
oculogenic and myogenic potentials [70, 71]. The electrooculographic [EOG) activity 5 related to the
movement of the eyes and the eyelids (e.g. an eveblink), both resulting in an alteration of the electrical
field to be registered by the closest electrodes, ie. over the anterior head regions. Electromyographic
(EMG] activity is subject of movement of the muscles, e.g. of the head, jaw, tongue and cranial muscles.
Even though the patient is told to stand still, when he is confronted by difficult tasks, there is the possibility
of non-intentional facial movement as an emetional reaction to them [72, 73]

EQG presents its spectral peak a1 frequencies below AHz and the EMG's is higher than 30Hz, which means
koth are out of the range of the bands of interest (mu and beta) that are approximately between B-30H:,
Mevertheless, both activities are actually characterized by & wide frequency range [71], resulting on a direct
noisy influence on the ERD/ERS features,

Althaugh EOG and EMG are the most studied physiological artifacts om BCI, there are also other possible
sources, such as the rhiythm activity of the heart beats |Electrocardiography] and respiration movements;
besidas the possibility of sweat presence which could lead to a change on the interface electrodes-scalp
impedance [74]. The last problem may be present e.g. atter a common long-sessian BCI experiment.

Additionally, there are some outliers not reported from dinical EEG acquisitions, but in particular for BCI
experiments. They ocour when the subject does not manage to perform the current task on the calibration
phase. It may happen for example due to lack of attention either when the subject is bored after a long
repetition of tasks, or caused by simple distraction for several reasons. Usually when the experiment is
running, other persons present in the room are advised neither to talk nor ko make any kind of nolse,

2.3 Artifacts handling

In order to avoid the problemns pressnted on section 2.1, there must be some approach within the BCI
techniques ta eliminate the prejudicial effects of the outliers’ presence. The first method to handle the
artifacts is based on the instruction of the subjects before the experiment is parformed. For example, it is
asked not to move or close the eyves while a trial is being collected [see section 3 for experimental setup), in
order to avoid the EOG artifacts. However, the previous teaching alone is not enough to have a set of data
exemnpt of outliers. It is not possible either to avoid other Involuntary sources such as facial and cranial
muscles movement (EMG), or to control the respiratory movements and heart beats. Moreower, the subject
attempt to contral his eye’s movements may be a new source of outlier, since it is another cognitive task 1o
be performed [75, 76].

A szcond method, which may be used to complement the first one, Is based on artifact samples removal. it
can be performed through manual or autematic techniques. Manual ones depend on an expert’s decision,
while automatics are based on machine learming methods that run autonaomoushy.
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] hanual methods

One alternative for manual technique is grounded on Independent Component Analysis [ICA} [77]. Similarly
to the C5P technigue (see section 1.4), ICA is a spatial filter method that attempis to separate the signals
from different sources. However, it depends on the assumption that such sources are linearly mixed and
independent of each ather along the tima, since this approach consists in separating the EEG signal into
independent directions. After the signals have been separated, one may manually isclate the components
preduced by EDG artifact activity and then reconstruct the EEG with the clean dats [T8]

It has already been reported that ICA properly accomplishes to detect EOG artifacts on EEG data [79],
neyverthaless it was also demonstrated that its application to EEG data does not produce any irmprovemaent
when considering artifacts related to muscle ackivities [80). Moreover, given that it is a manual technigue,
depends on a turther inspection of an expert, which represents a delay between calibration and online
phasze for the BCl experiments on laboratory and also the mpossibility for daily life applications, in which all
the processes between the subject’s signal acguisition and the final BCI decision rmust be autonomous,

il Automated methods

There are several possibilities for automatic techniques on outlier detection. A first idea could be based on
applying an amplitude threshold to the EOG and EMG signal, ie, their acquisition would be needed in
parallel to the EEG collection. Through this way, whenaver an EDG/EMG sample exceeds the threshaold, the
corresponding EEG trial is avtormatically labeled {and removed, if this is the goal} as outfier. An intuitive
drawback of this approach lies on the necessity of further signals acquisition, Implying extra electrodes 10
be worn on the face, which would not be feasible for out of laboratory usages. Moreaver, it would also be
restricted to the detection of outliers caused by EQG and EMG activity.

Mostly implemented algorithms are however based oply on EEG signal acquisition. These methods can be
further divided into new three categories, namely embedded, filter and wrapper methods.

Embedded techniques are characterized by an integrated process of trials selection, i.e, the process to take
into acoount only the relevant samples and eliminating the outfiers; with the classification process, An
example of such approach ks the C4.5 algorithm [81], in which the classifier is built upon the concept of
decision tree whereas Its learning s based on information entropy. In this case, the dedsion tree is
gradually created using cnly the most relevant extracted features, symbeolizing a feature selection. On
applications far BO, works based on filters or wrappers methods are most reported. Neverthaless, there
are also attempts towards embedded technigues [82],

Filter methods, in opposition tothe embedded ones, are apart from the classification process, i means that
the feature selection based on them does not use any information about the classifier performance tor its
decision, i.e. the criterion used is inharent to the knowledge of the available features, In this direction there
are attempts wsing for example Prindpal Component Analbysis {PCA} to signal decomposition into frequency
bands, followed by a threshold application to the warlance, which translates the artifact activity [83].
another filter method is presented on [84], where it has used a Relevant Dimension Estimation (RDE) [85];
wihich is based in a kernel PCA for the signal decomposition. The work on [84] was particularly focused on
the detection of noisy-samples that do not correspond o the actual task expected 1o be performed.

Although some performance improvement was reported on these works, the filtter methods present the
drawback of not considering the classification cutput related to the feature selection, which could be useful
in order to further improve it. Wrapper methods [BE] may be an optimal approach, since they work
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between the characteristics of embedded and filter approaches, Le. they use the dassification performance
as a feedback to help on the final feature selection (figure 2.2).

The idea is to use the classifier in order to help in the selection of the best samples subset that will be used
for the actual learning of the classifier on the calibratian phase. This can be performed through a process
called cross-validation. The training data set is divided into n smaller subsets and one may use {n-1) subsets
a5 a hypothetical new training set and the n-th subset as the test to evaluate how the classifier would
perfarm, i.e. |ts final performance, when using the current parameters for the samples subset selection. Itis
an impartant step since the samples selection algorithm may be extremely sensitive to such parameters.

Feature Artifact Handling Classifier
Extraction (Wrapper Method)| ™ ®|  Leaming

3 Subset [ Cross- —plPerformance
) Selection [#—| Validation [*—{ Evaluation
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Figure 2.2: Wrapper method for feature subset selection, Such approach is used to chaose which labelad
features will be actually applied for the supervised learning of the classifier during the calibration phase.
This artifact handling consists on using the own classifier for a performance evaluation of the possible
subsets, depending on the wrapper algorithm parameters. Cross-validation divides the current subset into
n smaller subsets, from which {n-1) are used for the learning and the n-th for the performance evaluation,

An example of wrapper method for feature extraction is the Genetic Algorithm [GA) [87]. It is inspired on
the process of natural evolution, wsing similar properties such inheritance, mutation, selection and
crossover. The selection of the features subset is based on a fitness function, which in this case represents
the classifier performance. Recently some works [B8, 89] have reported improvements on the BCl final
classification when combined with such algorithms. Moreower, it has also besn reported an attempt to
combine a features subset selection with the reduction on the number of channels, both through GA [90].

The present project presents @ novel wrapper method for artifacts handling based on Support Yector
Machine (section 4). Moreover it compares (section 5] the performance results with a filter method
avdilable for the "Berlin Brain-Computer Interface™ projects; and also with the original set of features,

Swch filter method is based on removing the trials that present an excessive variance in at least 20% of the
channels used for their collection, i.e. 14 channels for the current case. Although the CSP actually tries to
increment the variance difference in order to have a better discriminability of two clasces: an excessive
variance, which is defined by a user-chosen threshold value, may actually illusirate a noise contamination
af the corresponding trial,

Therefore, the trials, whose 20% of channels presented variance over the chosen threshold, were labeled
as outliers. This method will be used for results comparison (section 5) and referred as “removetrials”.
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3. Data collection

The data applied on the current evaluation of the BCI classification performance improvement by 1-5VM as
pre-processing method and outlier detection have been previously collected for past works within the
Berlin Brain Computer Interface {BBCI) project. The original work report is found on [97].

It consists of EEG records during calibration and feedback phase, respectively corresponding to training and
test data sef, obtained from eighty BCl-naive subjects, i.e. with no previous exparience on BCI experiments.
All the subjects had to fulfill the following requirements in order to be eligible for the experiments:

i Full cantractual capacity, i.2. legal ability to enter into a contract;
1] German as mother tongue, because required psychological tests were performed in German;
iii] Absence of any neurslogical disease, since ts presence could interfere on the final results.

The subjects that took part on the experiments were by that time from 18 until 41 years old. 41 of them
[51.25%) were female, And 5% were left-handed. The last information ks reported because there might be
differences on the right/left motor imagery performed by a right- and by a left-handed subject.

In arder to avoid variability on the data, each subject performed the complete session of experiments in
the same day. Each session took from 5.5 t0 6.5 hours; and the external subjects, i.e. those whio were not
memiers of the BBCI group, were paid 8 EUR per hour,

Although the experiments to collect the data for the original study were 5o long, not all BCI experiments are

necessarily similar. it depends e_g. on the chosen configuration of electrodes and on the aumber of trials to
be performed. For instance, the author has participated on another BO experiment that lasted 2.5 houwrs.

However, the EEG data, to which the current work refers, was collected along with electromyogram (EMG)
and electroculogram (EOG), which were also needed for the original project. It resulted in a cap with 128
electrodes, whose preparation, e.g. the gel insertion in order to attenuate the input impedance (figure 3.1},
corresponded to more than one hour of the whale session.

Figure 3.1: Projection of the electrodes and their corresponding actual impedances on a monitor screen. On
left the whole scalp distribution is depicted; while on right, part of the same image zoomed In is showed.

Each circle represents an electrode positioned on the subject's scalp. It is possible to contral which is the
minimum impadance decired for all the electrodes. Whenever an electrode’s impedance reaches this value,
it becomes green on the screen. It can also appear as yellow (close 1o the desired value) or red (far from it).
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The EEG signal was collected from 68 electrodes positioned along the scalp of the subject. The technology is
based on multichannel EEG amplifiers {BrainAmp DC by Brain Products, Munich, Germany) with 119ag/AgCl
electrodes. The signal was sampled at a frequency of 1000Hz and filter band-passed from 0.05Hz to 200Hz.

3.1 Measuring phases

Initially, a section focused on EEG artifact recording is executed. The tasks presented for the subject during
this phase were to perform eye movements, eye blinking and maximum voluntary contraction of the hand.
Subsequently the participant was asked to stay relaxed for 155 with the eyes open and 15s with the eyes
closed, which was repeated five times to conclude this phase.

The second phase anteceding the calibration was focused on the observation of movements. The subject
did not need to perform any particular task, rather only watch attentively video clips showing, from a first
person perspective, the movements of left hand, right hand and feet; each one at a time,

The third phase is the calibration, in which the subject perfarms the motor imagery tasks without feedback.
It is divided on four runs, each one of 75 trials coflected. On the first run, the subject still realized the actual
movement of the limb instead of the motar imagery, while on the other three runs, the participant was
randomly asked to perform one of the three following motor imageny: either right-hand, keft-hand or feel

A trial was performed every 8s during a run. Each trial was constituted of a 2-second period of subject’s
fixation with a black cross in the center of the screen; followed by 4s of actual task performance which was
conducted by an arrow, whose direction indicated the desired movement to be imagined; and finally 2s of
blank screen that preceded the next task, For every 20 trials performed, there was a break of 15 seconds,

Moreover, between the motor imagery runs, the subject should take a virtual version of the d2-test [98] in
German — an attention test that was part of the psychological tests previously mentioned an this section,

At the end of the calibration phase, 225 motor imagery trials have been therefore collected. These trials are
uniformly distributed between the three classes: right-hand, left-hand and feet, i.e. 75 trials of each one.

s .

Figure 3.2; Trial collection on cafibration {top} and feedback |bottom) phases along the time course. The
calibration phase is characterized by a 2s preparation, 4s for task performance [in this case, the subject is
asked to perform a left-arm motor imagery) and 25 preceding the next trial. The feedback phase begins in
the stame way, but during the task performance there is an actual feedback for the subject, whao is able to
s2e the classification output for the executed motor imagery. During the feedback frame, the cross turns
purple and moves restrictedly along the screen according te the interpreted motor imagery. Depending on
the classes evaluated, It has two directions of mowvements. For example, for left-arm versus feet, the cross
can either moves down, as depicted, or left. On the last frame a correctly performed feet motor imagery is
depicted, since the cross turned black, i.e. representing the end of task execution, on the desired position.
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The fourth phase was performed with fepdback, Le. the subject could ohserve the classifier output that
cormesponded to its current task execution and therefore had the chance 1o comrect it if it was different
than the expected. It consisted of 3 runs, each one collecting 100 trials. However some subjects did not
perform all of them because either of fatigue [three subjects) or lack of time [seven subjects).

The beginning of a trial collection is similar to the calibration phase, e, for 25 3 black cross was fixed on the
center of the screen and the subject had to prepare himself for the task performance. Afterwards, the
arrow appears indicating the desired movement 10 be imagined. In this case however the task execution
wias during 5s instead of 4s. During the first second, the black cross was kept fixed: but, on the following s,
it moved according to the motar imagery concurrently interpreted by the classifier, which characterized the
feedback itself, Therefore the subject had the chance to control the cross for 4s and correct it whensver
the classifier output was different than expected. Once this stage was finished, the oross was then fixed for
2% on s final pesition, preceding the next trial measurement. it resulted on a period of 95 far each trial,

There was alzo a break of 15 seconds after every 20 trials collected. Only during this break the subject could
see the partial score of its previously performed tasks.

However three different movements are imagined during the calibration stage, on the feedback case thers
are only twa possibilities of tasks, which correspond to the two classes selected after the processed results
from the calibration, according to a cross-validation bazed estimation of the best dassification capacity.

There are three possibilities of couples of classes (1+2; 143 243) after the calibration phase and for each of
these combinations, one applies cross-validation in order 1o evaluate the final performance of the classifier.
Therefore, the couple of classes resulting on the minimum error-rate are taken for the feedback phase.

3.2 Early processing

The collected calibrakion data, besides wunderpoing the initial band-pass filter from 0.05Hz to 200HZ, s
further processed specifically for each subject, according to the characteristics presented. The original
heuristic algorithms are presented on the appendix of [63] (alporithms 1 and 2), and will be explained
hereinaiter.

] Frequency filter

Initially the band-power of every trial collected on the calibration phase, for é¢very channel used on the
gxperiment, 15 taken into account and expressed in terms of decibels, ie. the spectrogram is calculated.
However, it is done only for the band from 5 to 35Hz, which is enough to incorporate the sensorimator
rhyythms of interest (see section 1.3).

Subsequently fraquency scores are estimated for each chanael! from a matrix of correlation coefficients B
obtained from the covariance matrix C of the 3-0 channel's spectrogram, i.e. the rows are the frequencies
whereas the columns represent the trials.

Gelfi)
v EAFFICALE)

Retfol) =

The obtained stores are later summed along the channels, whose result is used 1o obtain the highest power
corresponding to frox, The subject’s band 5 finally determined considering the manimum and maximum
frequency values that correspond to 3% of the maximum band power.
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Such values are found by decreasing and increasing, respectively, the value of fmax of 1 unit per step and
comparing the power of the current frequency with the threshold of 5%. For example, if fimax = 20Hz, the
first step will take into account 19Hz and 21HMz as candidates to the lower and upper bounds of the
subject’s frequency band to be consicered for the next processing steps.

ilj Temporal filter

Although the calibration phase period designated for the task performance is fixed on four seconds, the
actual period considered 15 also sublect-dependent, The technique wtilized |5 similar to the one for the
frequency filter, while making use of correlation coefficients as scares. However, the variable used as input
in order to obtain such scores is not the spectrogram anymaore, but rather an envelape of the sample on
instant § for a given trial and a given channel. Such envelope is calculated by Hilbert transform [99] and
subseguently smoothed,

Analopously to the frequency filter, the maximum score here is also taken as reference in order to obtain
the boundaries 10, t1 of the period to be considered, whereas using the initial values both as fea (instant ¢
that corresponds to the maximum score). Nevertheless, the threshold to be respected in this case, in order
to keep changing t0 and t1, is expressed in terms of percentage of scores contained on [10,11] a3 following;

:1
witile z::-:urs{t]- < threshold = 0.8+ Ztsrnrs-[t}

tn E

Applying this technique for the calibration phaze data obtained from the B0 subjects of the original study,
the resulting period o be considered ranged from [480,2720]ms until [1700,4590]ms, with a median lengih
of 2730ms and a median period ranging from 1000ms to 3890ms.

Both methods for earlier processing of data were considered in every test of this project, i.e. every resylt
presented on the next section has, as determining factors, besides the particular situations and choices that
will be exposed, also the temporal and frequency subject-specific filtering.

3.3 “Online” phase

50 far the current section focused on earlier processing of the data generated duning the calibration phase.
The online phase, however, has to process the data concurrently to the subject’s motor imagery In order to
provide him the visual feedback. It means that all'the steps leading to the final BCI classification should be
constantly done, 50 a5 10 have a reliable and effective feedback. On the original project that collected the
data applied for this report’s work every 40ms such processing steps were realized within a sliding window
of 750ms. Theretore the feedback output, ie. the purple crogs depicted on figure 3.2, was refreshed 25
times per second while taking into account the trials recorded on the past 750ms from that moment.

Thee refresh of classilication was performed for 4s, after that the cross turned to black and its curment
pasition determined whether that trial was a successful one. The final BCI performance simply counted in
terms of percentage how many trials reached the desired task when the cross was fixed, independently of
its positions during the previows 43,

The range of final performances oliained by the orginal work was extreme vast, Le. from 30% 1o 100%.
And actually such results reflect one of the bases of comparnson for the 1-5VW method proposed in this
reporl, because the processing rmethods ermploved on the original work and on this project were almast the
same. During the calibration phase, the C5P [Commaon Spatial Pattern) filters were calculated and then
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applizd to the online stage without further adaptation; while the Linear Discriminant Analysis [LDA] was the
classification technigue chosen, Howewver, an the current project, a further pre-processing step based on
Laplacian spatial filters was used in order to reduce the background noise on the samples.

Another important difference is that the original work actually had the feedback, online phase; while the
present work, based on a so called offline method, could not profit from it. It rather used the test data that
are sgmehow conditioned ta the previous expernimental resulis,

Although am offline analysis is not ideal, it could be a first step to demonstrate the effectiveness of the
proposed methed for cutlier identification on the BCI performance improvement. Moreover, it has been
hypothesized that, if the novel method [presented on chapter 4) is able to enhance the classification of a
test data set actually correlated to other feedback conditions, It would perform even better on real-time,
online applications,
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4. Support Vector Machine (SW)

4.1 Motlvation far BCI

As mentioned on the section 1.6, Support Yector Machine (S¥M) is a method for dassification of wials. The
central concept is to find the hyperplane that madimizes the margin, i.e. the minimal distance between a
single trial and the hyperplane chasen. This idea reflects the attempt to make the classifier robust for, e.g.
the online phase classification on a BCI system. When the trials from the calibration phase are found too
close to the hyperplane, a performance decrease is expected during the feedback phase, because probably
there will be some trials classified as the second class while the subject had actually intended the first one.
Therefore the margin indicates the discriminability level of the systam.

Accordingly, SWM has alio been reported as an option of classification method for BCI systems [31, 92]. For
such scope, one generally uses the so-calied two-class Support Vector Maching (2-5VM], Le. the SVM
distributes the trials inte two, and only twa, different classes. Therefore it s assumed that every sample
available belongs to one of these two classes, which is a reasonable hypothesis since: i) the BCI systems
usually work selecting the two most discriminative classes out of the three possible; i) as it would be the
classification step, one may expect that the outliers have been already removed or penalized, e, down-
weighted with respect to the clear samples.

In this project, however, SYM has been applied as a novel method to identify artifacts on the calibration
data set. After the EEG data are collected, Laplacian filters are applied &s a first pre-processing approach in
order to increase the signal-to-noise rafio (SNR) by eliminating background information, The output from
these filters is the input for the one-class SV [1-5VM] that will perform the owtlier identification. After the
bad trials have been removed or penalized (see section 4.3), the samples are further processed through the
Commaon Spatial Pattern (C5P) method in order (o obtain the labeled, spatially reduced trials o be used on
the classification learning.

EEG Data Feature Extracton Classifier
Collection + Artifact Handling ‘ Leamning

Laplacian | ] oM b CSP
Filter | ' | Spahal Filter :

Figure 4.1: Scheme of the cafibration phaze praposied by the corrent projact. After the EEG data have baen
collected —which includes the band-pass frequency filter (see section 3}, there are three further processing
steps prior to use the features for the supervised classifier learning. NMamely, Laplacian filter in order to
attenuate the background noise; 1-5VM to identify and remove/penalize the outliers: CSP spatial filters in
order to redute the data dimensions whereas amplifying the difference (through variance} of the casses.
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The fundamental hypothesis is that the clean samples present similar spatial characteristics, even thaugh
they are distributed along 68 dimensions [number of channels used, as exposed on section 3). One could
expict the outliers to be out of the subspace delimited by the proper trials and therefore use the 1-5VM in
order to detect them. Note that the classification process is based upon The 2-S¥M, while the current
proposed method is founded on the one-class version, The basis for such cheice is that the outliers are
probably net concentrated on a single subspace. And accordingly there is no reason 1o separate the classes
inte two determined clusters, but rather identify which trials belong to the inliers cluster (one class) and
which do not, i.e. outfiers that can be found anywhere except in the subspace of the good, pure samples,

For this work, the SYWM-EM toolbox [93] has been used with some further implementations in order to
avoid high dimensionality probiems, as explained on the next section along with the mathematical details.

1.2 How it waorks

Imitially as a linear classification approach, the central idea of the Support Vector Machine is to separate
frials belonging to fwe different classes through a linear hyperplane delimited by the following equation:

Frxh = sgn{w.x + b)

The vector w is normal to the optimal hyperplane chosen, which is characterized by resulting in the largest

margin, L.e, the minimal distance between a single trial and the hyperplane. It is an optimization problem
that can be translated inta:

1
wiR beR 3 flwil®

Ten
subfect to: flxl{wx— bl =1,(fari=1,..,N)

The name "Support Vector" comes from the idea that each &, representing the i-th sample available is a
constraink to solve the lecation and angle of the optimal hyperplane,

Howrever, such hypothesized linear hyperplane is not always possible 1o be determined. There might be
some mixed trials that preclude the trace of a linear solution separating the two classes (figure 4.2).
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Figure 4.2: Comparison of linear separable {left] and non-ceparable [right} distributions of trial, Here, it is
considered on two dimensions for a better illustration of the problem. At right, the presence of a single trial
of the second dass {black circles) close to the first {white circles) renders the impossibility of creating a
linear hyperplane in order to correctly separate all the trials from the two classes.
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In order to solve this problerm, there are bwo passible approaches, The first one is proposed on [94] and s
called seft margin hyperplane, presenting the feasibility of creating a hyperplane to separate the training
set with the minimal erfor and yet with the maximal distance to the nearest sample to the hyperplane. For
that reason, this method introduces the so-called slack variables £, and a regularization parameter

i
1
L L 'i'"“'"z . EZEI

=1
subject to: y{wax,— B} =1—- &, (fori=1,...N1LE =0

The second methed, suggested an [35], is based on expanding the Support Vector Machine algorithm to a
nonlinear classification through the application of a kernel function & that replaces the previous scalar
products, The idea is to then generate the separating linear hyperplane in a transformed sample space |4

hr 5=
Ki{x, y) = < hix) hiy) >

The kernel function K may be represented by the inner product of the transformation vector h, as exposed
above. It implies that & does not need to be explicitly defined. Some kerned functions are the folkowing:

Polynomial: K(x, ¥l = {1+ < x.y >
Radial Basis: K (x,¥) = exp (—yllx — vII*
Hyperbolic tangent: K (x, %) = tanh (k; < x, v = +ky)

If the kernal used is a linear polynomial (d = 1), the resulting hyperplane on the original space § will alsa be
limear. Otherwise, for higher palynomial dimensions or different functions, it will be a nonfinear separation.

So far the current section has focused on the two classes separation problem, while the work actually
makes use of the one-ciass 3V, Nevertheless, the 1-5VM scorporates the both methods showed above,
i the use of slack variables and the space transformation through a kernel function as earlier exposed:

filx)y= sgniw.hix;) — o)

II
2
MM e gt hemser™ |"-""'|| + —Z & -

sihject to: Whixyzp— & (fori=1, . N)LE =D

The variables wand @ define the hyperplane an the transformed space V¥, while h is the function that leads
te such space and is actually defined through s inner product, e the kernel Tunction K. There is a new
parameter added into the 1-5WM equations, namely v (nu). It represents the probability, v € (0,1), of any
sample from the input training set to be an outher. In other words, it is the probability of 3 given sampie to
upergo, e influence of EMG or EOG activity [see section 2). Therefore such parameter controls the
number of outliers that the 1-5VM algonithm will retum as output.
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For the current project, a step of 0.1 on the increment of nu has been initially employed, but further tests
showed that 0.05 would be better in arder not to miss changes of performances. It has been assumed that
nu = 1.0 is not an option for this work, because it would mean that every single trial of the training set is

actually an outlier. However, nu = 0 has been considered. Therefore for each subject, 20 values of nu with
increment 0.05, v € [0, 0.95], have been considared.

Furthermore, the Gaussian (radial basis) kernel function has been used for the present work, because we
hypothesize that the clean data, i.e. the samples that are not gutliers, are distributed as a form of Gaussian
in the original space S of dimensian 68, which is the number of channels used for the EEG data collection.

Radial Basis: K{x,¥) = exp (=yllx = ¥[*)

One should determine the parameter ¥ depending on the input samples. Such parameter translates the
width or spread of the kernel. When it is too small compared 1o the features, it will attenuate the samples
difference and accordingly spoil the outliers’ identification. Likewisse, when too large, it results on a great,

overestimated distance between the samples. In order to choose the aptimal ¥, the fallowing simple code
on Matlab was implementead:

o=siza (crain, 1] :
kern = zercsi{n,nl;:

for i=l:n
far j=1:n
kern{l,J} = (Erainii,:1) - traini(3, ) p={crainii, ) - train(g::))":
e
e
kernelopricn=median {kern{:]1);

In which troin represents the samples matrix [150 x 58], i.e. it consists of 150 vectors of samples, each ane
being of 68 dimensions; and the final parameter obtained - kerneloption - represents the inversa of y.

4.3 Dutliers: remove or penalize

After the outliers have been Identified by the 1-5VM, there are two possible approaches to handle them,
l.e. either remove them completely from the training set and therefore de not use them as input for the
5P algorithm or penalize them through application of certain weights.

Although the trials may have been correctly classified as outliers, it may be a better approach not to
remove, but rather down-weight them. This idea is based on the fact that however an outlier sample
presents different characteristics than the inliers, it can still contain some useful infermation for the next
steps that lead to the final classification.

Therafore, in this work, both approaches, namely remove and penalize, have been considerad. The outliers
weighting is possible because the output of 1-5¥M is actually a vector with positive and negative values,
each one for a sample previously given as input, The positive values represent the samples that resulted to
be Inside the inlier subspace, whereas the negative values represent the outliers. Moreover, such values
are proportional to the distance of the corresponding sample from the separating boundary. Thus one idea
is to correlate welghts to the outliers proportionally to the distances retrieved as output from the 1-5WM.,




In particular sigmoid functions have been used for weighting the samples, because thair attenuation is
exponential with their input, which are the distances {d) of the trials to the 1-5¥M boundary:

Wix) = - wherex = k=d

I+ ev
instead of apphing the distance directly to the sigmoid function, a better approach is to use a multiplier in
order to control the resulting spread of the function. Initially it was thought to evaluate fived valuss of k for
every nu and every subject. Values of different orders, eg. k= 1, k=10, k= 100, k = 1000, k = 10000, were
compared, Afterwards, as the best results were centered on k = 1000, the performance was evaluated from
& = 600 until 1400 with an increment step of 200. Finally it was found that the best improvements resulted
when using k= 1200.

subsequently it was thought that a better approach would be to estimate a value of k spacifically for each
subject, The constraint to it would be that a predetermined value of d should have a chosen output Wix),

Far example, in order o guarantee Wix = k*d) = 0.01, i.e. a2 weight of 0.01 for the sample that presents
distance d ta the boundary created by the 1-5VM, one can obtain the corresponding value of k as following:

Wik d) = — =001

14 g7k
ald = =In(59) = —4.6

The predetermined value of o was thought to be obtained statistically. Given a vector v with the negative
distances corresponding to the outliers, one can apply e.g. 8 45% guantile, which roughly saying returns as
output the value d such that 45% of the values present on the vector v are lower than the resulted d. The
result is that applying the calculated &, one assures that 55% of the outliers will have, Tor this example, a
wisight between 0,01 and 0.50, while the other 45% will be weighted with values lower than 0,01,

This methad permits a better control of the resulting sigmoid function spread and therefare was applied on
the evaluation of the resulting performances. For each Matlab experdment performed, 8 different quantile
functions were applied, plus a sigmoid function with k fixed on 1200, besides a binary function that gives
output 1 for good trials and O for outliers, i.e.in order to completely remove tham

Maoreover, five of these functions (4 quantile and the one with fixed k) were not only used to penalize the
outliers, but also to give a weight to the results with positive distances, |.e. the supposed good samples, The

idea is to make the weighting process more robust to outliers that may have been mislabeled as inliers
because of their proximity to the boundary, besides ta enhance the influence of the positive features that

are located on the middle of the inliers subspace. Therefore, on the positive distances case, the more one
sample iz distant from the 1-5VM boundary, the better it is, and accordingly a higher weight is given to it
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5. Restults

This section focuses on providing the comparable results ebtained from the data set exposed on section 3.
Firstly, @ review of the data collection and processing methods employed on this work is presented below:

i Multichannel EEG measurement from BE electrodes along the subject’s scalp:

il signal is sampled at a frequency of 1000Hz and filter band-passed from 0.05Hz ta 200Hz;

i) 225 trials — 75 of each class {right-, left-hand, feet) — are collected during the calibration stage;
i) The calibration data set undergoes both time and frequency subject-specific fittering;

vl Two out of three classes are selected following an estimation of best generalization capacity;
wi ) The corresponding trials (150) are subjected to Laplacian filering to remove background noise;

wif 1-5¥0 is oppfied for the outliers identification, which ore subsequently removed or penalized;
Wi Filters and Patterns are obtained from Common Spatial Pattern [CSP], which amplifies the
differences between the two classes in terms of variances correlated to sensorimotor rhythms;

ix) Supervised learning of the Lingar Discriminant Analysis [(LDA) classifier with the C5P output;

X The test data set — 300 trials obtained from the feedback phase — are spatially processed with
the CSP filters created on (vill) and subsequently given as input to the LDA dassifier;

M) Classification sutput is compared to the test data set labels containing the expected results;

i} Final BCI performance, Le, the percentage of testing trials correcied classified, is calculated.

Along these steps, there were programming preferences to be elected and compared regarding the CSP.
The first step in order to calculate the CSP filters and patterns is to estimate the covariance matrix, which
can he performed through a regularization process called shrinkage so a5 to make the estimation stable,

The shrinkage method employed to the current project basically consists on adding one regularization
parameters on the CS5P's covariance matrix estimation. Such parameter shrinks the initial estimation
tawards the identity matrix. The reader may refer to [100] for a detailed, well-illustrated explanation of the
shrinkage approach

One could use shrinkage in order to make the C5P algorthm more robust to the presence of outliers [101].
Nevertheless, as it will be exposed, the 1-5WM can also be effective when combined with such covariance
estimation option.

The second cheice concerning CSP refers to the number of filters per class that it will generate as output.
On section 1.4, an example of one filter per class was presented. But some projects prefer ta apply three
filters per chass [102], Such choice 15 not unigue among BCI projects [10Z, 103, 104].

Since C5P is a method that atso reduces the signal sources’ spatial dimensicn, it may be argued that using
three filters per class one could avoid excessive loss of information.

Therefore, the present section will facus on the analysis of the employment of CSP with three filters per
class combined with the shrinkage covariance matrix estimation. The idea & to expose how the 1-5VM is
efficient for cutler identification and for the subsequent performance improvement, even when the C5P
choices that are expected to produce a better immunity to outliers are applied.
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Besides the choices regarding CSP, the method propased by the current project, which is represented by
the step (vii], also presents different results according to choices to be elected. Such decisions are exposed,
discussed and confronted along the following section.

5.1 5VM cholces

In the section 4, the basic mathematical concepts of Support Vector Machine have been explained,
Howsver, there are still other points to be discussed and decided for its implementation, namely:

1] How can one choose the best nu [¢) for 1-5VM on BCI outlier identification?
i} Should one consider the samples from both classes as input for the 1-5VM?

5.1.1 Choice of nu (v}

The parameter nu represents the probability of any sample from the input training set to belong to the
class of dean trials, Le. the probability of a trial not to be an outlier. Accordingly, a nu choice dose to 1.0
impdies on an output with most of the samples labeled as cutliers, while a near 0.0 value results on only a
few autliers.

Therefore, although the 1-5VM is an unsupervised method to detect outliers, it requires as input a
parameter that provides some information about the expected density of the artifacts presant in the input
set of samples.

A first thought towards this problem |5 the choice of a fixed nu as a threshold for every subject. One could
try to hypothesize, for example statistically from previous results, the best probability value of a sample to
be an outlier. This approach was tested, but showed to be worse than the cross-validation (table 5.1). it can
ke explained from the high variability among subjects when performing a BCl experiment [95],

The other idea is to implement a cross-validation {see section 2.3 for a review) that uses the training data in
crder to extract information about the current subject and to try to predict the probability [parameter o)
of the presence of outliers on the same training data set,

Although the CV method is not the best aption for every subject; in average, it parforms better than a fized
threshold. The mean error rates commesponding to each methoed are found on table 5.1.

5P choices Best nu CV nu nu =020 | nu=045 | nu=0.70

Filters per class: 1 22.442 24.987 26675 21737 28.667
Shrinkage: No

Filter per class: 1 ia:tip 26,001 26.775 26.771 27.421
Shrinkage: Yes L

Filter per class: 3 22,100 25.87% 25.375 25.275 27.592
Shrinkage: Yes

Filter per class: 3 ' 22612 26.308 26,871 27.137 29,312
Shrinkage: No il

Table 5.1: The average error rate of 40 subjects for cross-validation and fived nu values. First column
depicts the optimal case; while the second column, representing the cross-validation [CV) is the one
presenting the lowest error rate |blue) for almost every case when comparing to the threshold approaches.
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Im this work, a 5-fold cross-validation was wsed, Le. the training set (150 samples) was divided into five
smaller subsets, each of them containing 30 samples. The algorithm evaluates the classifier performance
for different values of nu using such subsets as both training and test sets through the following way:

il The whole training data s=t is given as input to the 1-5VM with the current nu and the cutliers
are Identified, e, the corresponding indexes are saved on a vector;

i) Outliers that are present on a combination of 4 from the 5 are remaved or penalized {down-
weighted| during the covariance estimation for the Commaon Spatial Patterns [C5P);

iiil The final features resulting as output from the CSP are then emploved to the supervised
learning of the Linear Discriminant Analysis (LDA) classifier;

v Finally, the 5-th and remaining subset is given as input to the classifier, which will generate a

final performance when comparing its results to the actual labels of these data.

The process explained above is repeated 5 times for each possible value of nu. The performances are saved.
In the end, one calculates for each nu the mean of these performances; the output of the cross-validation

approach is the value of nu that corresponds to the lowest error rate | 1-performance] mean obiained,

The choice of 5 folds was empirically, i.e. when comparing the results with the 3-foid and the 10-fold
versions, the 5-fold one presented better choices of nu. Such evaluation of which nu is actually the best is
done throuwgh the computation of the final performance for every possible nu. It was possible because the
evaluation process was completely offline (see section 3.3] and therefore one did not need to run different
EEG experiments for each nu choice.

The cross-validation used along this work actualty presents a slight difference from the one commonly
used. It is particularly on the step (i} described above, since here all the training data set was given as input
for the 1-3%n, when usually one would provide only the 4 of 5 subsets as input.

It was however hypothesized that such change would provide better results, because It keeps the same
outlier fabels = and weights, in the case of penalized samples = during the cross-validation and during the
actual classification process, Dtherwise, there could be the case that, for one combination of subsets, all
the outliers would be actually on the remaining subset that is wsed for validation; accordingly it would
result on a spoiled classification performance, interfering on the final nu choice,

5.1.2 Input samples

Before emplaying the 1-5WM far outliers’ identification, one should decide what to pive as input to it Such
choice concerns whether all the training samples should be applied together, or rather separated into the
tagks classes, during the cutliers labeling.

One important argument against providing the classes altogether is based on the possibility of an outlier for
the first class not to be identified as so; because it s found on the subspace where the samples from the
second ¢lass are, Therefore, the 1-5%M would identify the trials with characteristics that differ from the two
classes united, and not between them {figure 5.1},
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Figure 5.1: Comparison of 1-SWM boundaries for two- (left] and one-class (rght} samples input, Green
circles represent the first class and blue the second class, Red cirdes are the outliers of the first class. On
I=ft, there is one outhier which is actually inside of the 1-5WM boundary because it could not have been
detected, since it is among the second class samples, However, on right, when one applies just one class &
input, the 1-5¥M is therefore able to create a boundary that identifies correctly all the outliers,

Wevertheless, for all the experiments ran along this project, both approaches have been considered. The
reason is that, in the first attempts to compare the one- and two-class input, the results are not as different
as expected. Rather, the employment of all the trials for the 1=5VM resulted on a better final classification
performance of the test data in a great part of the cases (table 5.2].

Filters per class: 1 5.6583 -4,8375 3.1175 7 80432
Shrinkage: No. I -

Filter per class: 1 -5.0333 -1 5167 -2.6042 27500
Shrinkage: Yes

Filter per class: 3 6.0750 -5.42492 -2.374932 2.4958

___ Shrinkage: No

Filter per class: 3 45167 -3.9563 -L1375 -(.6542

Shrinkage: Yes -

Table 5.2: Mezan of the error-rate reduction for every possibility of CSP choice. The more the value is
negative, the more the average performance improved. The first two columns [green) confront the 1-5V
input for the best nu possible, while the last two {orange) confront it for the nu chosen by cross-validation
[CV). The best value of errar rate reduction, for each couple of columns comparison, 15 depcted in blue.

It hat been hypothesized that such results were caused by a particular choice made for the algorithm.
Wwhen separating the classes for the SVM, the same nu was always wsed for both classes in order 1o
ovaluate the resulting performance. The problem is that there might be the case in which one class
presents much more outliers than the other class; and if both are evaluated with the same nu for the
outliers identification, it will consequently generate mislabeled outliers as output in every nu chaice,

On the other hand, the decision of wsing the same nu when separating the dasses was grounded on
another hypothesis, which is the possibility of a drawback on the cross-validation efficlency, since the nu
chosen from the cross-validation hardly reaches the optimal performance (section 5.1.1).

I somie subjects, a final value of nu close to the optimal one is observed, whike in others it resulted 1o be
really different. Therefore electing twe differsnt valves of nu threugh the cross-validation approach could
result on a worse final performance and has not been considered on this work,
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Figure 5.1: Comparison af 1-5YM boundaries for two- [left) and one-dlass [right) samples input Green
circles represent the first class and blue the second class. Red circles are the outliers of the first class. On
left, there is one outlier which is actually inside of the 1-SVM boundary because it could not have been
detected, since it is among the second class samples. However, on right, when one applies just one class as
input, the 1-5WM is therefore able to create a boundary that identifies comectly all the outllers.

Mevertheless, for all the experiments ran along this project, both approaches have been considered. The
reason is that, in the first attermpts to compare the one- and two-class input, the results are not as different

as expected. Rather, the employment of all the trials for the 1-5VM resulted on a better final classification
performance of the test data in a great part of the cases (table 5.2).

Both classes One class Bath classes One class
(et nu) { st i) [EW nu) {CV nu)
Filters per class: 1 -5.6583 -4.8375 -3.1125 -2.8042
Shrinkage: No |
Filter per class: 1 5.0333 -4.5167 -2.6042 =21, 7500
Shrinkage: Yes
Filter per class: 3 -6.0750 -5.4202 =2 A792 -2.4958
Shrinkage: Na
Filter per class: 3 -4.5167 -3.9583 =1.1375 -0.6542
Shrinkage: Yes

Table 5.2: Mean of the error-rate reduction for every possibility of CSP choice. The more the value is
negative, the mare the average performance improved. The first two columns (green) confront the 1-5vM
input for the bast nu possible, while the last two (orange) confront it for the nu chosen by cross-validation
{CV). The best value of error rate reduction, for each couple of columns comparisan, is depicted in blue.

It has been hypothesized that such results were caused by a particular choice made for the algorithm.
When separating the classes for the SVM, the same nu was always used for both classes in order to
evaluate the resulting performance. The problem is that there might be the case in which one class
presents much more outliers than the other class; and if both are evaluated with the same nu for the
outliers identification, it will consequently generate mislabelad outliers as output in every nu choice.

On the other hand, the decision of using the same nu when separating the classes was grounded on
another hypothesis, which is the possibility of a drawback on the cross-validation efficiency, since the nu
chosen from the cross-validation hardly reaches the optimal performance (section 5.1.1).

In some subjects, a final value of nu close to the optimal one & observed, while in others It resulted o be
raally different. Therefore electing two different values of nu through the cross-validation approach could
result on a worse final performance and has not been considered on this work,

4




5.2 Penalizing the trials
5.2.1 Functions to handle outliers
As exposed on section 4.3, ten different functions were employed to the current project.

The first 8 Functions were quantile-based, e, they considered the subject’s specific calibration trial data set
in order to select the best multiplier to apply on the sigmoid, which could be utilized either to enly penalize
the triak labeled as outliers (4 functons), or to also down-weight the inliers according to the distance o
the boundary created by the 1-5VM (4 functions),

Accordingly, there were couples of functions with similar configurations. differing on whether the inliers
were also down-weighted. For example, the first functicn has the following configuration: the samples
classified as inliers were equally weighted 1.0; and the outliers were penalired such that 55% had weights
between 0.01 and 0.50, while 45% received weights below 001, The second Tunction has the same weights
for outhiers, while the samples classified as inliers were also weighted such that 55% had weights between
0.50 had 0.99 and 453 of them had weights higher than 0.99

These mouples of functions differ between themselves on the percentage of outliers and infiers trials that
would respectively present welghts lower than 001 and weights higher than 0,99, Such percentage could
be 45%, 35%, 25%, 15%. For example, the third function gives to 65% of the outliers weights between 0.01
and 0.50 and the other 35% receives weights below 0,01, While the first function, as exposed above, takes
respectively 55% and 45% for the same weights. Analogously, the fourth function maintains the cutlier's
wieights of the third function, and also apply weights higher than 0.99 to the reduced percentage of 35%
instead of 45% |[second Function), The couple fifth-sisth takes therefore 25%, and the seventh-eighth 15%.

Finally, the ninth function employs a fised multiplier (k = 1200} spreading factor for the sigmoid function,
which is applied 1o both outliers and inliers. And the tenth function is the birary one, i.e. outliers are
practically removed jweights = 10%-25}, while all the inliers are hept with weights 1.0,

The Appendix A of the current report elucidates the Matlab code that refers to the 10 functions above
described inorder to provide to the reader a better explanation of how such functions actual work,

5.2.2 Evaluation methods

In order to evaluate the excellence of a function, three different mean-based methods were employed.
Such methods confronted the performance results for four different artifact handling choices, nameby;

iy OV 1-5WM + nu chosen by cross-validation

i} opt: 1-5VM + optimal, theoretical nu

i) rermov; removing outliers labeled through a filter method (section 2.3)
v orig: considering all the trials, without any outlier detection

The methods created to confront the subjects’ [V =20) performances (p), in terms of error rate (1-p), are:

(EVi—opl)
p gy, @ee

n  Lopti—min (remov; orig; |
EJ} Ef:'.l I N :
y OV = min (remeon; ortg: )
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Accordingly, the first function measures how far the error rates obtained by the cross-validation method
are from the optimal ones: therefore, the more its output is close to zero, the better it is.

The second function compares the optimal performances, i.e. the minimum error rate, with the minimum
value between the removing trials approach (i) and the original ane {iv), The most negative value depicts a
great decrease of the error rate,

Finally, the third function works exactly the same as the second one, but comparing the error rates from
the cross-validation methad (i) instead of the theoretical one (ii).

5.2.3 Evaluation results
For the evaluation of the functions perfarmance, the following variables were Interchanged:

a] MNumber of CSP filters (one or three filters per class);
bl Method to estimate the covariance matrix for the CSP (presence or absance of shrinkage);
c) Setof samples as input to the 1-5VM (only one or both classes).

The choices regarding CSP may vary from work to work, and therefare it had been decided to consider both
cases an items (a] and (b] when evaluating the efficiency of the 1-5WM for outlier identification. However,
as explained on the beginning of the current chapter, it was decided to focus the current analysis anky on
the case of three filters per class with shrinkage covariance matrix estimation, since it |s ex pected to result
in the highest immunity to the presence of outliers. Accordingly, the 1-5VM efficiency in this particular case
would represent 2 great potential for the other combinations as well.

On section 5.1.2, the choice regarding ic), i.e. whether one should give as input the two classes or oanly one
at a time, was discussed. And it was exposed how the 1-5WM approach toking both classes performed
better. Therefore, the “one dass™ case will not be considered along this chapter anymore.

L

Function Index Evaluation Methaod 1 Evaluation Method 2 Evaluation Method 3
#1l 3.3792 -31.0750 0.3042
#2 | 31958 -2.9042 0.2917
"3 3.0875 -2 89917 00958
"4 3.2875 -2.7000 0,5875
' us 16167 -2,9583 0.6583
#6 2.6042 -4.5708 0.0333
i 2.9167 -2.9708 -0u054 2
#E 2.7417 -2.6667 0.0750
#o 2.9875 -2.9542 0.0333
#id 3.7792 -3.3708 d.a083

Table 5.3: Function evaluation for shrinkage covariance matrix, CSP with thres filters per class and both
classes as 1-5VM input. The result in blue represents the best performance for the optimal fu (method 2},
while in red is depicted the worst result for method 1. Both correspond to the binary function ($10).
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On table 5.3, the election of the function to be emphasized in blue was based on the best output of the
method (2], l.e. the most negative value. The reason for such decision is that this method would actually
represent the real potential of the 1-5vM, whereas it evaluates the error rate reduction for the best no.

However, as exposed on the same table, the birary function presents the worst result for the evaluation
method 1; which symbolizes the average distance between the best, theoretical nu and the one elected by
the cross-validation. It means that, for a real-time experiment, in which the best value for nu is unavallable,
the binary function, i.e. the complete removal of the trials labeled as outliers by the 1-5VM, would actually
result in one of the worst approaches to be applied.
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Figure 5.2: Boxplot comparing the error rates generated after applying 1-5VM with cress-validation for the
10 functions. The mark in red for each box is the median, while the blue edges of the box represent the 25"
and 75" percentiles. The whiskers prolong until the most extreme error rates, i 8. the highest and lowast.

The figure 5.2, wherea: depicting the median of error rates for every function applied with cross-validation,
reinforces the fact that the binary function actuzlly presents the worst average performance for the forty
subjects. It can be conclude from the position of the red mark that symbolizes the median of the 10" box,
which is higher than the others, i.e. It presents a higher error rate and accordingly a worse performance.

Furthermore, the same figure depicts how the other nine functions presented a similar median of error
rate. It can be explained from the fact that such weighting functions were also applied during the cross-
validation for the nu selection. Therefore, the effect of the nu choice, i.e. the election of the probability of a
sample from the training data set to be an outlier, is actually influenced by the function chosen to penalize
the trials. And they are mutually compensated until reach an optimal point. For example, the employment
of a function that applies weights closer to zero could result on a cross-validation election of a lower nu, i.e.
less samples would be labeled as outliers in order to compensate the stronger penalizing welghts.
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Therefore, for the following performance comparisan, the function #1 is employed, since no particular
function presented a special final perfermance inorder to be elected as the best one to be analyzed.

This function works as following: the samples classified as inliers were equally weighted 1.0; and the
outliers were penalized such that 55% had weights between 0.01 and 0.50, while 45% raceived weights
befow 0.01. The weighting function is a sigmoid and its outputs are proportional to the distance from the
boundary created by the 1-5VM according to the nu elected (either the theoretical or the CV one).

CSP: three filters per class + shrinkage covariance matrix
1-5VM: both classes as feature sal input
Error rala enolution comparad with v =x Error rate evolutlon compared with y = x

%

Erro rale (%) - original data sat

2 BE & B
¥ &

Emor rate (%) - remove trials (BECH)

rafio; 20040 oL raftio; 18440
imp: 04625 ar I -1.1375
O 19 20 30 40 50 B b W 20 30 40 50 60
Error rue (%) = nw from OV Ermror rabe | %) = nu from G
Error rate evolution cormpared wilh y = Erfor rate evolulion compared with y = x
= B8l ,f/_r abr -
2 3 -
@ 50+ y/ 5 i m-"'f
. ﬂ ® R Tae 4
% a0 v B E"u'
| |
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i ralio: 35/40 '! rafig; 32040
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L s ‘ 0
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Error rabs (%) - bast, thaonstical nu Error rate (%4) - bast, theonatical nu

Figure 5.3: Performance compariscn for shrinkage covariance matrix, C5P with three filters per class and
both dasses as 1-SVM input. Each cross on a graph represents a subject, and its spatial location follows the
registered error rate for the method of reference (v-axis) compared with the proposed method (2-axis). For
the graphs on the left side, the y-axis stands for a filter method for artifact handling (see section 2.3). Each

graph presents a straight line y = x that represents a visual threshold lustrating which subjects actually
presanted an improvement on the performance, i.e. the crosses located above this line.

The values in red numerically represent the improvement observed on the presence of 1-5VM compared to
the current method of reference. “Ratic” represents the number of subjects that strictly presented a better

performance; while "imp”, which stands as a diminutive for *improvement”, shows the attenuation on the
error rate in terms of mean of all subjects.

48




5.3 Discussion

Imitially, the present section discussed the choices regarding the 1-5WM, It exposed how the cross-validation
had showed to be the most efficient method in order to elect the nu parameter (probability of a trial to be
an outlier] for the 1-5¢M (table 5.1). Besides, it also presented a comparison of error rate reduction for one
orhoth classes as inpot for the 53V (1able 5.2), in which the both classes approach performed better,

Subsequently, following the SWM choices above exposed, the proposed functions to handle the outliers
labeled by the 1-5VM were analyzed. One notices that the binary function had performed better according
to the methad 2, which evaluates the performance improvement for the theoretical nu. It could indicate a
contradiction of the theary, on section 5.1.2, that autliers can contain some useful information for the mext
steps leading to the final cdassification.

However, the functions’ comparison also elucidates that the binary function presents a great difference
between the final perfermances obtained from the optimal nu and the cross-validation one (table 5.3,
figure 5.2). Therefore it has been hypothesized that the 1-8VM may be able, on an ideal case that cannot be
practically reproduced, to identify the outliers to be fully removed; but for the cross-validation nu selection,
it could be a safer alternative to penalize the trials and therefore retain their information for a better
classification.

Along the performance graphs exposed on figure 5.3, it is possible to conclude that the 1-5VM has the
ootential to reduce the error rate caused by the final classification on a BCl-based system. The 4" graph, i.e.
the one comparning the original data set error rate with the employment of the optimal nu for the 1-SVi,
clearly elucidates how the proposed method could effectively increment the performance. It is translated
on the number of subjects that presented a strict improvement: 32,40 {80%}.

Moreover, from a further visual inspection of the same graphs, one sees that the other 20% of subjects
resulted on a practically equal performance. 1T is another positive mark for the 1-5VWh potential; since its
ideal employment, ie. with the optimal nu, could guarantee at least the stabilization of the current
performance for every single subject, besides offering an B0% probability of reducing the error rate,
acoording to the current study.

A similar resplt can be found when comparing the error rate reduction produced by the filter method of
removing trials previously available for the BBCI group (section 2.3) with the 1-5VM method proposed by
the current project (figure 5.3, first graph on bottom), Mo subject in such comparison presented decrease
of performance. Rather, 87.5% of the subjects {35/40} resulted on a strict performance improvement,

However, one can also notice that, when applying cross-validation, the ratio of subjects presenting an
absolute performance increment compared to the original data set {figure 5.3, second graph on top)
reduces to 45%; moreover, a subject could present up to 10% reduction on perfarmance while employing
the 1-3%iM for outlier detection,

Mevertheless, even though the cumment case applies three filters per class with shrinkage covariance matrix
pstimation, which was expected to represent the best immunity against outliers, the 1-5WM method for
puther hardling combined with cross-validation as nu selection was still able to present a reduction an the
errar rate of approximately 20% for two particular subjects: an expressive improvement for a real case,

The next chapter will expose further analyses regarding one of these two subjects.







. Further analyses

6.1 Subject election

For this section, the subject labeled as VPjh_08_05_27 among the dataset available for the project is taken
into consideration. Such decision is based on the fact that this subject presented a considerable arror rate
improvement = a reduction of 17,66% — after the 1-5VM application within a combination of CSP conditions
from which one could expect a higher immunity to the presence of outliers, |.e. a change not o significant.
The C5P algorithm was performed with three filters per class and applying the shrinkage covariance matrix
estimation. Moreover, the current improvement depicted was for the cross-validation method for the nu
salection: which, although not optimal, was able to guarantee the performance improvement exposed

Errorrate: original data (withoul remoseatrials) x nu from CV

m F}
sg b
a0
a0
20
mifial error; 30 30%,
10 post- SVM errar: 21 879
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Figure 6.1: Performance characteristics of the subject chosen (red circle) for further results’ analyses. The
graph depicts the error rate reduction after the application of 1-5WM. The comparisan is performed within
the context of shrinkage covariance matrix, OSP with three filters per class and both classes as 1-5VM input.

Mevertheless, one could ask why not bo consider instead the other subject depicted on figure 5.1, whose
performance increment was even better (initial error 49.33%; post-5¥M error 27.67%) than the chosen
one, However, this subject alternative presents an initial performance that can be approximated to the
completely random performance case [50%). Therefore, even though such error rate reduction may seem
at a first impression a good sign, it was hypothesized that it could also result in an unreliable analysis.

6.2 Varying the weights

In an attempt to understand better what happens during the outliers processing, a methed to individually
analyze the influence of each trial fram the calibration data set on the final performance is employed, It
consists of taking a weight configuration as starting point, e.g. all trials equally weighted 1.0; and then
analyze how the error rate changes according to the weight variation of a single trial at a time. Mare
precisely, this section will expose four particular cases, namely:

a} Al trials equally weighted 1.0, l.e. without the application of 1-5Vk

b) The same case as (a), but for no shrinkage on the C5P covariance matrlx estimation

£ Weights propertional to the 1-5¥M cutput with the optimal, theoretical nu (i, = 0.50)
d] Weights proportional to the 1-5VM output with nu = nilg,: — 0.05
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CEP; three fillers per class + shrinkage covariance matrix
1-8VM: both classes as fealure sat input
Reference: All frials equally welghted 1.0

20 &0 &0 #a 100 120 144

Trial Index

Figure 6.2. Error rate variance following the weight’s change of each trial on the calibration data set. The
chosen configuration for analysis is the CSP with three filters per class combined with shrinkage covariance
matrix estimation, besides employing both classes as 1-5VM Input. The axis x stands for the trials (150 in
total); while the y represents the weights, from 1.0 until 0.0 with a step of 0.1. Those are the two variables
for the output, i.e. the error rate, which is depicted with different colors according to the colorbar on the
right. For the analysis, all trials were initially weighted as 1.0, as if there was no SVM Information. It is
translated on the lowest row of the graph, corresponding to the weight 1.0, in which the color is uniform
for every trial (x axis), i.e. the performance is the same (error rate = 39.33%).

As one could expect, for the combination of C5P with three filters per class and shrinkage covariance matrix
estimation, the resulting performance span depicted on figure 6.2 is not large. Nevertheless, one can see
that changing only one particular trial can lead to a considerable change on the final performance. For
instance when remaving the trial #81, the error rate is 5% reduced. Moreover, It also lllustrates how some
trials are important for the calibration set, for example the absence of the trial #51 results on 3 2% worse
error rate,

Angther important point 1@ be examined on the graph regards the performance change along a fixed
column, i.e. for a given sample. One could suppose that, if a trial is a real outlier, the more such trial is
down-weighted, the more the coresponding error rate would be reduced. However, that iz not true.
Instead, there are several columns on the graph depicted above showing that there may be an optimal
welght for the sample taken into account, after which the performance becomes worse once again. For
example the trial #106 that presents the lowest error-rate, translated into the color dark blue, when it is
weighted as 0.2; and when its weight becomes either 0.1 or 0.0, the error rate Increases, This fect could
reinforce the assumption to utilize penalizing welghts Instead of completely removing a trial that was
labeled as outlier.
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CSP: three filters per class ; without shrinkage covarance
1-SWM: both classes as feature set input
Referance:; All trials equally weighted 1.0
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Figure 6.3: Error rate variance following the weight's change of each trial on the calibration data set. The
chosen configuration for analbysis is the CSP with three filters per class without shrinkage covariance matrix
estimation, besides employing both classes & 1-5WM Input. The axzis x stands for the trials (150 in total);
while the y represents the weights, from 1.0 until 0.0 with a step of 0.1. Those are the two variables for the
output, i.e. the error rate. which is depicted with different colors according to the colorbar on the right, For
the analysis, all trials were initially weighted as 1.0, as if there was no 5VM information. It is translated on
the lowest row of the graph, corresponding to the weight 1.0, in which the color is uniform for every trial
{axis x), i.2. the performance is the same (error rate = 27%).

When comparing the flgure 6.3, which Is without shrinkage covariance matrix, with the previous one that
employs such method, there are some particular, important resulting points to be noted and discussed.
Inktiaily, one can see how the distribution of colors on the graph has changed. It illustrates the conseguent
higher sensitivity to small changes on the data set glven as Input to the covariance matrix estimation. Such
fact is also translated into the span of error rate representad on the colorbar. While with shrinkage matrix,
the limits of error rate observed were 34% and 41%; in the current case, it became betwesn 18% and 38%.

such span also illustrates another resulting difference between these methods, namely the error rate for
the reference case, in which all trials are egually weighted as 1.0. While in the last case it was 39.33%, now
it resulted on 27%. it could be an indication that the employment of shrinkage covarianoe matrix not always
is the best albernative to avoid the interference of outliers.

Finally, another interesting observed result from the visual inspection of this graph Is the actual linear
performance change along the weights. On the previous case (figure 6.2), it was showed how a trial could
have an optimal weight differant than zero, for example 0.2, In this case, however, either the best or the
worst performances were present exactly in the case in which the correspending trial was removed
(depicted on the top row of the graph, which corresponds to weight 0.0).
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CSP: three filters per class + shrnkage covariance malrix
1-3WM: both classes as feature set inpul
Feference: Weights proportional to 1-8VM output with optimal nu = 0.50
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Figure 6.4: Error rate variance following the weight's change of each trial on the calibration data set. The
chesen configuration for analysis is the C5P with three filters per class with shrinkage covariance matrix
estimation, besides employing bath classes as 1-3%WM inpul. The axis x stands for the trials (150 in total);
while the y represents the weights, from 1.0 until 0.0 with a step of 0.1, Those are the two variables for the
output, i.e, the ermor rate, which is depicted with different colors according o the colorbar on the right. For
the analysis, all triaks were initially weighted according to the 1-5VM output for the optimal, theoretical nu
observed for this particular subject and function. The corresponding ermor rate is 15.33%.

The expected stability for a shrinkage covariance estimation is conserved on the graph exposed above while
conceming the whole set of trials, i.e. when comparing with the figure 6.3, it presents a notable uniformity
of color along the graph that elucidates a higher cohstancy. Mevertheless, one can alse notice on the figure
above how the performance span, when varying the weight of only a single trial at a time, can be elevated
in this case. It is translated into the error rate from 15% to 38%.

In particular there are bwao trials which when completely removed lead to an error rate higher than 35%, ie.
a reduction of 20% on the performance for the absence of a single trial that therefore can be classified as
an indispensable inlier for the calibration set. In the other hand, there are two outliers previously penalized
that, when taking again into account with weight either 0.9 or 1.0, also cause an analogous performance
reduction. Both cases are depicted by red and dark red colors an the graph.

and simllarly to the phenomenon of the optimal weight explained for the figure 6.2, In which such welght
could present some value different than 1.0 or 0.0, in the current figure the same occurs; but related 1o the
worst weight, i.e. the one that results on the worst performance. it happens in particular for the trial #110,
which reaches its maxirmum error rate when down-weighted by 0.5. And it is also visible for #101 and §113.
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CSP: three fillers per class + shrinkage covariance matrix
1-8WM: both classes as feature set inpul
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Figure 6.5; Ermor rabe variance following the weight's change of each trial an the calibration data set. The
chosen configuration for analysis is the CSP with three filters per class with shrinkage covariance matrix
estimation, besides employing both classes as 1-5VM input. The axis x stands for the trials (150 in total);
while the y represents the welghts, fram 1.0 until 0.0 with a step of 0.1, Those are the two varables for the
output, i.e. the error rate, which is depicted with different calors according to the colorbar on the right. For
the analysis, all triaks were initially weighted according to the 1-5VM output for nu = Mty — 0.05 = 045,

The resulting error rate in this case is 31%, while the error rate corresponding to only a av's step differant
was 15.33%, i.e, already reaching the optimal one. This fact illustrates a large difficult when applying 1-5VM
for autliers identification, namaly the nu selection and its consequent reproduced sansitivity on the final
BCI performance. In the current work, the propesed method to face this decision was the cross-validation,
which showed to perform better than a fixed threshold (section 4.3.1), but still not optimal and sometimes
considerable far from it, as depicted on the performance graphs {section 5.2).

Therefore it was decided to analyze better the influence of some trials that are related to a considerable
performance change as depicted by the darkest colors, either blue or red, on the figure above. In particular
the trials depicted by dark blue, ilustrating a great performance improvement, will be taken into account.

Initially the outliers, [.e. the ones resulting on a better performance when completely removed (weight 0.0},
namely the trials &5 and #117. Subsequaently, the previously penalized inliars (trials #101, #105 and #107)
will be relocated to the data set, i.e, employing weight 1.0 to then, according to the optimal performance
depicted on figure 6.5. Finally, both cases will be together analyzed, [.e. removing the outliers and including

the inliers, in order to evaluate what i the resulting performance. The results are exposed through tables
on the next page.
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Initial Removing &5 Rermowing #117 Removing bath
Weight #005 1.0 0.0 1.0 0.0
Weight #117 1.0 1.0 0.0 0.0
Error rate 31.00% 17.00% 18.67% 14.67%

Table 6.1; Analyze of error rate evolution according to the removal of trials suggested from figure 6.5. The
first column depicts the initial weights of those trials and the corresponding error rate. Second and third
columns represent the removal of only one of them, resulting on a considerable increment of performance.
Forth and last column remove both trials together, supposing that the previously observed improvements
could be supplementary. Indeed, the final performance resuited to be even better (error rate of 14.67%).

Iritial Including #101 | Including #105 | Including #107 Including all
Wﬂght R101 0.0001 1.0 0.0001 0.00a1 1.0
Weight #105 0.0102 0.0102 10 00102 | 1.0
Weight #107 0.0016 L 0.0016 0.0016 1.0 1.0
Error rate 31.00% 20.33% 19.00% 20.00% 16.67%

Tabbe 6.2: Analyze of error rate evolution according to the inclusion of trials suggested from figure 6.5. The
first column depicts the initial weights of those trials and the corresponding error rate, Second, third and
forth columns represent the inclusion of onby one of them, resulting on a considerable increment of
performance. Fifth and last column include all the trials together, supposing that the previously observed
improvements could be supplementary. The final arror rate resulted to be indeed better [16.67%).

Initial Removing outliers Including inliers Bath methods
Wﬂ|E|‘It ROOS 1.0 Q.0 1.4 0.0
W'E|Eht H117 1.0 Q.0 1.4 a0
WElEht w101 0.0001 2,0001 1.4 10
Weight #105 0.0102 0.0102 1.0 10
Weight #107 0.0016 0.0016 1.0 1.0
Error rate 31.00% 14.67% 16.67% 30.33%

Table §.3: Analyze of error rate evolution according to the removal and inclusion of trials suggested from
figure 6.5. The first column depicts the initial weights of those trials and the cosresponding error rate.
Second column depicts the complete removal of both trials #005 and #117, while on third column trials
#101, #105 and #107 are included with maximum weight [1.0). Forth and last column employs both
methods together, supposing that the previously observed improvements could be supplementary.
However, the methads combined resulted on a worse performance [30.33%), almost as bad as the initial.

While one could expect an additional property of improvements on performance, as actually illustrated on
tables 6.1 and 6.2; the [ast table, however, depicts that it is not always a possible approach to select the
samples’ weights. It has been hypothesized that the problem lies on the assumption that the trials could
have the same impact on the performance for different configurations of reference, In other words, e.g.
after removing the trials 8005 and #117, the varying weights figure has inherently changed, since its
reference has been modified, e, the welghts for each trial are not the same, Therefore the ideal weight
carrection for each trial seems to intrinsically depend on the current configuration; which confers a high
sensitivity to the 1-5VM approach for outlier identification and to the weighting function’s employment.
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6.3 CSP Filters angles

In order to understand better the sensitivity previously sxposed, the current section focus on the analysis
of how the C5# filters change when removing or adding some trials; in particufar the trials used on the last
saction. Namaly, the remaval of #005, #117; and the inclusion of #101, #105, #107.

Such analysis is initially performed with the Matlab “subspace® function, which basically returns as output
the angle between the subspaces defined by the columns of the two maltrices given as input. Each of these
matrices corresponds has [68x6] dimensions, since 68 channels were applied to collect the data (section 3)
and each column is a different filter (configuration of 3 filters per class; two classes selected out of three).

Remaowing #005 and #117 Including #101, #105 and #107

Qriginal Reference (nu = 0.45) 21.896 77.215

Table 6.4: Angle comparison (in degrees) of subspaces defined for three configurations by the CSP filters.
Namely, the original data set of reference (nu = 0.45); the one regarding ramoval of trials #005 and #117;
and for the indusion of trials #101, 8105 and #107.

The angles depicted on table 6.4 illustrate how the CSP filters changed after the removal and inclusion of
respectively two and three trials. In particular for the case of inclusion, the final angle was extremely great
(77.215 degrees); which depicts a great distance between the subspaces.

For a more detailed illustration, the table 6.5 below elucidates the angles between each filter at a time.

Angle: original vs. removal Angle; original vs. inclusion
Lot filver 74.582 85.273
2nd filter 52.674 23.486
3rd filter 19.539 85.830
4th filter 8.805 5.943 |
Sth filter 14026 10.665 |
&ith filter 2.504 7.457 I

Table 6.5: Angle comparisan (in degrees) of each CSP filter between original set {nu = 0.45) and either trials
removal (005 and #117) orinclusion (101, #1065 and K107,

One can notice from the values exposed above on table 6.5, that the most expressive difference for both
cases belongs to first three filters. When employing C5P with three filters per class, it divides the filters with
indices 1-3 for the first class, while 4-6 are given to the second class. For the particular subject, such classes
were respectively left arm and feet. Therefore, the results show that the left arm class was most affected
after either the removal or the inclusion of data.

#0D5 #117 #105 | #107

Feet Left Fast | Left

Tabie b.6: Depiction of the dass (left arm or feet) towhich each trial eithier removed or included belongs.
The trials used for the removing anakyses are depicted in blue, while those for the including are in green.
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5P Filtars - Referance data sal nu = 0.45

Figure 6.6: Comparison of CSP filters plots for reference data set (nu = 0.45) and the subsequent removal of
trials #005 and #117. The most affected filters topologies are those regarding to the first class (left arm), i.e.
the filters with indices from 1 to 3. Besides the change on topology, in particular the first filter also
presented a considerable variance on the amplitude’s limits (initizlly 47723, afterwards 11.7531).
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Figure 5.7: Comparison of C5P filters plots for reference data set (nu = 0.45) and the subsequent inclusion
of trials #1101, #105 and #107. The most affected filters topologies are those regarding the first class (left
arm, e, the filters with indices from 1 to 3. Besides the change on topology, in particular the first filter
also presented a considerable variance on the amplitude’s limits (initially 4.7723, afterwards 11.0901).




6.4 Review and final considerations

This section presented further analyses for a particular subject, labeled as VPjh_DE 05 27 on the data set,
which had presented a reduction of 17.66% on its error rate after the 1-5Vh application. It is a considerable
improvement since the C5P algorithm was with 3 filters per class and shrinkage for the covariance matrix
estimation, fram which one could expect a higher immunity to the presence of outliers,

Therefore, in order to evaluate the influence of a single trial on the final performance, graphs correlating
Lhe error rate with the weight fora given trial wene exposed on section 6.2 for different sets of reference.
Some important facts were observed and discussed from the results exposed, namely:

al The best achievable performance does not necessarily lies an the extreme weights [0.0 or 1.0}, but
can rather be found for intermediate weights, for example weight = 0.2 {figure £.2);

b} The ab=ence al shrinkage on the covariance estimation resulled, @ expected on a greater variance
of performance, translated on the elevated transition of colors along the graph (figure 6.3);

c| Only one step (0.05) change on the value of nu may result on a great lost of performance (e.g. 15%,
g5 when comparing figures 6.4 and 6.5, which illustrates a high sensitivity aon the 1-5VM output
and accordingly an obstacle for the cross-validation to achieve an efficient decision;

d} Actually one single trial, depending on the reference set. can considerakly influence on the final BCI
performance, whereas 15% of both improvement and reduction were registered on figure 6.5;

g} The combinaticn of remeval and nclusion of trials that separated had improved the performance
(tables 6.1 and 6.2} may lead to an actual increment of the error rate. It depicts the inherently
dependence to the set of reference that the efficient weighting process present

In order to better understand the point (e), section 6.3 exposed analyses regarding the change on position
of the subspaces defined by the TSP filters. It was evaluated while either removing two trials (#005, #117)
ar including three trials {(#101, K105, #107); both methods were based on the performance improvement
depicted on tables 6.1 and 6.2

In particular, table 8.5 showed how the filters regarding the first class (left arm} had underwent a great
subspace change when either removing or including trials, which was translated into the angle related to
the original set. The angle far the first fitter specifically was very high (74 and 85 degrees).

It is therefore hypothesized that such considerable change on the subspace s responsible for the worse
perfarmance depicted on table 6.3. The probiem may lie an the fact that the CSP filters obtained from the
calibration data set are afterwards applied to the training data set. If such filters afready undergo & great
change for both cases, i.e. the removal of trials #005, #117 and the inclusion of #101, #105, #107; when
combining such methods the resulting filters may actually not be efficient anymore and interfere on the
final classification,

Finally, table 6.6 depicts the correspondence between each trial and the cfass {leff arm or feset) performed.
Although one could expect, for example on the case of trials remaoving, that both trials should belong to the
left arm, since these filters were highly affected after their removal; the trial #0035 is actually related to the
feet. it is however hypothesized that while the left arm trial (#117) was deciding for the filter definition, the
trial regarding the feet not, Mevertheless, #005 alone could improve the performance in 14% (table B.1}. It
suggests that classifier learning and CSP filters determination are not always correlated, although both can
interfera on the final BO performance and consequently improve it




7. Conclusion

The current wark proposed a novel wrapper method for the identification of outfiers on the EEG signal that
is employed as non-invasive method for Brain-Computer interface applications, In particular, itis combined
with other processing methods such as band-pass frequency filter, Laplacian filter, Common Spatial Pattern,

The initial idea was to label the outliers from the calibration data set and either remove or penalize them
before the covariante matrix estimation for the generation of CSP filter; and befora the LDA classifier
learning, which may be high affected by such outller trials, as exposed on figure 2,1,

For that purpose, data from forty BO-na e subjects, i.e. with no previows experience on BCI experiments,
were used. All the subjects had no neurological disease, since its presence could interfere on the final
results, The data collection cansisted of bwo different phases: calibration (150 trials) and feedback {300).

Actually the calibration phase had initially 225 trials, 75 belonging to each of the three possible classes
{right arm, left arm, feet). However, anly two classes were selected according to a cross-validation based
estimation of the best generalization capacity, i.e. the twa classes which would supposedly result on a more
robust dassification process on the feedback phase.

Another point regarding the data collection concerns the anline phase, The present work could not profit
from the teedback advantages and the consequent possibility of task correction by the subject, since the
data had been previously coliected for another project,

Nevertheless, although an offline analysis is not ideal, it was hypothesized to be a first step to demonstrate
the effectiveness of the propesed method for outlier kentification on the BOI performance improvement,
Wareaver, it has also been hypothesized that, if the method proposad is able to enhance the classification

of a test data s2t actually correlated to other feedback conditions, it would perform even better on real-
time, anline applications

The method presented on the current project for the outlier identification was the one-class SYh {1-SVR).
A similar approach for outlier detection had been reported for the identification of intrusions on a network
1105]; however, before this proct, it had not been yet evaluated far Brain-Computer Interfaces.

The 1-5¥M creates a boundary between the trials classified as inliers and outliers. The topology of such
boundary, which in the current case presents 63 dimensions — each dimension represents one channel
applied for the EEG data collection, depends on the choice of mu, which is a user-defined parameter that
represents the probability of a glven samiple to be an outlier.

Section 5.1.1 exposed the reasons and results that led o the employment of the cross-validation instead of
some fixed threshold value in order to elect the nu value, Hewever it could not reach the best values of nu
possible, the cross-walidation performed better than the threshold-based approaches.

Ihis method is based on a performance estimation performed from only the calibration data set, dividing it
in five subsets. Four of them (120 trials) are applied as 1-5WM input for each value of nu. The trials labeled
as putliers are penalized and the resulting set of Erials is employed to the classifier learning. The last subset
of calibration trials (30} is subseguently used to evaluate the classification performance, ie. they are given
to the previously trained LDA classifier, which attempts to correctfy identify to which class each trial
belongs, It is possible since all the data employed are already labeled, since it & the calibration data set
[section 3},
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Another choice cancerming the 1-5YM regards which trials present as its input (section 5.1.2), ie. whether
to present both classes {all the calibration data set) or anly one class at a time, One important argumsnt Lo
present the classes separately is based on the possbility of an outlier for the first class not te be identified
as m0; because it is found on the subspace where the samples from the second class are (figure 5.1).

Mevertheless, table 5.2 showed that presenting bath classes fogether resulted hetter for the current wiork.
It was hypothesized that it resulted from the employment of the same nu for both classes, even when they
were given separately to the 1-5VM. The problem is that there might be the case in which one cass
presents much more outliers than the other class; and if both are evaluated with the same nu for the
outliers identification, it will consequently generate mislabeled outliers as output in every nu chioice.

On the other hand, such decision was prounded on another hypothesis, which is the possibility of a
drawback on the cross-validation effickency, since the nu chosen hardly reaches the optimal performance.
in some subjects, a final value of nu claose to the aptimal one is observed, while in others it resulted to be
really different, Therefore electing two different values of nu through the cross-validation approach could
result ona worse final perfermance and has not been considered on this work.

After the outliers have been labeled by the 1-5¥M, one should decide how to handle them, i.e. one could
pither completely remove or penalize them with weights proportional to the distance to the boundary
created by the 1-5WM, Section 4.3 presented the idea o employ a sigmoid function te penalize the trials
imstead of removing them, based on the hypothesis that every trial may contain characteristics somehow
important for the classification leaming, even though they are real outliers,

On section 5.2, the results performance improvement for the ten different functions {Appendix A) applied
on the project work were presented. The binary function, i.e. the function that completely removed the
outliers, presented a great difference between the final performances obiained from the best, theoretical
nu and the cross-validation one [table 5.3, figure 5.2).

Therefore it has been hypothesized that the 1-5VM may be able, onan ideal case that cannot be practically
reproduced, to dentify the outliers to be fully removed; but for the cross-validation nu selection, it coubd
be a safer alternative 1o penalize the trials and therefore retain thedr information for a better classification.

he final evaluation of error rate reduction depicted on figure 5.3 considered the 1-5VM cholces exposed
above, ramely the employment of cross-validation for nu election; the application of the whole calibration
data set as its imput: and the usapge of a penalizing function to handle the outher, rather than completely
remove them.

moregver, some constraints regarding the Commaon Spatial Pattern {C5F) have already been done. For the
covariance matrix estimation, a regularization process called shrinkage [100] was applied 5o as to make the
actimation stable and mone robust to the presence of outliers. The second choice concerning C5P refers to
the musmber of filters per class that it will penerate as output. Three filters per class were applied for the
cumrent project in order to avoid excessive loss of infarmation.

The idea was to expase how the 1-5VM is efficient for outlier identification and for the according error rate
reduction, even when the CSP choices that are expacted to produce a better immunity to outfiers are used.

The 1-5VM results were confrontad with two cases: i) the complete absence of any outlier handling process
befare the covarlance estimation for the CSP; i) removing some trials that were labeled as outlier by a filter
method previcushy developed within the Berlin Brain Computer Interface project (see section 2.3).
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Along the pedformance graphs exposed on figure 5.3, 0t s possible to conclude that the 1-5VM has the
potential to reduce the error rate caused by the final classification on a BCI-based system. The 4" graph, |.e.
the one comparing the original data set error rate with the employment of the optimal nu for the 1-5VM,
clearly elucidates how the proposed method could effectively increment the performance. It is translated
on the number of subjects thet presented a strict improvement! 32140 [30%:).

Moreowver, from a Further visual inspection of the same graphs, one sees that the other 20% of subjects
resulted on a practically equal performance. It is another positive mark for the 1-5VM potential; since its
ideal employment, e, with the optimal nu, could guarantee at least the stabilization of the current
performance for every single subject, besides offering an 80% probability of redocing the error rate,
according to the current study.

A similar result can be found when comparing the error rate reduction produced by the filter method of
rermoving trials previously available for the BECH group [section 2.3} with the 1-5WK method proposed by
the current project (figure 5.3, first greph on bottom). Mo subject in such compariszon presented decrease
of performance. Rather, 87.5% of the subjects {35,/40] resulted on a strict performance improvement.

However, one can also notice that, when applying cross-validation, the ratic of subjects presenting an
absolute performance increment compared to the original data set (figure 5.3, second greph on top)
reduces to 45%; moreover, 3 subject could present up to 10% reduction on performance while employing
the 1-5W8d for outlier detection.

Mevertheless, even though the current case applies three filters per class with shrinkage covariance matrix
astimation, which was expected to represent the best immunity against outliers; the 1-3V method for
outlier handling combined with cross-validation as nu selection was still able to present a reduction on the
error rate of approximately 20% for two particular subjects: an expressive improverment Tor a resl case,

Further analyses for the subject labeled as VPjh_DB 05 27 on the BBO data base are performed and
discussed. Such subject is one of the two pointed on the last paragraph that had presented a considerable
performance improvemaent after the employment of 1-5VM with cross-validation.

Iin order to evaluate the influence of a single trial on the final performance, graphs correlating the error rate
with the weight for a given trial were exposed on section 6.2 for different sets of reference. Some
important facts were observed and discussed from the results exposed, namely:

al The best achievahle performance does not nacessarily lies on the extreme weights {0.0 or 1.0}, but
can rather be found for intermediate weights, for example weight = 0.2 [figure 6.2);

bl The absence of shrinkage on the covariance estimation resulted, as expected on a greater variance
of performance, translated on the elevated transition of colars aleng the graph (flgure 6.3);

g] Only ane step (0.05) change on the value of Au may result on a great lost of performance [e.g. 15%,
as when comparing figures 6.4 and 6.5), which fllustrates a high sensitivity on the 1-5¥M output
and accordingly an obstacle for the cross-validation to achieve an efficient decision;

dl  Actually one single trial, depending on the reference set, can considerably influence on the final BC|
performance, whereas 15% of both improvement and reduction were registercd on figure 6.5;

e) The combination of removal and inclusion of trials that separated had improved the performance
{tables 6.1 and £.2) may lead to an actual increment of the error rate. it depicts the inherently
dependence to the set of reference that the efficient weighting process prezent.
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In order to better understand the point (@), section 6.3 axposed analyses regarding the change on position
of the subspaces defined by the CSP filters. It was evaluated while either nemoving two trials (#D05, #117)
or including three trials (#101, #105, #107); bath methods were based on the performance improvement
depicted on tables 6.1 and 6.2.

In particular, table 6.5 showed how the filters regarding tha first class (left arm) had underwent a great
subspace change when either removing or including trials, which was translated Into the angle related to
the original set. The angle for the first filter specifically was very high {74 and 85 degrees),.

It is therefore hypothesized that such considerable change on the subspace is responsible for the worse
performance depicted on table 6.3, The problem may lie on the fact that the CSP fitters obtained from the
calibration data set are afterwards applied to the test (feedback) data set.

IF such filters afready undergo a great change for both cases, ie. the removal of trials #005, #117 and the
inclusion of #4101, #105, #107; when combining such methods the resulting filters may actually not be
efficient anymore and interfere on the final classification.

Finally, table 6.6 depicted the correspondence between each trial and task (left arm or feet) performed.
Although one could expect, for example on the case of trials removing, that both trials should belong to the

left arm, since these filters were highty affected after their removal; the trial #005 is actually related to the
feet.

It was howdver hypothesized that while the left arm trial (#117) was deciding for the filter definition, the
trial regarding the feet not. Mevertheless, #0005 alone could imprave the performance in 14% (table 6.1}, it
suggests that classifier learning and C5P filters determination are not always correlated, although both can
interfere on the final BCI performance and consequenthy improve it

From everything above exposed, one can conclude that the 1-5VM iz a novel method with a great potential
to be applied in the context of non-invasive BCI in order to identify the outliers among the data and hence
improve the final performance of the classifer during the real-time phase. It depends, however, on ny: the
parameter that represents the probability of a given sample to be an outlier. The choice of such parametir
was elected to be done through cross-validation, since it showed to be better than a fixed value, because of
the variability between subjects. The result from cross-validation can not always reach its optimal value, i.e.
the value that would result on the best performance. It can sometimes result on a warse performance than
the original one [without 1-SVM). Mevertheless, using a penalizing function instead of completely removing
the outliers showed to be an interesting approach in order 1o avoid excessive loss of infermation that could
actually be valuable to the classifier learing. Maoreaver, it s difficult to tell which trial is actually an cutfier.
From the further analysis presented, one can see that the importance of a single trizl depends on the rest
of data set being considered. If a given trial has been down-weighted, another trial may acquire a greater
Importance for the classifier kearning and therefore, even though was previously labeled as outlier, should
not be removed, Accordingly, the process of down-weighting outliers identified by 1-5VM can sometimes
result on a decrease of performance, because of its inherent sensitivity to various factors, It should be yet
further studied and compared with otheér methods reported on the literature in order to be employed by
the BCI commiunity for diverse experiments. 5till, the current thesis was a first step towards it, whereas it
showed the encouraging results from 40 subjects for various CSP chaices in combination with 1-SWM ac a
novel technique for the identification of outliers in the EEG-BCI data sets,
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Appendix A = Matlab code: functions to handle outliers

ypred = zerga{data,l); %data = 75 {only cona olass) or 150 (both clazs=s)

¥ = arneava{avem, nu); t1=-8%VH ocoutller ldsntlflaation
indoneg = find[x<0); %trlals classlifisd as cutliecs
indpos = fipnd[x=0) s Yinliers

1E({f==1) Noatlisrs —> sigmoild ; mult 45% |outlisrs)
sigmult = =§.6/ [guantile(=(indneqg), [-45])));
for J=l:sizayprad,l)
if(x(3) =0
vpred(]) = 1;
&lga
ypredi{j]l = l./{1 = expi-1*abs(sigmult] *x{j}) s Fsigmoid
and
end
end

i£[f==2] %3ll dats -» slgmodd } molt §5% (outlisrs) S/ 535% (inliers)
aigmulcn = =4.6/ (quantiladxiindneg] , [451)1);
sigmaltp = —4.6/ (quantile{x{indpes},; [-3531)}7
for J=l:ialze(ypred,1i]
LEfeldy = O}
ypred{j} = L./{1l + exp{-1%abs |sigmaltp)*x(J)))s
algs

ypredii) = 1./(1 + exp(-l¥abe {sigmultn)*xi{j) )} Ysigmaid
end
[lata]

ancd

tF{f==F) Noitlimrs —> Sigmoid r mdlE 35% [oukllisacks]
Bigmult = —4.6f (quantile (x (indnegl,[.35]11]1:
for 9=l:=zlze{ypred, 1)
LE(x () > 0)
yprad{j] = l:
alzs

yored{d] = 1./4{1 + expi=1*zbs(sigmlt]*x(ji}}; %sigmoid
an 1

and
and

if[f==dq] Wall data -> gigmoid ; mult 35% (owtliers) / 65% (inliers]
sigmilen = =4.6/ (quankile (X {indpeg), [.35]));
sigmultp = -4 .6/ {guantila{x|{indpos), [.65]))s
for f=l:gize(ypred, 1)
if(=(j) > O
ypradijl = 1./(1 + exp(-1*abs{aigmultp)*=x(jili;:

el go

ypredijl = 1./(1 + exp(-1*abs(sigmulto)*x{j)1)s %sigmoid
2nd
and
and

if [f==58]) Rwoutliers —-> &lgmold ¢ mult 25% (ocutlisrs)
sigmult = 4.6/ (quantile{x{indneg),[-25]]1};
for j=l:alee (ypred,l]
i [ {f) = o)
ypred(l) = 1
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alsa 3x(j)=0
vpredid) = 1./(1 + exp(-1*abs(sigmult)}*x(j4))): %sigmoid
and
and
end

i (f==] Eall dates =% migmald ; mulkt 253 {owtliers) / 75% (inliers)
slgmultn = -4.&6/ [quantile [x{indneg)  [.25]1));
sigmultp = -4.6/ (guantile |x |{indposa), [.758]))

for j=l:size{ypred, 1]
if(xij) > 0]
yopred{j] = L./ {1 4 exp(=1*abDg(sigmultp)*x(1)))7
plas

yvored{j]l = L./{l + expi(-l®absi{sigmaltn)*=x(Jj)1))7 Ysigmoid
e
mnd
and

Lff{f==T} Bourcllers =2 glgmodd ; mulr 15% [outliecs)
sigmult = —4,6/ {quantile(x(indneg), [.151));
for J=l;siza(vpred, 1)
iE{xdj) = 0}
ypred(]) = 1:
alas

yprad(j) = 1./(1 4+ exp(=-l+aba(aigmule) *xi{}]); %ailgmaid
s
anid

and

if [f==E) W3ll data -> =igmoid ; molt 188 [pucllers] f BS5R [(inllers)
glgmultes = -4 6 {guantile (x(indneg) . [-15]1 312
signultp = —4.6/ {quantileixtindpos) . [.B51}];
for j=l:size(ypred,1)
if{=(i) > 0}
vered(d) = 1.041 + esp{-1*abs(siqmultpl*x{31)};
alas

ypred(j) = 1./(1 + azp|-l*zbs(sigoultn}*x (i} 1} taignoid
and
end
end

1f(f==2] %all data -> sigmoid 7 pult k=1200 [constant)
sigomlt = 1200
gypredf{:) = 1./41 + exp(=-l*aigmult=*x)); Ssigmoid
and

L (f==10}) %blnazy {welghts = 10°=33 or 1.0]
for l=lislze(ypred,l)
1ffzy) = o
yeead(i} = 0.0000000030000000000000001
alas
yprad (i = 1)
end
and
and
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Appendix B = Resumo Estendido em Portugués

A interface cérebro-maquina (BCI, do inglés broin-computer interface) representa a comunicacio entre o
cerebro & um computadar, que pode ser utilizado para ler e interpretar a atividade elétrica do cérebro
através de técnicas de processamento de sinais e aprendizagem de mdguina. Tal comunicacdo oferece um
grande gama de possibilidades para a pesguisa médica; por exemnplo: desenvolvimento de neuropriteses
controladas através do pensamento, controle de cadeira de rodas e soletragiio virtual.

A [ ,
Brain achvity { Feature BCl-based
measurement _""l Extraction b Classfcation | Application

= —— ] l ] — - - 5]
— Ko

Figura E.1: Esquema geral das fases da interface cérebro-maguina (BCI). Depois do bloco de classificacdo, o
sujeito tem a possibilidade de receber um feedback visual (fase online: sefdo 1.2) que pode facilitar a
consequente modulagio da atividade do cérebro em diregio ao resultado desejada.

Um dos principais problemas das BCls é a obtenclo dos sinals de interesse, A atividade do cérebro pode ser
ohtida através de métodos invasivos, baseados em cirurgia para posicionar ot elatrodos intermamente:; ou
através dagueles ndo-invasivos, como por exemplo o eletroencefalograma (EEG), a resondncia magnética
funcional (fMRI), @ magnetoencefalografia (MEG) e espectrascopia no infravermelfho proximo [MIRS).

Meste trabalho, foram avaliadas as BCls baseadas em EEG por diversos mativos. Inicialmente, EEG € a
tecnologia utilizada pelo grupo de pesquisa com gue este trabalho foi desenvolvido (Berfin Brain-Computer
Interface —BBCI). Também, & a técnica de medigio para BCI mais difundida, dado que nio & invasiva e seus
experimentos sdo baratos, se comparados a outros métodos de BCI. Além disso, EEG tem a vantagem de
apresentar uma elevada resolugdo temporal, o que € importante para uma aplicacio em tempao real.

Figura E.Z Touca com 62 eletrodos posicianados sobre o coura cabeluds do autor para um experiments RO

75




Depois de se decidir o método de aguisicdo da atividade cershral, devem-se determinar as caracteristicas
do sinal gue representam a informagBo Otil para & BCL. 1sto ¢, no sinal obtido deve existir uma evidéncia da
atividade de interesse. Tal evidéncia, chamada feature, pode ser subdividida em trés classes: os potenciais
de eventos relacionados (ERP), os potenciais corticais lentos (SCP) e os ritmos sensdrio-motares {SMR).

Mo presente trabalho, 580 analisados os ritmos sensdrio-motores. Eles s3o principalmente localizados nas
bandas de frequéncia p (9 = 13Hz) e B (15 - 30Hz). A escolha depende das caracteristicas especificas do
individuo. Uma redugdo ou um aumenta do espectra de poténcia correspondente reflete a execucio da
tarefa pelo sujeito. Essa mudanga no potencial do sinal representa uma resposta & variaclo de sincronizacdo
das populagies neurais que sio medidas pelos eletrodos do EEG. A partir de tais mudangas no espectro, o
sinal obtido deve ser classilicado.

ERD: i ! night, N= 8000, [-500 5000] ms [-0.40.33) gv

< -ﬂ "-II | ] £ |'-"‘-\.¢'.,' " rr:‘:-. -'E G U"f
1 of B T IR | o
ﬁh ’!u- e = )
! & T :
R Aol . | |-;|r T - .;".....: —_ H}w
5 | | i 3
- G 1 R v -.-_:I'.._:li-l:"‘ .Q:Jlf..;Jj:'./.

Figura E.3: DessincronizagGes relacionadas a evento (ERD) registradas pelo eletrodo CP3 (esquerda) e CPA
(direita} em fungio do tempe |ms). Em correspondéncia & imaginagio do movimento da mao direita (verde)
e da mio esquerda [vermelho), os dois sinais s3o facilmente discrimindwvels. Figura adaptada de [1].

Para as BCls que 530 baseadas em dessincronizagtes relacionadas a evento, a imaginagdo do movimento de
um dado membro corresponde a uma reducio do espectro de poténcia na rona contralateral do cortex,
enguanto o espectro na zona ipsilateral ndo sofre variagtes significativas, O algoritmo chamado Commaon
Spatiol Pattern (C5P) foi utilizado para a extragdo de t3is caracteristicas. Ele se baseia na amplificacio das
diferencas dos espectros de poténcias de cada zona sensdrio-motora.

o \ 0722 /"'f_jl_
Irr/ BT \I 361 ,.f"f R \
: 8 |
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Figura E.4: Distribuigdes, sobre uma representagio do couro cabeludo, do pottern (esquerda) & do filtro
(direita) C5F correspondentes a imaginacdo do movimento da mao direlta (right-hand motor imogery).
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Conforme mostrado na figura E.4, as saidas do C5P 530 05 o5 patterns e os filbros. Os pofterns representam a
distribuicBo original da atividade cercbral sobre o couro cabeludo do individuo. Os filtros, gquando
multiplicados pelo sinal original, resultam em uma amplificacdo das diferencas entre as variancias
observadas em cada zona sensorio-motora. Portanto, a aplicacio do C5P compreende um aumento da
discriminibilidade entre as tarefas executadas pelo sujeito, melhorando a dassificagio final,

Geralmente, tais tarefas, chamadas “classes”, sdo representadas por trés tipos de imaginagdes: movimento
da mdo direita, movimento da m3o esquerda & movimento de ambos os pés.

O CEP & eficente no que diz respeito ao aumento do rendimento da classificagdo somente entre duas
classes. Como sera posteriormente descrito, os experimentos BC realizados escolhem duas classes durante
a fase de calibragio para que seja possivel aplicar este método.

Uma ver que o3 festures foram extraidos, eles s3c separados em suas classes comrespondentes por um
classificador. Nesta projeto, foi utilizada a Andlise Discriminante Linear (LDA, do inglés Linear Discriminant
Anolysis), que é uma abordagem linear. O espaco n-dimansional a que pertencem as amostras 8 separado

por um hiperplane nos sub-espagos comespondentes as diversas classes. A direclo e a posigio deste
hiperplano sd3o definidas par um vetor normal we por wm limiar b

Ffix) = sgniw.x+ B)

A LDA calcula os parametros (wih) de forma a maximizar as margens meédias, sendo que "mangem” & a
minima disténcia entre uma amostra 2 o hiperplano. Assume-se gue todas as amostras sejam distribuidas
uniformemente de forma gaussiana com a mesma covaridincia quando projetadas na diregio de we

Figura E.5; Projecio de duas classes (branco e preto) na diregio do vetor 6timo w, ou seja, a diregdo em que
a5 distribuicbes gaussianas tem média maxima e varidncia minima. Isso garante uma maior discriminancia
entre as classes e, consequentemente, uma melhor performance do classificador.

A eficdcla da classiflcacio da LDA se basela na discrimindncia das amostras que pertencem a cada classe. Ela
¢ feita estimando-se a diregdo dtima de projecdo que resulta na mdxima média e na minima varidncia das
Baussianas. NO caso ideal, a subdivisdo das dasses ocorreria sem dificuldade, Porém, nos expenmentos BCI,
outlers estdo frequentemente presentes entre as amostras coletadas. O termo “outliers” descreve todas as
amostras que estdo claramente distantes das outras obsenvagdes disponiveis. Segundo a guantidade e
posicas no espaco de tais outiers, as caracteristicas do classificador podem se modificar drasticamente,
resultando em uma classificagdo final prejudicada {figura E.B).
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Figura E.6: Influéncia da presenga de outliers entre as amostras. A esquerda, distribuicio na auséncia de
outliers. A direita, quatra outliers (em vermalho) foram adicionados. Eles pertencem a classe representada
pelas amaostras brancas. Consequentemente, o vetor otimo w que rege a diregdo da projegdo ¢ modificado,
resultando em uma aproximacio entre as gaussianas e, portanto, uma reducio da discrimindncia entre elas,

Mos dados agui considerados, outllers s3o aquelas amostras cujas caracteristicas se diferenciam dos reais
features dos potenciais ERDJERS, Sua presenda se traduz em uma consldersvel redugdo de performance.

Os outfiers, além de representarem um problema para o classiticador LDA, podem influenciar fortemente
no calcule dos filtros e dos patterns Gtimos do C5P. 1550 pode ocormer porque o algoritmo 5P se baseia na
estima das matrizes de covaridncia gue representam as duas classes. A elevada sensibilidade de tal estima a
presenta de outliers & demaonstrada na literatura [2].

O presente trabalho propde um novo matodo para a identificagdo dos outliers nas amostras obtidas nos
experimentos BC| baseados em EEG. Este método se chama one-closs Support Vector Machine [1-5VM).

EEG Dala Feature Extraction Classifier
Collection *|+ Artifact Handlin Leamning

L Laplacian CsP
Filter _'i LN "is;-aﬁalﬂter

rrrr

Figura E.7: Esquema da fase de calibracio proposta na tese. Depois que o sinal EEG & obtido, passo que
inclui também um filtro passa-banda (ver capitulo 3), ha outros trés blocos de processamento para a
selecdo dos features para o aprendizadao do classificador: o filtro laplaciano, que serve para atenuar o ruido
de fundo (bockground) no simal EEG; 1-5WM para identificar os outliers (gue serdo posteriormente
removidos ou penalizados); e filtros espaciais CSP para reduzir a dimens3o dos dados enguanta se amplifica
adiferenca entre as variancias das classes,
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A ldéia Inicial do projeto era de classificar os outliers do grupa de calibracao e sucessivaments remové-los
ou penalizé-los antes da estimativa da matriz de covaridncia para a geragdo dos filtros C5F, que dependem
das amostras coletadas. De fato, o aprendizado do dassificador LDA poderia ser fortemente influenciado da
presenca de fais outliers.

Visando tal propésitn, foram wtilizadoes dados de quarenta individuos sem experiéncia prévia em
experimentos BCl. Foram escolhidos também aqueles que nbo tinham nenhum episddio precedente de
doenca nevroldgica, dado que sua presenca poderia interferir na execucdo da tarefa de imaginagdo dos

maovimentos. & coleta dos dados compreendia duas fases: calibeacdo (150 amostras) e feedback (300
amostras).

Ma verdade, a fase de calibracao era inicialmente composta de 225 amostras, sende 75 para cada classe
possivel (mda direita, m3o esguerda, pés). Entretanto, dado que o classificador & bindrio [discriminagde
entre duas classes), sao considerados as amostras de deas classes por vez tofalizando 150 amaostras, Para
isso, no final do processo de calibragio, 530 selecionados os dois grupos que apresentam o menor efro de
classificag@o. Este erro @ estimativa do atraves de cross-validation (ver pagina 20).

Um outro ponto importante & a coleta dos dados na fase online (de feedback). Dado que os dados utilizados
foram precedentemente obtidos para um outro projeto, ndo foi possivel, neste trabalho, aproveitar as
vantagens do feedback visive & da consequente possibilidade de modulagdo da atividade pelo individuo.,

Apesar gue uma analise offline ndo seja ideal, ela representa um primeiro passo para demonstrar a eficicia
do miétodo proposto para o aumento do desempenha de BCOIs. Além disso, se mesmo sem a modulagaos
online, este método é capaz de melhorar o percentual de classificages corretas dos dados da fase de teste,
se hipotiza que ele seria capa de produzir um desempenho ainda mefhor para o caso real -time,

Conforme mendonado anteriormente, 0 método proposto se baseia em SVM de uma classe {1-5VM). Uma
abordagem parecida foi publicada em literatura para identificar Intrusos (outliers) em uma rede [3].
Entretanto, tal método ainda ndo tinha side avaliade para BCIs antes do presente projeto.

1-5VM cria uma fronteira entre as amosiras classificadas como boas e aguelas como outliers. A Gipologia de
tal contorna, que neste caso apresenta 68 dimensdes (nimero de eletrodos usados para a coleta dos dados
durante os experimentos EEG), depende da escolha do parametro nu, que representa a probabilidade de
uma dada amastra ser outlier. Este pardmetro é definido pela pessoa que executa o experimento BCL.

Uma das avaliacfes faitas neste projeto foi definir a malhoer abordagem para a escolha do par@ametro mo.
Para cada caso, 0 seu valor 6timo era conhecido, dado que a andlize feita era offline. Ou seja, todos os
dados da fase de feedback podiam ser usadas até que o melhor vakor de m, isto & aguele que resultasse no
melhor desempenho de classificaclo, fosse encontrado. Entretanto, tal abordagem ndo é reprodutivel em
um experiments em tempo real e, por isso, so 8 vdlida para os testes, @ nio coma método real a se propor.

Conhecer o desempenho dtimo de cada individuo foi importante come meie de comparagio. A tabela E.1
compara o desempenho final médio entre os 40 individuos para diversos metodos de selegso de nu. Esses
resultadas foram confrontados com agueles atimos (coluna em amarzlo na tabela: método tedrico descrito
no pardgrafo anterior). Observa-ge nesta tabela que o método de cross-validation, em gue o valor de no
waria para cada indiviluo, mostrou-se melhor em refagao a sbordagem de fisar um valor de nv para todes
o5 participantes (limiar fixo). Porém tedos sempre distantes do valor dtima (tedrica), como esperado.

79




C5P choices Best nu CV nu nu =020 | nu=045 | nu=0.70
Filters per class: 1 22.442 24.987 26.675 27.737 28.667
Shrinkage: No
Filter per class: 1 23179 | 26.001 26.775 26,771 27.411
__Shrinkage: Yes : g ) .
Filter per class: 3 22.100 25.879 25375 | 25275 27.592
Shrinkage: Yes
Filter per class: 3 21,612 26.308 26.871 27.137 29.312
Shrinkage: No fined

Tabela E.1: Erros percentuais médios para 40 sujeitos. O valor obtide pelos métodos de cross-validation e de
limiar fixe foi confrontado para diversas escolhas de nu. & coluna em amarelo representa os resultados
otimos e ndo reprodutiveis. Os valores colocados em evidéncia em azul representam o melhor desempenho

final, dado que 580 05 Menores erros percentuals. Pode-se conclulr gue a cross-validation (O] fol a melthor
alternativa.

Cross-validation & um metodo que se baseia na estimativa do desempenho usando apenas o conjunto de
dados da callbragdo, £ realizado através da divisio deste conjunto em cinco subconjuntos. Quatro deles
{120 amostras| sdo fornecidos ao 1-5VM para cada valor possivel de nu (no total foram avaliados 20 valores
entre 0 e 0.95 igualmente espacados entre £i). As amostras classificadas como outliers 3o penalizadas, Az
120 amostras 530 entdo fornecidas ao algoritmo C5P e, depais, para a aprendizagem do classificador LDA.

Depois do aprendizado, as 30 amostras restantes (quinto subconjunto) s3o fornecidos ao LDA, que deve
classificd-las corretamente, O desempenho da dassificagio ¢ obtida ao comparar o output do LDA com as
etiguetas verdadeiras das amostras. Portanto, o valor de nu que corresponder ao menar err percentual,
isto é, o melhor desempenho, & escalhido para a avaliacdo final dos outliers no conjunto de 150 amostras.

LUma outra escolha importante para o 1-5WM & definir quais amostras serdo fornecddas como sua entrada.
As duas alternativas avaliadas nesse trabalho s3o; i} fornecer todo o conjunto de calibragdo ﬂlEﬂ:l; ou ii:l U ma
ciasse [75) de cada vezr. No primelirs cass, poderia ooorrer o problema que um outlier de vma dada dasse
nao seja identificado porgue, na verdade, se encontra no subespago da segunda classe (figura E.B|.

Figura E.B: Comparacdo entre as fronteiras criadas para duas dasses |esguerda) ou uma classe [direita)
coma entrada do 1-5%M. Os circules verdes representam a primeira classe, enguanto os azuis a segunda.
Agueles vermelhos sSo os outlers da primeira classe, A esquerda, existe um outlier dentro do subespago da
segunda classe e por isso ndo @ identificado, Entretanto, a direita, caso em que somente as amostras da
primeira classe foram formecidas, todos os outliers puderam ser corretamente identificados pelo 1-SVM.
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Mio obstante, a tabela 5.2 mostra como o caso de apresentar duas classes como entrada resulta melhor,

Aoth classes One class Both classes One class
(best nu) |best ) {CY nu) {EW nuj
Filters per class: 1 5.6583 -4, 8375 -3.1125 -1.8042
Shrinkage: No -} =

Filter per class: 1 -5.0333 4. 5167 -2 6042 -2, 7500
Shrinkage: Yes

Filter per class: 3 -6.0750 -5.4202 -2.3792 -21.4058
Shrinkage: No

Filter per class: 3 -4,5167 -3.9583 -1.1375 -0.6542
Shrinkage: Yes

Tabela E.2: Média {entre 40 individuos) da redugdo dos erros percentuais para diversas possibilidades de
escolha do C5P Quanto mais negative o valor, mals o desempenho médio melhorou. As duas primeiras
colunas (verde) comparam as alternativas de entrada para o valor otimo (tedrico) do pardmetra nu,
enquanta as duas ditimas (laranja) toma como referéncia o método de cross-validation para sua escolha. O
melhor valor observado de redug3o do erro para cada par [verde ou laranja) € apresentado em azul.

Hipotizou-5¢ que os resultados acima sejam consegquéneia do use do mesmo valer de nu para ambas as
classes, mesmo quando elas sdo fornecidas separadamente ao 1-5VM. O problema é que pode existir o caso
em que uma classe tenha multo mais outliers que a outra. Assim, se ambas sdo avaliadas com. a mesma
probabilidade de que uma amostra seja um outlier, isto & o mesmo valor de nu, algumas amostras serdo
certamente identificadas de forma ermdnea.

Entretanto, a decisio de usar o mesmo nu 58 baseia em uma outra hipdtese: a possibllidade de uma
redugdo na eficicia da cross-validation, dado que o nu eleito dificilmente alcanga o valor 6timo, ou seja, o
valor que resulta no melhar desempenho. Por causa dissa, escolher dois valores diversos, através de um
processo gue ndo & suficlente preciso, poderia resultar em um desempenho ainda pior.

Depois que os outliers foram identificados, deve-se decidir como tratd-los. £ possivel remové-los por
completo ou penaliza-los com pesos que sejam proporcionais a sua distdncia da fronteira criada pelo 1-
SVM. A idéia de ndo remover totalmente se baseia na hipdtese de que gles possam conter caracteristicas
importantes para a aprendizagem do classificador LD,

Para a penafizagdo, usou-se uma fungdo sigmdide [secdo 4.3) com nove configuragdes diversas (apéndice A).
Oito foram criadas a partir de um método astatistico, em que se escolhe um percentual das amastras que
foram anteriormente identificadas como outliers para receber pesos entre 0.01 e 0.50. Tal abordagem foi
utilizada com a finalidade de controlar melhor a distribuizio dos outliers ao longo da fungdo sigmdide com
relazdo a um percentual pré-definido [através de guontiles).

Além disso, foram considerados os casos em que as amostras classificadas como nao-putliers também s3o
penalizadas, sempre de acordo com a distAncia da fronteira criada. Essa decisdo se baseia na possibllidade
de corrigir uma possivel classificacio errada. Isto &, um outlier que Fol classificado como amostra boa serd,
gessa forma, mais penalizado quanto mais perto se encontrar da fronteira do 1-5vM,

Todas essas fungies de penalizagbes de outliers foram comparadas com a alternativa da remocgio completa
(funcdo K10} na tabela E.3.
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Para a tabela E3, foram utilizados os métodos abaixo (1 - 3} gque usam as varidveis presentes em (i —v):

(EV— opt )
4} E:L1 IN"P[

(opij— min (remow orig; )
5) E.:ij_ ey ':” Dy EH_

5_} E;,r:i (V= min {r;mui ,uTEEI-_}

v} Cv: 1-5WM + pardmetro nu escolhido atraves da cross-validation
vi) opt: 1-SVM + nu dtimo (tedsico)

wik) remov; remocio de outliers marcados através de um método de filtro (segio 2.3)
wili] orig: consideram-se todas as amostras, sem gualguer identificacio de outliers
Function Index Evaluation Method 1 Evaluation Method 2 Evaluation Mathod 3

" 3.3792 -3.0750 0.3042
] 3.1958 -2.9042 02517
#3 3.0875 | -2.9917 i 004958
H4 3,2875 | -2.7000 | 0.5875
#5 3.6167 ' -2.9583 0.6583
#h 2.60432 -2 5708 00335
7 20167 -2.9708 0,054
] 2.7417 -2 6EET 0.07540
Ha 49875 -1a547 00333
#10 3.7782 -3.3708 0.4083

Tabela E.3; Avaliagdo das fungdes para tratar os outliers identificados pelo 1-5WM. O resultado em azul
representa o melhor desempenho para o au otimo (tedrico), enquanto o resultado em wvermelho mostra a
maior distédncia entre os resultados obtides pela cross-validation [real) e aguele otmo (tedrico).

Apesar de a funcio que remove completamenta os outliers tenha apresentado o melhar resultado para o
meétodo que avalia o potencial do 1-5VM, ou seja, em relacdo aos valores otimos de nu; ela ambém
aprasentou o plor resultade para o métode que avalia a distincia entre os resultados tedricos e reais,
baseados nela eleicdo do pardmetra nu pela cross-valldation, Ou seja, em um experimento em tempo real,
em que o nd dtimo ndo é conhecido, a funcdo que remove completamente os outllers resultarla em uma
dos piores desempenhos finais do classificador.

Partanto, hipotizou-se que o 1-SWM possa ser capaz de identificar todos os outliers a serem removidos
completaments somente no caso ideal, que ndo € reprodutivel na pratica. Porém, considerando o caso real
para escolha do pu através cross-validation, uma abordagem mais segura seria aguela de penalizar as
amostras e, assim, manter suas informacies para assegurar uma melhor classificacdo BCI final.

A avaliagiio final do erro percentual para cada individuo apresentada na figura E.9 considera as escolhas do
1-5VM até agora expostas; aplicacio de cross-validation para escolha do pardmetro nw, 8 aplicagio de todo
o conjunto de amostras de calibragdo como sua entrada e o uso de uma funcgdo que penalize as amostras
em vez de remowi-los.




Abém das escolhas do 1-5VM, devem-se escolher também as alternativas para o CSP Por exemplo, o nimero
de filtros a serem considerados e a presenca {ou auséncia) de shrinkage para a estimativa da matriz de
covariancia. O shrinkoge envolve uma estimativa mais robuta em presenca de outliers [4]. Para avaliar o
potencial do 1-5VM em relagdo & escotha em que se espera ser maks estavel, usou-se, portanto, shrinkage.
Além disso, em relagSo ao ndmero de filtros por classe, foram escolhidos trés, porque se hipotiza que,
assim, s& ha urma menor perda de informacio.

C3P; thres filters per class + shrinkage covarance malrix
1-5VM; both ctasses as feature sel input
Erer rate evalution compansd with y = Efrof rate avolution comparad with y = x
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Figura E.9: Comparacan do erro percentual entre a aplicacdo e a auséncia do 1-5WM coma tratamento dos
dados. 580 considerados o shrinkage, o C5P com trés filtros por classe, e ambas as classes sdo formecidas
como entrada ao 1-5VM. Cada cruz representa um individuo diferente & a sua posigio espacial segue o erro
percentual registrado no método de referéncia (eixo y] comparado com aquele do meétodo proposto (sixo
x). Nos grificos & esguerda, o elxo y representa um método de filtragem para tratar os outliers (ver seglio
2.3), Cada grafico apresenta, ainda, uma reta y = & que Ser como um limiar visual para (lustrar quais
individuos realmente apresentaram uma redugdo do erro percentual para 0 método proposto {quando se
locafizam em cima da reta).

0= valores em vermelho na figura E.9 representam numericamente ¢ melhoramento observado na presenga
do 1-3WmM gquando comparada com o método de referéncia. "Ratio™ representa o nomero de individuos que
apresentaram um aumento estrito, engquanto "imp" [imorovement) mostra a atenuagdo resultante ne erro
percentual em termos de média de todos os 40 individuos.
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A partir dos graficos na figura E.9, € possivel concluir que o 1-SVM tem potencial de reduzir o erra
percentual ohservade na classificagdo final de um sistema BCI. O quarto grafico, isto &, aquele que compara
0 conjunto de dados originais com o uso de nu Gtimo, mostra claramente come o métado proposto poderia

efetivamente melhorar o desempenho. Tal potencial se traduz no nilmers de individuss que apresentaram
urm estrito aumento do desempenho: 32/40 (809%).

Além disso, a partir de uma inspecdo visual do mesmo grifico, pede-se ver que os outros 20% apresentam
um desempenho final praticamente igual aguela inicial, isto &, o erro permanece estdvel (ndo piora). Este &
um outro ponte favordvel ao uso de -5V,

Um resultado parecido pode ser encontrado ao comparar o ero percentual do método 1-SWM (figura E.O:
grafico embalxo & esquerda) com o método de filtragem para identificacio dos outliers (secdo 2.3). Em tal

confronta, nenhum individuo apresentou uma redugdo do desempenho. 87,5% dos Iindividuos tiveram um
melhoramento.

Ma aplicacdo do 1-5VM com cross-validation, a relagBo de individuos que apresentaram um aumento de
desempenho absoluto 80 se comparar com o conjunto de dades originais (grafico superior & direita) se
reduz a 45%. Além disso, pode-se apresentar uma queda de desempenho de até 10%.

Apesar disso, 0 método com cross-validation ainda foi capaz de reduzir o erro percentual de dois individuos
até aproximadamente 20%. E um resultado expressivo, dado que tomou-se como referdneia a combinacio
para o C5P de trés filtros por classe e shrinkage, que representa elevada Imunidade & presenca de outliers.

Analises adicionais para o individuo rotulado como YPjh_08_05_27 no banco de dados do BBC foram
realizadas e discutidas. Este sujeito & um daqueles que tinham apresentade um expressiva melhoramento
do desempenho depois da aplicagdo de 1-SVM com cross-validation (figura E.10).

Errorate: oniginal dala (wilhoud removelrials) x nu from CV

5 ¥ & 8 B8

mifial enroe: 30 33%
persl-SVM efrar: 31 67%
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Figura E.10: Desempenho do Individuo escolhido (circulo vermelho) para andlises adiclonals. O grifico
mostra a reducde do erro percentual depois da aplicagio do 1-SWM. O confronto € feito no seguinte
contexto: aplicacio de shrinkage para a estimativa da matriz de covaridncia, CSP com trds filtros por classe e
uso de ambas a5 classes como entrada para o 1-5VW,




Para awaliar a influéncia de uma Unica amostra no desempenho final, grificos que confrontam o ermo
percentual com o peso de penalizagdo 530 expostos na secio 6.2 para diversos conjuntos de referéncia, A
partir destes graficos, podem-se fazer observacdes e conclusdes importantes:

a] O melhor desempenho realizavel ndo ocorre necessariamente para os pesos extremos (0.0 ou 1.0),
mas pode ser encontrada para pesos intermadidrios, como, por exemplo, 0.2 {figura 6.2);

b) A suséncia do shrinkage na estimativa da matriz de covaridncias resulta, como esperado, em uma
maior alteragao de desempenho, que se traduz em uma elevada transigio de cores (figura 6.3);

cl Apenas um passo de variacio de nu (0.05) pode resultar em uma perda expressiva de desempenho
(por exemplo 15%, comparande as figuras 6.4 e 6.5); isso mostra a elevada sensibllidade ne output
do 1-5VM &, portanto, um obstaculo a cross-validation para alcangar um desempenho dtime;

d) Uma unica amostra, dependenda do conjunte de referéncia, pode influenciar consideravelmente o
desempenho, dado que sa registrou seja um melhoramenta gue uma reducio de 15% (figura 6.5);

e} Aremotdo e inclusdo de amostras que, guando separadamente tinham melhorado o desempenho
(tabelas 6.1 e £.2), pode ainda levar a uma reducdo do desempenho se consideradas juntamente;
iss0 demaonstra a dependéncia do processo de penalizacio ao conjunto de amaostras de referéncia.

Para compreender melhor o ponto (e) elencade acima, a segSo 6.3 apresenta andlises da alteracio da
posigio do subespago definido pelos filtros CSP. Isto fol feito através da remoclo de duas amostras
particulares (RDO5, #117) ou inclusdo de outras trés (#101, #105, #107). Essa avalicio foi realizada como
sucessdo dos resultades apresentados nas tabelas E4 & E.5,

Initial Remaoving #5 Removing #117 Removing both
Weight #O5 1.0 0.0 1.0 0.0
Weight #117 1.0 1.0 0.0 2.0
Error rate 31.00% 17.00% 18.67% 13.67%

Tabela E.4: Andlise da evolugdo do erro percentual dependendo da remogio das amostras sugeridas pela
figura 6.5 A primeira coluna mostra 03 pesos iniclais de tais amostras e o erro percentual correspondenta. A
segunda & a terceira coluna apresentam a remogdo de somente uma amostra, o que jd resulta em uma
considerdvel diminuicBo do erro. Na quarta coluna ambas as amostras do removidas, com a expectativa

gue tal abordagem resultaria num desempenho ainda melhor, De fato, dessa farma, o ero foi reduzido
ainda mais.

Imitizl Including #101 | Including 4105 | Including 4107 Including all
Weight #101 00001 1.0 0.0001 0.0001 1.0
Weight #105 0.0102 0.0102 1.0 0.0102 1.0
Weight #107 0.0016 0.0016 0.0016 1.0 1.0
Error rate 31.00% 20.33% 19.00% 20.00% 16.67%

Tabela E.5: Anidlise da evolugBo do erro percentual dependendo da remogio das amostras sugeridas pela
figura £.5. A primeira eoluna mostra os pesos iniciais de tais amostras @ o erro percentual correspondente. A
segunda, a terceira e a quarta coluna apresentam a inclusio de somente urma amostra. o que j3 resulta em
umna considerdvel diminuicio do erro. Na quinta coluna as trés amostras s3o inclusas, com a expectativa que
til abordagem resultaria num desempenhao ainda melhor. De fato, dessa forma, o erfo reduziou-se mais.

Em particular, a tabela E.6 mostra gue os filtros da primeira classe (Mo esquerda) tenham sofrido uma
elevada alteracdo espacial depois da remocdo e da inclusdo das amostras. Isso se reflete no dngulo dos
filtros. Em particular, o ngulo em relagdo ae primeira filtro sofreu uma grande variacio (74 e B53).
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Angle: original vs. removal Angle: ariginal vs. Inclusion
1st filber 74.582 85.273
2nd filter 51.674 33,486
Ird filter 19.539 85.830
ath filter 8.805 5.943
Sth filter 14.026 ' 10.665
Bith filter 2.904 7.457

Tabela E.6: Comparagso da posicdo espacial dos filtros CSP através dos dngulos entre 05 mesmos, antes e
depois da remocdo (primeira coluna) e da inclusdo (segunda coluna) das amaostras.

Hipotizou-5e que tal alteracdo na posicdo seja responsavel por uma reducdo do desempenho, como
mostrade na tabela E7. O problema pode ser devido 2o fato que es filtros CSP obtidos do conjute de
calibracdo 580 sucessivamente utilizados também para o conjunto de amostras de teste (feedback).

Initial Removing outliars Including inliers Both methods
 Weight #005 1.0 0.0 1.0 0.0
Weight 8117 1.0 0.0 1.0 0.0
Weight #101 0.0001 0.0001 1.0 10
Weight #105 0.0102 0.0102 1.0 1.0
Weight #107 0.0015 0.0016 1.0 1.0
Error rate 31.00% 14.67% 16.67% 30.33%

Tabela E.7: Analise da evolugdo do erro percentual dependendo da remogdo e da inclusio das amostras
sugeridas pela figura 6.5. A primeira coluna mostra os pesos iniciais de tais amostras e o erro percentual
correspondente. A segunda coluna apresenta a inclusdo das amostras 8005 e #117, enquanto a terceira
Inclul as amostras #101, #105, #107. A quarta coluna apresenta ambos os métedos juntos com a expectativa
de que tal abordagem resultaria num desempenho ainda melhor. Entretants, neste caso, a combinacio dos
métodos resulta em um aumento do erro percentual, guase retornando ao seu valor inicial,

De fato, se tais filtros @ passam por uma elevada alterac3o sefa pela remocdo que pela inclusio de
amaostras, & possivel na vardade esperar que, quando os métodos s3o combinadas, os filtros CSP resultantes
possam nao ser mals eficazes e, consequentements, interferir negativamente na classificagiio final do BCI.

Enfim, a tabela E.8 mostra a correspondéneia entre a amostra e a tarefa executada (m3o esquerda ou pés),
Apesar de que se poderia esperar, por exemplo para o caso da remogdo das amostras (azul), que ambas
amastras correspondessemn & mao esquerda (dado que os filtros correspondantas, indices 1-3, foram muito
alterados depois da remogdo deles — tabela E.6), na verdade a amostra #005 corresponde a tarefa dos pés.

#005 | #117 #101 #105 #107
Feat | Lefy Left Feet Left

Tabela E.8: Representagdo da classe a que cada amostra pertence. As amostras removidas sio evidenciadas
em azul, enquanto aquelas inclusas epm verde,

Foi hipofizado que a amostra d2 m3o esquerda |#117) seja decisiva na definigie dos filtras CSP
correspondentes, enquanto aguela relaclonada aos pés ndo. Apesar disso, esta amostra foi capaz de
melhorar o desempenho em 14% quando eonsiderada separadamente, Tal resultado sugere gque a
aprendizagem do classificador & o cilculo dos filtros CSP ndo sSo sempre correlatos, ainda que ambos
possam influenciar no desempenho final de um sisterma baseado em brain-computer interface.
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Como conclusdes do que foi apresentado de forma condesada neste resumeo em portugués (encoraja-se a
leitura completa dos proximos capitulos em Inglés), podemos elencar os seguintes topicos principals:

0 método proposto neste trabatho apresenta um cariter inovativo, pols ndo fora relatado na literatura até
entdo. Isto &, a utilizacae de Suppart Vector Machine ja foi feita no contexto de Brain-Computer |nterfaces,
mas com a diferenca que nomalmente & empregada na fase de classificaglo, ou sef, no lugar da Andlise
Discriminante Linear utilizada neste trabaiho, Enquanto que se sugere agul seu emprego para identificac o

de outliers antes da aplicagdo do filtro espacial C5P, dado que a estima das matrizes de covariancias para
aste & muito sensiel i presenca de outllers,

Além disso, no mitodo classificatorio, emprega-se na verdade a wersBo dé duas classes [2-5VM), enguanto a
presente monografia utiliza -5, 1sto deve-se a hipotese de gue todas as amostras boas, de interesse,
estejam concetradas em uma regido do espago, enquanto todos os outliers estejam distribuidos fora dessa
regian. Portanto, a idéia central & eriar uma fronteira que separe a regido das amostras boas (uma classe) de
de o resto do espaco.

Fara isso, € necessario fornecer um pardmetro {nu} de entrada ao 1-5VM que representa a probabilidade de
uma dada amostra ser outlier. Mostrou-se que um limiar fixo para este valor nfo & a melhor opcdo devido 3
grande variabilidade entre os individuos, Alguns podem ter perdido 3 atengBo maks Facilmente ou realizado
movimentos musculares {EMG) ou oculares [EOG), gue sd0 as fontes mais comuns de autliers em BC) g,
portanto, apresentam um numens diferente de amostras efetivamente boas, Consequentemente, optou-se
pelo método estatstico chamado cross-validation que, apesar de ainda nio alcancar o valor dtima (tedrico)
de desempenho final — que representa o potencial maximo do 1-5VM, manteve-se com resultados melhores
daqueles obtidos com limiares fixos, como esperado.

1-5VM fornece como saida de seu algeritmo um vetor com espécie de “pesos” para cada amostra fornecida.
Este vetor pode conter valores negativos e positivos, representando a distincia de cada amostra & margem
criada para separar as amostraz boas dos outliers. Quande uma amostra for definida como boa, apresenta
valor positive enquanto os outliers apresentam valores negatives. £ o mddulo destes valores representa a
distdncia espacial da amostra até a fronteira de separacdo. Com isso, em vez de simplesmente remover
focas as amostras com valores. negativos, & possivel penalita-los com pesos proporcionais s distincas
recebidas como saida do 1-5VM. Essa abordagem se mostrou mais segura & com melhores resultados, pois
apesar de algumas amastras serem consideradas outliers, elas ainda podem conter informagies que sjeam
complementares as outras amostras e de interesse para a aprendizagem do classificador LDA.

Alern disso, o desempenho final se mostrou muito sensivel & escolha do pardmetro nu. Comao apresentadao,
sua escolha atrivés de cross-validation, na maioria das vezes, néo alcanga o mesmo desempenho dtimo
itedrico, ndo realizavel em tempo real], Isso significa que o valor de nu ideal para um determinado individuo
abtide estatisticamente pode ndo ser o ideal para ele. Portanto. remover todas as amostras para tal valar
seria uma abordagem muito arriscada. E assim prefere-se a opsdo de penalizd-las através de quantiles,

A figura E.9 apresenta os resultades finais para os 40 individuos tomados como base de comparac o para
este estudo, Em particular os graficos 3 direita comparam o desempenho do métedo original {sem 1-SWM)
com agquele a partir da intredugdo da téenica proposta neste trabalho, Nota-se o grande potendal que esta
técnica apresents para BC) enguanto considerando o valor nu tedrico [quarto grdfica): 80% dos ind Miduos
apresentaram uma melhora estrita do desempenho. E 0 caso real, com cross-validation, ainda obieve uma
grande mefhora, em particular para dois individuos cujo desempenho resultow ser aproximadamente 20%
maior que aquels original: uma melhora extrermamente significativa para experimentos BCI.
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