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Abstract

Brain-Computer Interface (BCI) represents the communication between the brain and a computer, which

may be used to read and interpret the electrical activity of the brain through signal processing and machine

learning. Such communication offers a great gamma of possibilities for the medical research, for example

the development of neuroprosthetics controlled by motor imagery, wheelchair 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 Resonance Imaging (fMRI),

Magnetoencephalography (MEG) and Near-Infrared Spectroscopy (NIRS). For the EEG 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 second is carried out in order to evaluate 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 temporal and spatial filters, classification techniques and outliers removal. These
techniques are focused on improving the BCI classification performance in order to assure a better

reliability of the BCI-based devices. This report elucidates a novel method for the pre-processing of the EEG

event-related (de)synchronization (ERS/ERD) features that results in an increase of the BC I’s final

classification performance when combined with Common Spatial Patterns (CSP) spatial filters. Moreover,
the current work will also illustrate how this method showed to 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 c6rebro-miquina representa a comunicag30 entre o c6rebro e um computador, que pode ser

utilizado para ler e interpretar a atividade e16trica do c6rebro atrav6s de t6cnicas de processamento de
sinais e aprendizagem de m6quina. TaI comunicagao oferece um grande gama de possibilidades para a

pesquisa m6dica; por exemplo: desenvolvimento de neuropr6teses controladas atrav6s do pensamento,
controle de cadeira de rodas e soletrag30 virtual. A atividade do c6rebro pode ser obtida atrav6s de

m6todos invasivos, baseados em cirurgia para posicionar os eletrodos internamente; ou atrav6s daqueles
nao-invasivos, como por exemplo o eletroencefalograma (EEG), a resonancia magn6tica funcional (fMRI), a

magnetoencefalografia (MEG) e espectroscopia no infravermelho pr6ximo (NtRS). Para os experimentos
feitos com EEG, objeto de estudo deste trabalho, existem duas fases fundamentals para a obteng30 dos

dados. A primeira, chamada “calibra9ao”, compreende o aprendizado do classificador; enquanto a segunda

6 feita para avaliar a performance do classificador durante um teste com presenga de feedback visual para
o individuo. T6cnicas de processamento de sinais jg foram muito investigadas por diversos grupos de
pesquisa e, por isso, diversas abordagens sao atualmente disponiveis para a extragao de features do sinaI

EEG, a16m de m6todos de classificagao e remogao de outliers. Essas t6cnicas buscam o aumento da

performance de classificagao de um sistema BCI, para que se possa obter uma maior seguranga no uso de
tais dispositivos. Este trabalho exp6e um novo m6todo de pr6-processamento dos features de EEG
relacionados com a (de)sincronizag30 relacionada a evento (ERS/ERD). A aplicag30 deste m6todo, quando

associado aos filtros espaciais Common Spatial Patterns (CSP), produz um consideravel aumento da
performance final. A16m disso, a efic6cia deste m6todo tamb6m sera investigada para outros m6todos de

aprendizagem de miquina, por exemplo com um diferente n6mero de filtros utilizados para o CSP ou a
estima de matriz de covariancias de encolhimento (shrinkage covariance matrix) .

* No Apandice B deste relat6rio, encontra-se um resumo estendido de treze paginas em Portugu6s.
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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 to 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 control [4, 5, 6], and
virtual spelling [7, 8]. These applications are all based on the understanding of the subject’s intention
through BCI and, when effective, could represent a great improvement on the daily life of a person who has
lost the movement of an upper and/or a lower limb; and including patients with e.g. amyotrophic lateral

sclerosis, whose communication could be facilitated by online interaction through such virtual spellers.

Moreover, BCls can also be applied into other contexts, e.g. internet browsing by paralyzed patients [9, IO],
composition and performance of music [11], exploration of a virtual environment [12] and games playing
[13, 14]. The employment of BCls on these areas also represents a better insertion of e.g. spinal cord

injured patients on every kind of activity, in which they could use their intention to conduct and control the
corresponding machine that will act in the place of their limb. However, unlike the limb prosthetic control,

these operations are not necessarily based 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 BCI measure and control of the subject’s affective and cognitive state can provide to the
computer further information about attention, anxiety, pleasure and frustration; offering a further control

regarding the current task load [16]. Within the measure of affective states, a BCI can be projected for

games applications [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 the future.

As it has been previously exposed, the use of BCls may stand for a great enhancement on the daily life of

patients with diverse kinds of disorders, such as spinal cord injury, amyotrophic lateral sclerosis, and
hearing problems. Nevertheless, such approach still presents various difficulties to its implementation,

related to each element of 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 chapter.

Brain activity
lrleasurernent ,}

Feature
Extraction >: Classification -g BC I-based

Application

Subject

[

Visual
Feeatnc k

Figure 1.1: A general scheme of the stages on brain-computer interface (BCI). After the classification block,
there is the possibility of a 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, emotional states) towards the desired
result
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1.2 Signal measurement

One of the major issues on the feasibility of BCI 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 non-

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 summarized below along with the methods general operation.

Invasive techniques

The invasive methods regarding BCI are divided into two different approaches: microelectrodes and

electrocorticography (ECoG), with the common characteristic of being both implanted through surgery.

i) Microelectrod es

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

neuron or the activity of a local population of neurons, also measured in the cortex. Therefore, this
approach has the advantage of a high resolution on the recording of neuron 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 great surgery 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 due

to the scarring processes, which results on a decrease of the signal-to-noise ratio (SNR). Another point to be

depicted about this technique 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].

ii) 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 technique, standing between the microelectrodes

and the non-invasive methods. It is depicted as 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 resolution

and a lower influence of environmental noise, because it is placed under the patient’s skull, resulting in a

greater SNR. Nonetheless, considering it is invasive, there are still surgery risks for the patient, including
tissue damage and consequent infection. ECoG-based BCI 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.

Non–invasive techniques

The non-invasive methods for BCt can be divided into two different groups namely imaging techniques and

electrophysiological techniques. The first group is formed by functional Magnetic Resonance Imaging (fMRI)

and Near-Infrared Spectroscopy (NIRS), while the second consists of Magnetoencephalography (MEG) and

Electroencephalogram (EEG).
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i) functional Magnetic Resonance Imaging (fMRI)

In order to map the neural activity, i.e. 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

techniques, it requires an isolated room and a large equipment to generate the magnetic field, and

therefore may not be feasible for the traditional BCI 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
resolution. Some studies evaluated the possibilities of fMRI employment in the BCI context [27, 28].
Furthermore, 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].

ii) Near-lnfraread Spectroscopy (NIRS)

NIRS measures also rely on the contrast caused by the level of blood oxygenation in different areas of the
brain. Although, this recent studied method for BCI presents the advantages of do not depend on magnetic

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 comparable costs to the EEG, since the

changes are measured with optical recording devices. However, they represent a decrease on the spatial

and temporal resolution. The major drawback of its application relies on the consequent BCI classification

performance, which reflects the limited transfer rate of information caused by the hemodynamic latency of

change. Therefore, the final accuracy is still reduced compared to the EEG approach, which presents some

similar advantages of usage. Nonetheless, diverse research groups are highly encouraged by this new

technique for BCI applications [31, 32, 33, 34].

iii) Magnetoencephalography (MEG)

MEG measures 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

further magnetic field application as seen on the fMRI method. Nevertheless, it requires a huge coil with
various magnometers in order to read the weak magnetic signals generated on the brain. Moreover it is
also necessary to perform the experiments on a completely magnetically shielded room, in order to isolate

it from external magnetic sources, comprising the Earth’s field. The advantages are the noninvasiveness,

higher temporal resolution than the imaging techniques and higher spatial resolution than the EEG.

Therefore, in spite of the constraint to a shielded room, it is a promising method and its viability on the BCt
field has been studied by several groups [35, 36]. In addition, a new development regarding the equipment

scale has been recently reported [37].

iv) Electroencephalogram (EEG)

EEG is the measurement technique still most used for BCI, due to its noninvasiveness and inexpensive

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).

Nevertheless, 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. To solve it, the EEG-based BCI experiments require a preparation phase based

on the introduction of gel, which will be the interface between the scalp and the electrode, attenuating its

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

purposes; but is out of question for practical contexts, e.g. 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 usage 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]. Some of them may be handled through machine learning techniques that will be

exposed along this report, including the novel method proposed.

Figure 1.2: Cap with 62 electrodes positioned over the author’s scalp for an EEG experiment.

The choice of what technique that one should use for a BCI approach as exposed above is neither unique

nor linear. It depends mainly on the final purpose, i.e. the application one wants to achieve with such
approach. Moreover, it may be a personal decision. 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 possible to tell which
the best alternative is.

The present thesis’ report will focus particularly on the EEG-based BCls according to the group within which
this work has been developed: the Berlin 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. e. there must be
something within the signal as an evidence of the corresponding activity, e.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 some other event, which may be external, e.g. a

visual stimulus; but also internal. Within the BCI context, the events 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 corresponding
signal-to-noise ratio (SNR), since the resulting average of the background activity will gradually decrease,

while the signal (feature) is always repeated. Nevertheless, averaging is not an option for BCI applications,

given its necessity of single trial classification. 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 BCI field are:

a)

b)

Steady State Visually Evoked Potentials (SSVEP), in which the generated signals are a response to

light sources oscillating 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]
P300 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 BCI to identify it. Hence,

this approach may be used for virtual spellers, where the subject visually selects the letters. [46, 47]

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
error negativity and error positivity. Although the first component is also visible on correct trials,

the last appears only on the wrong ones. Therefore the error-related potentials may be used as a
further mechanism to evaluate and consequently improve the system performance. [48, 49]

C)

Slow Cortical Potentials [50, 51]

Aiming to amyotrophic lateral sclerosis (ALS) patients, whose all motor neurons undergo progressive

degeneration, slow cortical potentials (SCP) emerge as a possibility to control electronic spelling devices. In
opposition to the P300 potential that is also used for virtual spellers, the SCPs result of a self-regulation 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 into two new
groups of letters and the subject selects once again the wanted one with the EEG shift regulation. This
process is repeated until the letter is finally identified. This approach has also the possibility of a “go back”

option, which is presented when the subject rejects the current two possible letter sets. Therefore it offers

the possibility to go back one level, increasing the performance of the letters selection by such approach.

Sensorimotor Rhythm

There are some particular bands of frequency of the signal obtained over the sensorimotor cortex that
reflect/ e.g. the subject’s motor imagery, through a decrease or an increase of the corresponding band

power. Such change on the band power is the response to a variation on synchronization of the neuronal

populations measured by the electrodes. Depending on the subject’s responses, which present variability

among subjects, one may consider either the p- (9 – 13Hz) or the B-band (15 – 30Hz), since both undergo

desynchronization effects, in order to classify the measured signal [52, 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 discriminabilitv 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.

ERD: lea / right. N= 80/80. [-5CX) 5exIDI ms [-0.4 023] }IV

Figure 1.3: The event-related desynchronization (ERD) discriminability along time (ms) between left- and
right-hand motor 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
from 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 important for this application. The application of band-
pass filters, as well as further processing methods will be explored on the next section of this chapter.

Moreover, one 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 imagery context within which this thesis project is written, the report will be focused on

the methods and techniques related to the features from the sensorimotor 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 trials. 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

reported 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 sensorimotor 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 components.

Moreover, there is the advantage on the flexibility, which is of great importance on the BCt context, since

the chosen passing band may be different for each subject. It requires however an analog-to-digital
convert, which is not a problem since most of the EEG systems currently available are actually digital.
Accordingly it necessitates also an antialiasing filter in order to avoid distortions during the AD conversion.

The sampling rate, i.e. the frequency for the AD conversion, is reported at different values. It may range
from 250Hz up to 1000Hz, as reported on the data sets of the IV BCI 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 sampling rate requires a model with higher order in order to avoid distortions [58].

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

Spatial Filters

Since the electrodes are located externally on the scalp, the recorded EEG signal also represents the activity

generated from the surrounding area. This fact causes two problems to be solved. The first is related to the
identification of the real sources of the signal. The second is associated with the frequency content. Section

1.3 has exposed the translation of the motor imagery from the p- and the B-band, which are present on the

sensorimotor cortex. However, the a-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 is 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 commonly used for BCt 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 Component Analysis (ICA) and Common Spatial Pattern (CSP), whose parameters depend on

the data presented to them.

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 electrode of analysis. However, when applied to BCI,

such voltage (vJ is obtained through the approximation of subtraction of the n nearest electrodes:

D LAP = Vi –

The choice of n depends on the topology and the number of electrodes to be considered, i.e. how wide one
wants to define the surrounding area of the electrode i. One may consider, e.g. the electrodes that are 3cm

distant from the central one for a small area or 6cm to embrace the neighbors of the neighbors [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 e.g.

CSP filters in order to avoid overfitting problems. However, as exposed before, these filters work with fixed
parameters and therefore are not able to consider the particularities of the subject in order to improve its

performance.
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In the current work, although data with high number of trials (150 during calibration phase) and of channels
(from 64 to 70) were available, Laplacian filters were applied as a first pre-processing approach in order to

increase the signal-to-noise ratio (SNR) by eliminating background information.

ii) Common Spatial Pattern (CSP)

This data-derived method has as outputs 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 filters-amplified

brain activity. It may sound of no use to have the patterns, since its application would mean coming back to
the non-processed signal. However, they might be very important when visualized graphically over the

cortex, since they represent the actual distribution of the corresponding source over the scalp (figure 1.3).

Figure 1.4: CSP pattern (left) and filter (right) scalp distribution for right-hand motor imagery. One could
conclude 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 translated into the plots above,
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 corresponds 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 eigenvalue problem [63]

in order to solve the following system of equations:

MT. Cl. W = D

M/T.c2.m/ = / – D

In which W and D are the variables of the system, matrices with values between [0,1] that one wants to

find. I is the identity matrix; C1 and C2 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 classes 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 BCt. After this publication, further implementations on this algorithm have been suggested on
literature. For example the Common Spatio-Spectral Pattern (CSSP) [65], which improves the information
transfer rate and consequently the final BCI classification 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 class) by the CSP filters 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 classification 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 (offline),

where the subject is asked to perform different tasks, for example to imagine the movement of left hand,

right hand and feet; and the phase with feedback (online), where the subject has to once again perform
some tasks, but with feedback, i.e. he has the chance to regularize his mental states in order to achieve the

desired BCI output (see section 3 for a detailed explanation over 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 feature extracted by its EEG signal through the signal processing

methods previously explained, and the corresponding label for this feature. Accordingly the classifier 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 evaluated.

For the current project, two types of classifiers have been used: Linear Discriminant Analysis (LDA) and

Support Vector Machine (SVM). LDA was applied to the purpose above explained, whereas SVM represents

the novel method of pre-processing that will be suggested (section 4) in order to increase 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 technique consists in calculating the normal

vector w and a threshold 6, which define the direction and position of the hyperplane:

/(x) = sgn(w.x + b)

The function f above defines whether the present unlabeled BCI features, characterized by the vector x,

belong 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 hyperplane 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/M, whereas the black circles represent the second class.

The figure 1.5 may be seen from two different points of view. The first is based on the online phase, where

the hyperplane has been previously defined and therefore the f(x) is used to classify 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, i.e. estimate the parameters w and b,
that linearly separates the classes.

LDA computes (w, b) maximizing the average margin, where margin is 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 projected trials.
Each mean corresponds to one class. Moreover, the variance of each class in the projected direction is also

expected to be small, in order to guarantee the separability of the trials. (figure 1.6)

(f) 1 S (fjq +•

bfi';{+

\\

Figure 1.6: LDA projection of the two classes along the direction of the optimal vector w, resulting on

corresponding Gaussians with maximal means and minimal variances, in order to guarantee the class
separability desired for the classifier. The white circles represent the samples corresponding to one class,

whereas the black circles correspond to the other class.

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

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
collected trials is commonly 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.
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Figure 2.1: 1nfluence of the presence of outliers among the samples. At left, the original distribution of the
pure, task-related EEG samples. At right, four outliers (red circles) 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 separability between them.

Therefore outliers on BCI are defined as 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 whose characteristic differs

from the actual ERD/ERS features from the EEG signal, what is translated into a notable decrease of the BCI
performance.

Moreover, such outliers, besides representing a problem for the LDA classification process on a BCI 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
outliers [68].

2.2 Outliers sources

For the EEG measurements, 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 60Hz, depending
on the country where the experiment is performed; detachment or elevated pressure of electrodes [69];

and changes in electrode impedance, caused by e.g. 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 exposed on section 1.4. The other problems are
avoided through an extra attention of the person who is running the experiment 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 BCI are reported as being mainly the

oculogenic and myogenic potentials [70, 71]. The electrooculographic (EOG) activity is related to the
movement of the eyes and the eyelids (e.g. an eyeblink), both resulting in an alteration of the electrical

field to be registered by the closest electrodes, i.e. 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 emotional reaction to them [72, 73].

EOG presents its spectral peak at frequencies below 4Hz and the EMG’s is higher than 30Hz, which means

both are out of the range of the bands of interest (mu and beta) that are approximately between 8-30Hz.
Nevertheless, both activities are actually characterized by a wide frequency range [71], resulting on a direct

noisy influence on the ERD/ERS features.

Although EOG and EMG are the most studied physiological artifacts on BCI, there are also other possible
sources, such as the rhythm activity of the heart beats (Electrocardiography) and respiration movements;

besides 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. after a common long-session BCI experiment.

Additionally, there are some outliers not reported from clinical EEG acquisitions, but in particular for BCI
experiments. They occur 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 to make any kind of noise.

2.3 Artifacts handling

In order to avoid the problems presented on section 2.1, there must be some approach within the BCI
techniques to 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 performed. For example, it is

asked not to move or close the eyes 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

exempt 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. Moreover, the subject

attempt to control his eye’s movements may be a new source of outlier, since it is another cognitive task to

be performed [75, 76].

A second method, which may be used to complement the first one, is based on artifact samples removal. It
can be performed through manual or automatic techniques. Manual ones depend on an expert’s decision,
while automatics are based on machine learning methods that run autonomously.
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i) Manual methods

One alternative for manual technique is grounded on Independent Component Analysis (ICA) [77]. Similarly
to the CSP technique (see section 1.4), ICA is a spatial filter method that attempts to separate the signals
from different sources. However, it depends on the assumption that such sources are linearly mixed and

independent of each other along the time, since this approach consists in separating the EEG signal into

independent directions. After the signals have been separated, one may manually isolate the components
produced by EOG artifact activity and then reconstruct the EEG with the clean data [78].

It has already been reported that ICA properly accomplishes to detect EOG artifacts on EEG data [79],

nevertheless it was also demonstrated that its application to EEG data does not produce any improvement
when considering artifacts related to muscle activities [80]. Moreover, given that it is a manual technique,

depends on a further inspection of an expert, which represents a delay between calibration and online

phase for the BCI experiments on laboratory and also the impossibility for daily life applications, in which all
the processes between the subject’s signal acquisition and the final BCI decision must be autonomous.

ii) 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, i.e. their acquisition would be needed in
parallel to the EEG collection. Through this way, whenever an EOG/EMG sample exceeds the threshold, the

corresponding EEG trial is automatically labeled (and removed, if this is the goal) as outlier. An intuitive
drawback of this approach lies on the necessity of further signals acquisition, implying extra electrodes to
be worn on the face, which would not be feasible for out of laboratory usages. Moreover, it would also be

restricted to the detection of outliers caused by EOG and EMG activity.

Mostly implemented algorithms are however based only 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 account only the relevant samples and eliminating the outliers; with the classification process. An
example of such approach is the C4.5 algorithm [81], in which the classifier is built upon the concept of

decision tree whereas its learning is based on information entropy. In this case, the decision tree is
gradually created using only the most relevant extracted features, symbolizing a feature selection. On

applications for BCI, works based on filters or wrappers methods are most reported. Nevertheless, there
are also attempts towards embedded techniques [82].

Filter methods, in opposition to the embedded ones, are apart from the classification process. It means that

the feature selection based on them does not use any information about the classifier performance for its
decision, i.e. the criterion used is inherent to the knowledge of the available features. In this direction there

are attempts using for example Principal Component Analysis (PCA) to signal decomposition into frequency

bands, followed by a threshold application to the variance, which translates the artifact activity [83].
Another filter method is presented on [84], where it has used a Relevant Dimension Estimation (RDE) [85],

which 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 to the actual task expected to be performed.

Although some performance improvement was reported on these works, the filter methods present the
drawback of not considering the classification output related to the feature selection, which could be useful

in order to further improve it. Wrapper methods [86] may be an optimal approach, since they work
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between the characteristics of embedded and filter approaches, i.e. they use the classification 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 calibration 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
as a hypothetical new training set and the n-th subset as the test to evaluate how the classifier would
perform, i.e. its final performance, when using the current parameters for the samples subset selection. It is

an important step since the samples selection algorithm may be extremely sensitive to such parameters.

Feature
Extraction

Nttfact Handling

E(Wrapper Method)

F;'Tlo-rmance
Evaluation

Figure 2.2: Wrapper method for feature subset selection. Such approach is used to choose which labeled

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, using 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 [88, 89] have reported improvements on the BCI final
classification when combined with such algorithms. Moreover, it has also been 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 a novel wrapper method for artifacts handling based on Support Vector

Machine (section 4). Moreover it compares (section 5) the performance results with a filter method
available for the “Berlin Brain-Computer Interface" projects; and also with the original set of features.

such 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 classes; an excessive

variance, which is defined by a user-chosen threshold value, may actually illustrate a noise contamination

of 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-SVM 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 set, obtained from eighty BCI-na'ive subjects, i.e. with no previous experience on BCt experiments.

All the subjects had to fulfill the following requirements in order to be eligible for the experiments:

i)

ii)

iii)

Full contractual capacity, i.e. legal ability to enter into a contract;

German as mother tongue, because required psychological tests were performed in German;

Absence of any neurological disease, since its 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 is reported because there might be

differences on the right/left motor imagery performed by a right- and by a left-handed subject.

In order to avoid variability on the data, each subject performed the complete session of experiments in

the same day. Each session took from 5.5 to 6.5 hours; and the external subjects, i.e. those who were not
members of the BBCI group, were paid 8 EUR per hour.

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

necessarily similar. It depends e.g. on the chosen configuration of electrodes and on the number of trials to

be performed. For instance, the author has participated on another BCI experiment that lasted 2.5 hours.

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 whole session.
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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 control which is the

minimum impedance desired 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 to 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/AgCI

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 15s 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 performs the motor imagery tasks without feedback.

It is divided on four runs, each one of 75 trials collected. On the first run, the subject still realized the actual

movement of the limb instead of the motor imagery, while on the other three runs, the participant was

randomly asked to perform one of the three following motor imagery: either right-hand, left-hand or feet.

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 45 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 on 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.

2s 4s15

+ V

a

Figure 3.2: Trial collection on calibration (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 2s preceding the next trial. The feedback phase begins in

the same way, but during the task performance there is an actual feedback for the subject, who is able to
see the classification output for the executed motor imagery. During the feedback frame, the cross turns

purple and moves restrictedly along the screen according to the interpreted motor imagery. Depending on
the classes evaluated, it has two directions of movements. 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 feedback, i.e. the subject could observe the classifier output that
corresponded to its current task execution and therefore had the chance to correct 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, i.e. for 2s a 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 to be imagined. In this case however the task execution

was during 5s instead of 4s. During the first second, the black cross was kept fixed; but, on the following 4s,
it moved according to the motor 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 whenever

the classifier output was different than expected. Once this stage was finished, the cross was then fixed for
2s on its final position, preceding the next trial measurement. It resulted on a period of9s for each trial.

There was also 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 there

are only two possibilities of tasks, which correspond to the two classes selected after the processed results

from the calibration, according to a cross-validation based estimation of the best classification capacity.

There are three possibilities of couples of classes (1+2; 1+3; 2+3) after the calibration phase and for each of

these combinations, one applies cross-validation in order to 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 calibration data, besides undergoing the initial band-pass filter from 0.05Hz to 200Hz, is

further processed specifically for each subject, according to the characteristics presented. The original

heuristic algorithms are presented on the appendix of [63] (algorithms 1 and 2), and will be explained
hereinafter.

i) Frequency filter

Initially the band-power of every trial collected on the calibration phase, for every channel used on the

experiment, is taken into account and expressed in terms of decibels, i.e. the spectrogram is calculated.
However, it is done only for the band from 5 to 35Hz, which is enough to incorporate the sensorimotor

rhythms of interest (see section 1.3).

Subsequently frequency scores are estimated for each channel from a matrix of correlation coefficients R
obtained from the covariance matrix C of the 3-D channel’s spectrogram, i.e. the rows are the frequencies

whereas the columns represent the trials.

RcCf / i) =
Cc (fl i)

(

The obtained scores are later summed along the channels, whose result is used to obtain the highest power

corresponding to fmax. The subject’s band is finally determined considering the minimum and maximum
frequency values that correspond to 5% 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 fmax = 20Hz, the
first step will take into account 19Hz and 21Hz as candidates to the lower and upper bounds of the

subject’s frequency band to be considered for the next processing steps.

ii) Temporal filter

Although the calibration phase period designated for the task performance is fixed on four seconds, the

actual period considered is also subject-dependent. The technique utilized is similar to the one for the
frequency filter, while making use of correlation coefficients as scores. However, the variable used as input
in order to obtain such scores is not the spectrogram anymore, but rather an envelope of the sample on

instant t for a given trial and a given channel. Such envelope is calculated by Hilbert transform [99] and

subsequently smoothed.

Analogously to the frequency filter, the maximum score here is also taken as reference in order to obtain
the boundaries fa, tI of the period to be considered, whereas using the initial values both as tmax (instant t

that corresponds to the maximum score). Nevertheless, the threshold to be respected in this case, in order
to keep changing to and fI, is expressed in terms of percentage of scores contained on [t0,tl] as following:

tI

:
to

while tscore (t) < threshoLd = 0.8 +

Applying this technique for the calibration phase data obtained from the 80 subjects of the original study,
the resulting period to be considered ranged from [480,2720]ms until [1700,4990]ms, with a median length

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 result

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

So far the current section focused on earlier processing of the data generated during 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, so as to 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 75 C)ms. Therefore the feedback output, i.e. the purple cross 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.

The refresh of classification was performed for 4s, after that the cross turned to black and its current
position 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 previous 45.

The range of final performances obtained by the original work was extreme vast, i.e. from 50% to 100%.

And actually such results reflect one of the bases of comparison for the l-SVM method proposed in this
report, because the processing methods employed on the original work and on this project were almost the

same. During the calibration phase, the CSP (Common Spatial Pattern) filters were calculated and then
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applied to the online stage without further adaptation; while the Linear Discriminant Analysis (LDA) was the

classification technique chosen. However, on 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 somehow conditioned to the previous experimental results.

Although an offline analysis is not ideal, it could be a first step to demonstrate the effectiveness of the
proposed method for outlier 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 (SVM)

4.1 Motivation for BCI

As mentioned on the section 1.6, Support Vector Machine (SVM) is a method for classification of trials. The

central concept is to find the hyperplane that maximizes the margin, i.e. the minimal distance between a
single trial and the hyperplane chosen. 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 system.

Accordingly, SVM has also been reported as an option of classification method for BCt systems [91, 921. For

such scope, one generally uses the so-called two-class Support Vector Machine (2-SVM), i.e. the SVM
distributes the trials into two, and only two, different classes. Therefore it is 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; ii) as it would be the
classification step, one may expect that the outliers have been already removed or penalized, i.e. down-

weighted with respect to the clear samples.

In this project, however, SVM 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 as a first pre-processing approach in

order to increase the signal-to-noise ratio (SNR) by eliminating background information. The output from

these filters is the input for the one-class SVM (l-SVM) that will perform the outlier identification. After the
bad trials have been removed or penalized (see section 4.3), the samples are further processed through the

Common Spatial Pattern (CSP) method in order to obtain the labeled, spatially reduced trials to be used on
the classification learning.

Feature Extraction

+ Artifact Handling

>C
Spatial Filter

Figure 4.1: Scheme of the calibration phase proposed by the current project. After the EEG data have been

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- Namely, Laplacian filter in order to
attenuate the background noise; 1-SVM to identify and remove/penalize the outliers; CSP spatial filters in

order to reduce the data dimensions whereas amplifying the difference (through variance) of the classes.
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The fundamental hypothesis is that the clean samples present similar spatial characteristics, even though
they are distributed along 68 dimensions (number of channels used, as exposed on section 3). One could

expect the outliers to be out of the subspace delimited by the proper trials and therefore use the l-SVM in
order to detect them. Note that the classification process is based upon the 2-SVM, while the current

proposed method is founded on the one-class version. The basis for such choice is that the outliers are

probably not concentrated on a single subspace. And accordingly there is no reason to separate the classes

into two determined clusters, but rather identify which trials belong to the inliers cluster (one class) and
which do not, i.e. outliers that can be found anywhere except in the subspace of the good, pure samples.

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

4.2 How it works

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

/(x) = sgm(w. x + b)

The vector w is normal to the optimal hyperplane chosen, which is characterized by resulting in the largest
margin, i.e. the minimal distance between a single trial and the hyperplane. It is an optimization problem
that can be translated into:

mi„w,„~ ,b,„ ;IIv},Il2

subJect to: /(xi). (w. xi – b) ? 1 , (for i = 1, ... , N)

The name “Support Vector” comes from the idea that each xi representing the i-th sample available is a
constraint to solve the location and angle of the optimal hyperplane.

However, such hypothesized linear hyperplane is not always possible to 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–separable (right) distributions of trials. 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 class (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 problem, there are two possible approaches. The first one is proposed on [94] and is

called soft margin hyperplane, presenting the feasibility of creating a hyperplane to separate the training
set with the minimal error and yet with the maximal distance to the nearest sample to the hyperplane. For

that reason, this method introduces the so-called slack variables {i and a regularization parameter C:

N

: EIwII2 + C:If,
i=1

WtLTlwE Rn,bER,{ERN

subJect to: yi(w. xi – b) Z 1 – { i , (for i = 1, ... , N), {i Z 0

The second method, suggested on [95], is based on expanding the Support Vector Machine algorithm to a

nonlinear classification through the application of a kernel function K that replaces the previous scalar

products. The idea is to then generate the separating linear hyperplane in a transformed sample space V:

hiS aV

K(*, y) = < h(x), h(y) >

The kernel function K may be represented by the inner product of the transformation vector h, as exposed

above. It implies that h does not need to be explicitly defined. Some kernel functions are the following:

Polynomial: K(x, y) = (1 + < x, y >)d

Radial Basis: K(x, y) = exp (–yjlx – yjl2)

Hyperbolic tangent: K (x, y) = tanh (k 1 < x, y > +;c2)

If the kernel used is a linear polynomial (d = 1), the resulting hyperplane on the original space S will also be

linear. Otherwise, for higher polynomial dimensions or different functions, it will be a nonlinear separation.

So far the current section has focused on the two classes separation problem, while the work actually

makes use of the one-class SVM. Nevertheless, the l-SVM incorporates the both methods showed above,

i.e. the use of slack variables and the space transformation through a kernel function as earlier exposed:

/(x) = sgnCw- h(Ii) – P)
N

llwtl2 + mE {[ – P
1

i=1
mlnweRn .b eR ,( eRN

subJect to: w. h(xi) ? p – {i , (IOT i = 1, ... , N), {i Z 0

The variables wand p define the hyperplane on the transformed space V, while h is the function that leads
to such space and is actually defined through its inner product, i.e. the kernel function K. There is a new

parameter added into the l-SVM equations, namely v (nu). It represents the probability, v e (0,1), of any
sample from the input training set to be an outlier. In other words, it is the probability of a given sample to

undergo, e.g. influence of EMG or EOG activity (see section 2). Therefore such parameter controls the
number of outliers that the l-SVM algorithm will return 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 order 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 e [0, 0.95], have been considered.

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 outliers, are distributed as a form of Gaussian

in the original space S of dimension 68, which is the number of channels used for the EEG data collection.

11

J

Radial Basis: K(x, y) = exp (–yIII – )/112)

One should determine the parameter 7 depending on the input samples. Such parameter translates the

width or spread of the kernel. When it is too small compared to the features, it will attenuate the samples
difference and accordingly spoil the outliers’ identification. Likewise, when too large, it results on a great,

overestimated distance between the samples. In order to choose the optimal 7, the following simple code
on Matlab was implemented:

n=size (train, 1 ) ;
kern = zeros (n, n) ;
for i=1 : n

for ] =1 : n
kern ( i, j ) = (traIn ( 1, : )

end
end
kerneloptlion=median ( kern ( : ) ) ;

- train (j , i ) ) * (train ( 1, : ) train ( jr : ) ) 1 ;

In which train represents the samples matrix [150 x 68], i.e. it consists of 150 vectors of samples, each one

being of 68 dimensions; and the final parameter obtained - kerneloption - represents the inverse of 7.

4.3 Outliers: remove or penalize

After the outliers have been identified by the l-SVM, there are two possible approaches to handle them,
i.e. either remove them completely from the training set and therefore do not use them as input for the

CSP 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 information for the next

steps that lead to the final classification.

Therefore, in this work, both approaches, namely remove and penalize, have been considered. The outliers

weighting is possible because the output of 1-SVM 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 weights to the outliers proportionally to the distances retrieved as output from the 1-SVM.
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In particular sigmoid functions have been used for weighting the samples, because their attenuation is

exponential with their input, which are the distances (d) of the trials to the l-SVM boundary:

W(x) = n , where x = k * d

Instead of applying 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 fixed values of k for

every nu and every subject. Values of different orders, e.g. 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

k = 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 specifically for each
subject. The constraint to it would be that a predetermined value of d should have a chosen output W(x).

For example, in order to guarantee W(x = k*d) = 0.01, i.e. a weight of 0.01 for the sample that presents

distance d to the boundary created by the l-SVM, one can obtain the corresponding value of k as following:

W(k. d) = = 0.01

= k. d = – in(99) = –4.6

The predetermined value of d was thought to be obtained statistically. Given a vector y with the negative
distances corresponding to the outliers, one can apply e.g. a 45% quantile, which roughly saying returns as

output the value d such that 45% of the values present on the vector y are lower than the resulted d. The
result is that applying the calculated k, one assures that 55% of the outliers will have, for this example, a

weight between 0.01 and 0.50, while the other 45% will be weighted with values lower than 0.01.

This method permits a better control of the resulting sigmoid function spread and therefore was applied on
the evaluation of the resulting performances. For each Matlab experiment 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 0 for outliers, i.e. in order to completely remove them.

Moreover, 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, i.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 to 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 is distant from the l-SVM boundary, the better it is, and accordingly a higher weight is given to it.
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5. Results

This section focuses on providing the comparable results obtained from the data set exposed on section 3.

Firstly, a review of the data collection and processing methods employed on this work is presented below:

i)

ii)

iii)

iv)

V)

vi)

vii)

viii)

Multichannel EEG measurement from 68 electrodes along the subject’s scalp;
Signal is sampled at a frequency of 1000Hz and filter band-passed from 0.05Hz to 200Hz;

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

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

l-SVR4 is applied for the outliers identification, which are subsequently removed or penalized;

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;

Supervised learning of the Linear Discriminant Analysis (LDA) classifier with the CSP output;

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

Classification output is compared to the test data set labels containing the expected results;
Final BCt performance, i.e. the percentage of testing trials corrected classified, is calculated.

ix)

X)

xi)

xii)

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 be performed through a regularization process called shrinkage so as to make the estimation stable.

The shrinkage method employed to the current project basically consists on adding one regularization
parameters on the CSP’s covariance matrix estimation. Such parameter shrinks the initial estimation

towards 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 CSP algorithm more robust to the presence of outliers [101].

Nevertheless, as it will be exposed, the l-SVM can also be effective when combined with such covariance

estImatIon option.

The second choice 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 to apply three
filters per class [102]. Such choice is not unique among BCI projects [102, 103, 104] .

Since CSP is a method that also reduces the signal sources’ spatial dimension, it may be argued that using

three filters per class one could avoid excessive loss of information.

Therefore, the present section will focus on the analysis of the employment of CSP with three filters per
class combined with the shrinkage covariance matrix estimation. The idea is to expose how the l-SVM is

efficient for outlier identification and for the subsequent performance improvement, even when the CSP

choices that are expected to produce a better immunity to outliers are applied.
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Besides the choices regarding CSP, the method proposed 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 SVM choices

In the section 4, the basic mathematical concepts of Support Vector Machine have been explained.

However, there are still other points to be discussed and decided for its implementation, namely:

i)

ii)

How can one choose the best nu (v) for 1-SVM on BCI outlier identification?

Should one consider the samples from both classes as input for the 1-SVM?

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 clean trials, i.e. the probability of a trial not to be an outlier. Accordingly, a nu choice close to 1.0

implies on an output with most of the samples labeled as outliers, while a near 0.0 value results on only a
few outliers.

Therefore, although the l-SVM is an unsupervised method to detect outliers, it requires as input a

parameter that provides some information about the expected density of the artifacts present in the input
set of samples.

A first thought towards this problem is 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
be explained from the high variability among subjects when performing a BCI experiment 196].

The other idea is to implement a cross-validation (see section 2.3 for a review) that uses the training data in

order to extract information about the current subject and to try to predict the probability (parameter nu)

of the presence of outliers on the same training data set.

Although the CV method is not the best option for every subject; in average, it performs better than a fixed

threshold. The mean error rates corresponding to each method are found on table 5.1.

CSP choices

Filters per class: 1
Shrinkage: No

Filter per class: 1
Shrinkage: Yes

Filter per class: 3
Ie: YesShrin

Filter per class: 3
Shrinkage: No

Best nu
22.442

23.179

22.100

22.612

CV nu

24.987

26.001

25.879

26.308

nu = 0.20
26.675

26.775

25.375

26.871

nu = 0.45
27.737

26.771

25.275

nu = 0.70
28.667

27.421

27.592

Table 5.1: The average error rate of 40 subjects for cross-validation and fixed 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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In this work, a 5-fold cross-validation was used, i.e. 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:

i)

ii)

iii)

iv)

The whole training data set is given as input to the l-SVM with the current nu and the outliers

are identified, i.e. the corresponding indexes are saved on a vector;

Outliers that are present on a combination of 4 from the 5 are removed or penalized {down-

weighted) during the covariance estimation for the Common Spatial Patterns (CSP);

The final features resulting as output from the CSP are then employed to the supervised

learning of the Linear Discriminant Analysis (LDA) classifier;

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 obtained.

The choice of 5 folds was empirically, i.e. when comparing the results with the 3-fold and the IO-fold

versions, the 5-fold one presented better choices of nu. Such evaluation of which nu is actually the best is
done through 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 actually 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 l-SVM, 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 labels – and weights, in the case of penalized samples – during the cross-validation and during the

actual classification process. Otherwise, there could be the case that, for one combination of subsets, all
the outliers would be actually on the remaining subset that is used for validation; accordingly it would
result on a spoiled classification performance, interfering on the final nu choice.

5.1.2 Input samples

Before employing the l-SVM for outliers’ identification, one should decide what to give as input to it. Such
choice concerns whether all the training samples should be applied together, or rather separated into the

tasks classes, during the outliers 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 is found on the subspace where the samples from the

second class are. Therefore, the l-SVM 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 l-SVM boundaries for two- (left) and one-class (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 l-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 l-SVM is therefore able to create a boundary that identifies correctly all the outliers.

Nevertheless, 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-SVM resulted on a better final classification

performance of the test data in a great part of the cases (table 5.2).

Both classes

(best nu
,5.6583

One class

best nu
-4.8375

.4.5167

One class

CV nu

.2.8042

.2.7500

Filters per class: 1
Shrinkage: No

Filter per class: 1
Shrinkage: Yes

Filter per class: 3
Shrinkage: No

Filter per class: 3
Shrinkage: Yes

.5.0333

.6.0750

-4.5167

2.6042

2.3792

1.1375

.5.4292

.3.9583

,2.4958

-0.6542

Table 5.2: Mean 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 l–SVM

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 error rate reduction, for each couple of columns comparison, 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 mislabeled 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 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 on a worse final performance and has not been considered on this work.
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Figure 5.1: Comparison of 1-SVM boundaries for two- (left) and one-class (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 l-SVM is therefore able to create a boundary that identifies correctly all the outliers.

Nevertheless, 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 l-SVM resulted on a better final classification

performance of the test data in a great part of the cases (table 5.2).
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Table 5.2: Mean 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 l-SVM
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 error rate reduction, for each couple of columns comparison, 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 mislabeled 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 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 on a worse final performance and has not been considered on this work.
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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, i.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 only penalize

the trials labeled as outliers (4 functions), or to also down-weight the inliers according to the distance to
the boundary created by the l-SVM (4 functions).

Accordingly, there were couples of functions with similar configurations differing on whether the inliers
were also down-weighted. For example, the first function has the following configuration: 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% received weights below 0.01. The second function has the same weights

for outliers, while the samples classified as inliers were also weighted such that 55% had weights between

0.50 had 0.99 and 45% of them had weights higher than 0.99.

These couples of functions differ between themselves on the percentage of outliers and inliers trials that
would respectively present weights lower than 0.01 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. Ana\ogously, the fourth function maintains the outlier’s
weights 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-sixth takes therefore 25%, and the seventh-eighth 15%.

Finally, the ninth function employs a fixed multiplier (k = 1200) spreading factor for the sigmoid function,

which is applied to both outliers and inliers. And the tenth function is the binary one, i.e. outliers are
practically removed (weights = 10A-25), while all the inliers are kept with weights 1.0.

The Appendix A of the current report elucidates the Matlab code that refers to the 10 functions above

described in order 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, namely:

i)

ii)

iii)

iv)

CV: 1-SVM + nu chosen by cross-validation

opt: l-svhn + optimal, theoretical nu

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

The methods created to confront the subjects’ (N= 40) performances (p), in terms of error rate (1-p), are:

1)

2)

3)

E:v=, e
}JE1Li=1
\,N (CI/ t– min (remou i ,orig i )Li=1
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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 (iii) and the original one (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 method (i) instead of the theoretical one (ii).

5.2.3 Evaluation results

For the evaluation of the functions performance, the following variables were interchanged:

a) Number of CSP filters (one or three filters per class);

b) Method to estimate the covariance matrix for the CSP (presence or absence of shrinkage);
c) Set of samples as input to the l-SVM (only one or both classes).

The choices regarding CSP may vary from work to work, and therefore it had been decided to consider both

cases on items (a) and (b) when evaluating the efficiency of the l-SVM for outlier identification. However,
as explained on the beginning of the current chapter, it was decided to focus the current analysis only on

the case of three filters per class with shrinkage covariance matrix estimation, since it is expected to result

in the highest immunity to the presence of outliers. Accordingly, the l-SVM efficiency in this particular case

would represent a great potential for the other combinations as well.

On section 5.1.2, the choice regarding (c), i.e. whether one should give as input the two classes or only one

at a time, was discussed. And it was exposed how the l-SVM approach taking both classes performed
better. Therefore, the “one class” case will not be considered along this chapter anymore.

Function Index Evaluation Method 1
3.3792
3.1958
3.0875
3.2875
3.6167
2.6042
2.9167
2.7417

Evaluation Method 2
.3.0750
,2.9042
.2.9917
.2.7000
.2.9583
.2.5708
.2.9708
.2.6667
.2.9542
.3.3708

Evaluation Method 3
0.3042
0.2917
0.0958
0.5875
0.6583
0.0333
-0.0542
0.0750
0.0333
0.4083

2.9875
3.7792

Table 5.3: Function evaluation for shrinkage covariance matrix, CSP with three filters per class and both

classes as l-SVM input. The result in blue represents the best performance for the optimal nu (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), i.e. the most negative value. The reason for such decision is that this method would actually
represent the real potential of the l-SVM, whereas it evaluates the error rate reduction for the best nu.

However, as exposed on the same table, the binary 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 unavailable,
the binary function, i.e. the complete removal of the trials labeled as outliers by the l-SVM, would actually

result in one of the worst approaches to be applied.

Figure 5.2: Boxplot comparing the error rates generated after applying 1-SVM with cross-validation for the
10 functions. The mark in red for each box is the median, while the blue edges of the box represent the 25th

and 75th percentiles. The whiskers prolong until the most extreme error rates, i.e. the highest and lowest.

The figure 5.2, whereas depicting the median of error rates for every function applied with cross-validation,

reinforces the fact that the binary function actually 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 10th 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 weights.
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Therefore, for the following performance comparison, the function #1 is employed, since no particular

function presented a special final performance in order 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% received weights
below 0.01. The weighting function is a sigmoid and its outputs are proportional to the distance from the

boundary created by the l-SVM according to the nu elected (either the theoretical or the CV one).

CSP: thr80 filters per class + shrinkage covariance matrix
1-SVM: both classes as feature set input
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Figure 5.3: Performance comparison for shrinkage covariance matrix, CSP with three filters per class and

both classes 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 (y-axis) compared with the proposed method (x-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 illustrating which subjects actually

presented 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-SVM compared to

the current method of reference. “Ratio” 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.
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5.3 Discussion

Initially, the present section discussed the choices regarding the l-SVM. 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 l-SVM (table 5.1). Besides, it also presented a comparison of error rate reduction for one

or both classes as input for the SVM (table 5.2), in which the both classes approach performed better.

Subsequently, following the SVM choices above exposed, the proposed functions to handle the outliers

labeled by the l-SVM were analyzed. One notices that the binary function had performed better according
to the method 2, which evaluates the performance improvement for the theoretical nu. It could indicate a

contradiction of the theory, on section 5.1.2, that outliers can contain some useful information for the next
steps leading to the final classification.

However, the functions’ comparison also elucidates that the binary function presents a great difference

between the final performances obtained from the optimal nu and the cross-validation one (table 5.3,
figure 5.2). Therefore it has been hypothesized that the l-SVM 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 l-SVM has the

potential to reduce the error rate caused by the final classification on a BCI-based system. The 4th graph, i.e.

the one comparing the original data set error rate with the employment of the optimal nu for the 1–SVM,

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. It is another positive mark for the l-SVM potential; since its

ideal employment, i.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 reducing 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

removing trials previously available for the BBCI group (section 2.3) with the 1-SVM method proposed by
the current project (figure 5.3, first graph on bottom). No 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 performance while employing
the l-SVM for outlier detection.

Nevertheless, even though the current case applies three filters per class with shrinkage covariance matrix

estimation, which was expected to represent the best immunity against outliers, the l-SVM method for

outtier 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 improvement for a real case.

The next chapter will expose further analyses regarding one of these two subjects.
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6. 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 error rate
improvement – a reduction of 17,66% – after the l-SVM application within a combination of CSP conditions

from which one could expect a higher immunity to the presence of outliers, i.e. a change not so significant.

The CSP 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

selection; which, although not optimal, was able to guarantee the performance improvement exposed.

Enorrate: original data (without removetrials) x nu from CV
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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-SVM. The comparison is performed within
the context of shrinkage covariance matrix, CSP with three filters per class and both classes as l-SVM input.

Nevertheless, one could ask why not to consider instead the other subject depicted on figure 6.1, whose

performance increment was even better (initial error 49.33%; post-SVM 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 method to individually

analyze the influence of each trial from 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. More
precisely, this section will expose four particular cases, namely:

a) All trials equally weighted 1.0, i.e. without the application of l-SVM
b) The same case as (a), but for no shrinkage on the CSP covariance matrix estimation

c) Weights proportional to the 1-SVM output with the optimal, theoretical nu (nu.1,t = 0.50)

d) Weights proportional to the l-SVM output with nu = nu.pt – 0.05
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CSP: three filters per class + shrinkage covariance matrix
1-SVM: both classes as feature set input
Reference: All trials equally weighted 1.0

38

!

37

36T

35

M'H•

20 40 60 80

THaI Ind•x
100 120 140

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 l-SVM 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 CSP 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 removing the trial #61, the error rate is 5% reduced. Moreover, it also illustrates how some

trials are important for the calibration set, for example the absence of the trial #51 results on a 2% worse
error rate.

Another important point to 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 corresponding error rate would be reduced. However, that is not true.
Instead, there are several columns on the graph depicted above showing that there may be an optimal
weight 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 fact could
reinforce the assumption to utilize penalizing weights instead of completely removing a trial that was
labeled as outlier
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CSP: three filters per class ; without shrinkage covariance
1-SVM: both classes as feature set input
Reference: 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 analysis is the CSP with three filters per class without shrinkage covariance matrix

estimation, besides employing both classes as l-SVM 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
(axis x), i.e. the performance is the same (error rate = 27%).

When comparing the figure 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.

Initially, one can see how the distribution of colors on the graph has changed. It illustrates the consequent
higher sensitivity to small changes on the data set given as input to the covariance matrix estimation. Such

fact is also translated into the span of error rate represented on the colorbar. While with shrinkage matrix,
the limits of error rate observed were 34% and 41%; in the current case, it became between 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 equally 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 covariance matrix not always
is the best alternative 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 different 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 corresponding 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 + shrinkage covariance matrix
1-SVM: both classes as feature set input

Reference: Weights proportional to 1-SVM 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

chosen configuration for analysis is the CSP with three filters per class with shrinkage covariance matrix
estimation, besides employing both classes as l-SVM 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 according to the l-SVM output for the optimal, theoretical nu
observed for this particular subject and function. The corresponding error rate is 15.33%.

The expected stability for a shrinkage covariance estimation is conserved on the graph exposed above while

concerning 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 constancy. Nevertheless, one can also 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 two trials which when completely removed lead to an error rate higher than 35%, i.e.

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 on the graph.

And similarly to the phenomenon of the optimal weight explained for the figure 6.2, in which such weight
could present some value different than 1.0 or 0.0, in the current figure the same occurs; but related to the
worst weight, i.e. the one that results on the worst performance. It happens in particular for the trial #110,
which reaches its maximum error rate when down-weighted by 0.5. And it is also visible for #101 and #113.
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CSP: three filters per class + shrinkage covariance matrix
1-SVM: both classes as feature set input

Reference: Weights proportional to 1-SVM output with optimal nu = 0.45

Figure 6.5: 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 with shrinkage covariance matrix

estimation, besides employing both classes as l-SVM 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 according to the l-SVM output for nu = nu,pt – 0.05 = 0.45.

The resulting error rate in this case is 31%, while the error rate corresponding to only a nu’s step different

was 15.33%, i.e. already reaching the optimal one. This fact illustrates a large difficult when applying l-SVM

for outliers identification, namely the nu selection and its consequent reproduced sensitivity on the final

BCI performance. In the current work, the proposed 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, illustrating a great performance improvement, will be taken into account.

Initially the outliers, i.e. the ones resulting on a better performance when completely removed (weight 0.0),

namely the trials #5 and #117. Subsequently, the previously penalized inliers (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, i.e. removing the outliers and including

the inliers, in order to evaluate what is the resulting performance. The results are exposed through tables

on the next page.
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Initial
1.0

1.0

31,00%

Removing #5
0.0
1.0

17,00%

Removing #117
1.0
0.0

18,67%

Removing both
0.0
0.0

14,67%

Weight #005
Weight #117

Error rate

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 resulted to be even better (error rate of 14.67%).

Initial
0.0001
0.0102
0.0016
31aOtP/o

Including #101
1.0

0.0102
0.0016
20,33%

Including #105
0.0001

1.0
0.0016
19,00%

Including #107
0.0001
0.0102

1.0
20,00%

Including all
1.0
1.0
1.0

16.67%

Weight #101
Weight #105
l

Error rate

Table 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 only 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 error rate resulted to be indeed better (16.67%).

Initial
1.0

1.0

0.0001
0.0102
0.0016
31.00%

Removing outliers
0.0
0.0

0.0001
0.0102
0.0016
14,67%

Including inliers
1.0
1.0
1.0
1.0
1.0

16.67%

Both methods
0.0
0.0
1.0

1.0
1.0

30,33%

Weight #005
Weight #117
Weight #101
Weight #105
Weight #107

Error rate

Table 6.3: 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 corresponding 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 methods 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 last 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 #005 and #117, the varying weights figure has inherently changed, since its

reference has been modified, i.e. the weights for each trial are not the same. Therefore the ideal weight
correction for each trial seems to intrinsically depend on the current configuration; which confers a high

sensitivity to the l-SVM 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 exposed, the current section focus on the analysis
of how the CSP filters change when removing or adding some trials; in particular the trials used on the last
section. Namely, the removal 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 matrices 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).

Removing #005 and #117
21.896

Including #101, #105 and #107
77.215Original Reference (nu = 0.45

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 removal of trials #005 and #117;
and for the inclusion of trials #101, #105 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.

Ie: original vs. removal
74.582
52.674

19.539

8.805

14.026

2.904

Angje: original vs. inclusion
85.273

53.486
85.830
5.943

10.665
7.457

lst filter
2nd filter
3rd filter
4th filter
5th filter
6th filter

Table 6.5: Angle comparison (in degrees) of each CSP filter between original set (nu = 0.45) and either trials

removal (#005 and #117) or inclusion (#101, #105 and #107).

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 CSP 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.

#005
Feet

#117

Left
#101

Left

#105
Feet

#107

Left

Table 6.6: Depiction of the class (left arm or feet) to which each trial either removed or included belongs.
The trials used for the removing analyses are depicted in blue, while those for the including are in green.
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CSP Filters - Reference data set: nu = 0.45

lst 2nd B 3rd

4th H 5th 6th

107 13_4892

1553 rM6

1553

107 13.4892

CSP Filters - ABer removing #005 and #1 17

lst 2nd 1 3rd

17U

4th 6th

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 (initially 4.7723, afterwards 11.7531).
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CSP Filters . Reference data set: nu = 0.45

lst 2nd H 3rd

4th 5th

3107

1553

6th

::‘ ’446

13,4892

CSP Filters . ABer including #101. #105 and #107

1 st 2nd H 3rd
2417

_6209

6209

72417

4th

113.9214

b.9607

P

b.9607

F13.9214

5th - 6th
113.3312

b.6656

:::

Figure 6.7: Comparison of CSP filters plots for reference data set (nu = O.45) and the subsequent inclusion

of trials #101, #105 and #107. The most affected filters topologies are those regarding 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 (initially 4.7723, afterwards 11.0901).
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6.4 Review and final considerations

This section presented further analyses for a particular subject, labeled as VPjh_08_05_27 on the data set,

which had presented a reduction of 17.66% on its error rate after the l-SVM application. It is a considerable
improvement since the CSP algorithm was with 3 filters per class and shrinkage for the covariance matrix

estimation, from 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

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:

a)

b)

C)

d)

e)

The best achievable performance does not necessarily 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);

The absence of shrinkage on the covariance estimation resulted, as expected on a greater variance

of performance, translated on the elevated transition of colors along the graph (figure 6.3);

Only one step (0.05) change on the value of nu may result on a great lost of performance (e.g. 15%,

as when comparing figures 6.4 and 6.5), which illustrates a high sensitivity on the l-SVM output

and accordingly an obstacle for the cross-validation to achieve an efficient decision;

Actually one single trial, depending on the reference set, can considerably influence on the final BCI

performance, whereas 15% of both improvement and reduction were registered on figure 6.5;

The combination of removal and inclusion 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 CSP filters. It was evaluated while either removing two trials (#005, #117)
or including three trials (#101, #105, #107); both 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 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 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 filters obtained from the

calibration data set are afterwards applied to the training data set. If such filters already undergo a 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 class (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 highly affected after their removal; the trial #005 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. Nevertheless, #005 alone could improve the performance in 14% (table 6.1). It

suggests that classifier learning and CSP filters determination are not always correlated, although both can

interfere on the final BCI performance and consequently improve it.
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7. Conclusion

The current work proposed a novel wrapper method for the identification of outliers on the EEG signal that
is employed as non-invasive method for Brain-Computer Interface applications. In particular, it is 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 covariance matrix estimation for the generation of CSP filter; and before the LDA classifier
learning, which may be high affected by such outlier trials, as exposed on figure 2.1.

For that purpose, data from forty BCI-na'i/e subjects, i.e. with no previous 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 consisted of two 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, only two classes were selected according to a cross-validation based
estimation of the best generalization capacity, i.e. the two classes which would supposedly result on a more

robust classification process on the feedback phase.

Another point regarding the data collection concerns the online phase. The present work could not profit
from the feedback advantages and the consequent possibility of task correction by the subject, since the
data had been previously collected 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 proposed method for outlier identification on the BCI performance improvement.

Moreover, it has also been hypothesized that, if the method proposed 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.

The method presented on the current project for the outlier identification was the one-class SVM (l-SVM).
A similar approach for outlier detection had been reported for the identification of intrusions on a network

[105]; however, before this project, it had not been yet evaluated for Brain-Computer Interfaces.

The l-SVM creates a boundary between the trials classified as inliers and outliers. The topology of such
boundary, which in the current case presents 68 dimensions – each dimension represents one channel
applied for the EEG data collection, depends on the choice of nu, which is a user-defined parameter that

represents the probability of a given sample to be an outlier.

Section 5.1.1 exposed the reasons and results that led to the employment of the cross-validation instead of
some fixed threshold value in order to elect the nu value. However it could not reach the best values of nu

possible, the cross-validation performed better than the threshold-based approaches.

This 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 l-SVM input for each value of nu. The trials labeled

as outliers are penalized and the resulting set of trials is employed to the classifier learning. The last subset

of calibration trials (30) is subsequently used to evaluate the classification performance, i.e. they are given

to the previously trained LDA classifier, which attempts to correctly identify to which class each trial

belongs. It is possible since all the data employed are already labeled, since it is the calibration data set

(section 3).
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Another choice concerning the l-SVM regards which trials present as its input (section 5.1.2), i.e. whether

to present both classes (all the calibration data set) or only one class at a time. One important argument to

present the classes separately is based on the possibility of an outlier for the first class not to be identified
as so; because it is found on the subspace where the samples from the second class are (figure 5.1).

Nevertheless, table 5.2 showed that presenting both classes together resulted better for the current work.

It was hypothesized that it resulted from the employment of the same nu for both classes, even when they
were given separately to the l-SVM. 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 choice.

On the other hand, such decision was grounded on another hypothesis, which is the possibility of a

drawback on the cross-validation efficiency, since the nu chosen hardly reaches the optimal performance.

In some subjects, a final value of nu close to the optimal 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 on a worse final performance and has not been considered on this work.

After the outliers have been labeled by the 1-SVM, one should decide how to handle them, i.e. one could

either completely remove or penalize them with weights proportional to the distance to the boundary
created by the l-SVM. Section 4.3 presented the idea to employ a sigmoid function to penalize the trials
instead of removing them, based on the hypothesis that every trial may contain characteristics somehow
important for the classification learning, 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 obtained from the best, theoretical
nu and the cross-validation one (table 5.3, figure 5.2).

Therefore it has been hypothesized that the l-SVM 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.

The final evaluation of error rate reduction depicted on figure 5.3 considered the l-SVM choices exposed
above, namely the employment of cross-validation for nu election; the application of the whole calibration

data set as its input; and the usage of a penalizing function to handle the outlier, rather than completely
remove them.

Moreover, some constraints regarding the Common Spatial Pattern (CSP) have already been done. For the
covariance matrix estimation, a regularization process called shrinkage [100] was applied so as to make the

estimation stable and more robust to the presence of outliers. The second choice concerning CSP refers to

the number of filters per class that it will generate as output. Three filters per class were applied for the
current project in order to avoid excessive loss of information.

The idea was to expose how the l-SVM is efficient for outlier identification and for the according error rate
reduction, even when the CSP choices that are expected to produce a better immunity to outliers are used.

The l-SVM results were confronted with two cases: i) the complete absence of any outlier handling process

before the covariance estimation for the CSP; ii) removing some trials that were labeled as outlier by a filter

method previously developed within the Berlin Brain Computer Interface project (see section 2.3).
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Along the performance graphs exposed on figure 5.3, it is possible to conclude that the 1-SVM has the
potential to reduce the error rate caused by the final classification on a BCI-based system. The 4th graph, i.e.

the one comparing the original data set error rate with the employment of the optimal nu for the 1-SVM,
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. It is another positive mark for the 1-SVM potential; since its
ideal employment, i.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 reducing 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
removing trials previously available for the BBCI group (section 2.3) with the 1-SVM method proposed by

the current project (figure 5.3, first graph on bottom). No 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 performance while employing
the l-SVM foroutlier detection.

Nevertheless, even though the current case applies three filters per class with shrinkage covariance matrix

estimation, which was expected to represent the best immunity against outliers; the l-svhn method for
outtier 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 improvement for a real case.

Further analyses for the subject labeled as VPjh 08 05 27 on the BBCI data base are performed and
discussed. Such subject is one of the two pointed on the last paragraph that had presented a considerable

performance improvement after the employment of 1-SVM with cross-validation.

In 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:

a)

b)

C)

d)

e)

The best achievable performance does not necessarily 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);

The absence of shrinkage on the covariance estimation resulted, as expected on a greater variance

of performance, translated on the elevated transition of colors along the graph (figure 6.3);
Only one step (0,05) change on the value of nu may result on a great lost of performance (e.g. 15%,
as when comparing figures 6.4 and 6.5), which illustrates a high sensitivity on the 1-SVM output

and accordingly an obstacle for the cross-validation to achieve an efficient decision;

Actually one single trial, depending on the reference set, can considerably influence on the final BCI
performance, whereas 15% of both improvement and reduction were registered on figure 6.5;
The combination of removal and inclusion 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.
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In order to better understand the point (e), section 6.3 exposed analyses regarding the change on position

of the subspaces defined by the CSP filters. It was evaluated while either removing two trials (#005, #117)

or including three trials (#101, #105, #107); both 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 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 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 filters obtained from the
calibration data set are afterwards applied to the test (feedback) data set.

If such filters already undergo a 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 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 highly affected after their removal; the trial #005 is actually related to the
feet

It was however hypothesized that while the left arm trial (#117) was deciding for the filter definition, the

trial regarding the feet not. Nevertheless, #005 alone could improve the performance in 14% (table 6.1). It

suggests that classifier learning and CSP filters determination are not always correlated, although both can

interfere on the final BCI performance and consequently improve it.

From everything above exposed, one can conclude that the l-SVM is 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 nu: the
parameter that represents the probability of a given sample to be an outlier. The choice of such parameter

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 worse performance than

the original one (without l-SVM). Nevertheless, using a penalizing function instead of completely removing

the outliers showed to be an interesting approach in order to avoid excessive loss of information that could
actually be valuable to the classifier learning. Moreover, it is difficult to tell which trial is actually an outlier.

From the further analysis presented, one can see that the importance of a single trial 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 learning and therefore, even though was previously labeled as outlier, should

not be removed. Accordingly, the process of down-weighting outliers identified by l-SVM 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 other methods reported on the literature in order to be employed by
the BCt community for diverse experiments. Still, the current thesis was a first step towards it, whereas it

showed the encouraging results from 40 subjects for various CSP choices in combination with l-SVM as a

novel technique for the identification of outliers in the EEG-BCI data sets.

64



Bibliography

[1] Schwartz, A. B.; Tracy Cui, X.; Weber, D. J; Moran, D. W.; , “Brain-Controlled Interfaces: Movement

Restoration with Neural Prosthetics”, Neuron, vol. 52, no. 1, pp. 205-220, ISSN 0896-6273, 2006.
doi :10,1016/j.neuron.2006.09.019

[2] Muller-Putz, G. R.; Pfurtscheller, G.; , "Control of an Electrical Prosthesis With an SSVEP-Based

BCI," Biomedical Engineering, IEEE Transactions on , vol. 55, no. 1, pp. 361-364, Jan. 2008

doi: 10.1109/TBME.2007.897815

[3] Hochberg, L. R.; Bacher, D.; Jarosiewicz, B.; Masse, N. Y.; Simeral, J. D.; Vogel, J.; Haddadin, S.; Liu, J.;

Cash, S. S.; Smagt, P.; Donoghue, J. P.; , “Reach and grasp by people with tetraplegia using a neurally

controlled robotic arm,” Nature, vol. 485, pp. 372-375, 2012. doi: 10.1038/naturel1076

[4] lturrate, I.; Antelis, J.; KObler, A.; Minguez, J.; ,“Non-invasive brain actuated wheelchair based on a p300

neurophysiological protocol and automated navigation,” IEEE Trans. Robot., vol. 25, no. 3, pp. 614-627,
2009

[5] Mil16n, J.d.R.; Galan, F.; Vanhooydonck, D.; Lew, E.; Philips, J.; Nuttin, M.; , "Asynchronous non-invasive

brain-actuated control of an intelligent wheelchair," Engineering in Medicine and Biology Society, 31st
Annual International Conference of the IEEE , pp.3361-3364, 2009. doi: 10.1109/IEMBS.2009.5332828

[6] Leeb, R.; Friedman, D.; MaIler-Putz, G. R.; Scherer, R.; Slater, M.; Pfurtscheller, G.; , “Self-Paced

(Asynchronous) BCI Control of a Wheelchair in Virtual Environments: A Case Study with a

Tetraplegic," Computational Intelligence and Neuroscience, vol, 2007, Article ID 79642, 8 pages, 2007.
doi:10.1155/2007/79642

[7] Blankertz, B.; Dornhege, G.; Krauledat, M,; Schr6der, M.; Williamson, J.; Murray-Smith, R.; MOller, K.R-;

, “The Berlin Brain-Computer Interface presents the novel mental typewriter Hex-o-Spell,” Proceedings of
the 3rd International Brain-Computer Interface Workshop and Training Course, Verlag der TU Graz, 2006.

[8] Sellers, E. W.; Krusienski, D. J.; McFarland, D. J.; Vaughan, T. M.; Wolpaw, J. R.; , “A P300 event-related

potential brain–computer interface (BCI): The effects of matrix size and inter stimulus interval on
performance,” Biological Psychology, vol. 73, no. 3, pp. 242-252, ISSN 0301-0511, 2006.
doi:10.1016/j.biopsycho.2006.04.007

[9] Bensch, M.; Karim, A. A.; Mellinger, J.; Hinterberger, T.; Tangermann, M.; Bogdan, M.; Rosenstiel, W.;

Birbaumer, N.; , “Nessi: an EEG-controlled web browser for severely paralyzed patients,” Comput. Intell.

Neurosci., vol. 2007, no. 6, Article ID 71863, 2007. doi:10.1155/2007/71863

[10] Mugler/ E. M.; Ruf, C. A.; Halder, S.; Bensch, M.; KObler, A.; , “Design and implementation of a P300-
based brain-computer interface for controlling an internet browser,” IEEE Trans. Neural Syst. Rehabil. Eng.,
vol. 18, no. 6, pp, 599-609, 2010. doi:10.1109/TNSRE.2010.2068059

[11] Miranda, E. R.; , “Brain-computer music interface for composition and performance”, Int. J. Dis. Human
Dev., vol. 5, no. 2, pp. 119-125, 2006. doi: 10.1515/IJDHD.2006.5.2.119

[12] Leeb/ R.; Lee, F.; Keinrath, C.; Scherer, R.; Bischof, H.; Pfurtscheller, G.; , “Brain-computer
communication: motivation, aim, and impact of exploring a virtual apartment,” IEEE Trans. Neural Syst.

Rehabil. Eng., vol. 15, no. 4, pp. 473-482, 2007. doi: 10.1109/TNSRE.2007.906956

65



[13] Krepki, R.; Blankertz, B.; Curio, G.; M011er, K.-R.; , “The Berlin brain-computer-interface (BBCI): towards
a new communication channel for online control in gaming applications,” J. Multimedia Tools Appl. , vol. 33,
no. 1, pp. 73-90, 2007. doi: 10.1007/s11042-006-0094-3

[14] Nijholt, A.; Tan, D.; Allison, B.; Mil16n, J.d.R.; Graimann, B.; Jackson, M. M.; , “Brain-computer interfaces
for human-computer interactions and games,” Proceedings of ACM CHI 2008, Florence.

[15] Miranda, E. R.; Magee, W.; Wilson, J. J.; Eaton, J.; Palaniappan, R.; , “Brain-computer music interfacing

(BCMI): from basic research to the real world of special needs", Music and Medicine, vol. 3, no. 3, pp. 134-
140, 2011. doi: 10.1177/1943862111399290

[16] Cutrell, E.; Tan, D.; , “BCI for passive input in HCI,” ACM CHI’08 Conference on Human Factors in

Computing Systems Workshop on Brain–Computer Interfaces for HCI and Games, 2008.

[17] Nijholt, A.; , “BCI for games: 'a state of the art’ survey,” Proceedings of the 8th International

Conference on Entertainment Computing, Paris, pp. 225-228, 2009. doi: 10.1007/978-3-540-89222-9 29

[18] Doyle, T. E.; Kucerovsky, Z.; leta, A.; , “Affective state control for neuroprothetics,” Engineering in
Medicine and Biology Society, 2006. EMBS '06. 28th Annual International Conference of the IEEE, pp. 1248-
1251, Aug. 30 2006-Sept. 3 2006. doi: 10.1109/IEMBS.2006.260531

[19] Haufe, S.; Treder, M. S.; Gugler, M. F.; Sagebaum, M.; Curio, G.; Blankertz, B.; , “EEG potentials predict

upcoming emergency brakings during simulated driving," J. Neural Eng., vol. 8, no. 5, 056001, 2011.
doi :10.1088/1741-2560/8/5/056001

[20] Nicolelis, M. A.; Dimitrov, D.; Carmena, J. M.; Crist, R.; Lehew, G.; Kralik, J. D.; Steven, P. W.; , "Chronic,

multisite, multielectrode recordings in macaque monkeys," Proc. Natl. Acad. Sci . USA, vol. 100, pp. 11041–
11046, 2003. doi: 10.1073/pnas.1934665100

[21] Carmena, J. M.; Lebedev, M. A.; Crist, R. E.; O’Doherty, J. E.; Santucci, D. M.;Dimitrov, D. F.; Patil, P. G.;

Henriquez, C. S.; Nicolelis, M. A.; , “Learning to control a brain-machine interface for reaching and grasping

by primates,” Public Library of Science Biology, E42, 2003. doi: 10.1371/journal.pbio.0000042

[22] Ganguly, K.; Carmena, J. M.; , “Emergence of a stable cortical map for neuroprosthetic control,” PloS

Biol., vol. 7, no. 1–3, e1000153, 2009. doi: 10.1371/journal.pbio.1000153

[23] Leuthardt, E. C.; Schalk, G.; Wolpaw, J. R.; Ojemann, J. G.; Moran, D. W.; , "A brain-computer interface

using electrocorticographic signals in humans," J. Neural Eng., vol. 1,. no. 2, 63, 2004. doi:10.1088/1741-
25601 \III GO\

[24] LaI, T. N.; Hinterberger, T.; Widman, G.; Schr6der, M.; Hill, J.; Rosenstiel, W.; Elger, C. E.; Sch61kopf, B.;

Birbaumer, N.; , “Methods towards invasive human brain computer interfaces,” Advances in Neural
Information Processing System, vol. 17, pp. 737-744, 2005.

[25] Shenoy, P.; Miller, K. J.; Ojemann, J. G.; Rao, R. P. N.; , “Generalized features for electrocorticographic

BCls,” IEEE Trans. on Biomedical Engineering, vol. 55, no. 1, pp. 273-280

[26] Schalk, G.; Miller, K. J.; Anderson, N. R.; Wilson, J. A.; Smyth, M. D.; Ojemann, J. G.; Moran, D. W.;

Wolpaw, J. R.; Leuthardt, E. C.; , “Two-dimensional movement control using electrocorticographic signals in
humans," J. Neural Eng., vol. 5, pp. 75-84, 2008. doi:10.1088/1741-2560/5/1/008

66



[27] Nair, D. G.; Purcott, K. L.; Fuchs, A.; Steinberg, F.; Kelso, J. A.; , "Cortical and cerebellar activity of the
human brain during imagined and executed unimanual and bimanual action sequences: a functional MRI
study,” Brain Research.' Cognitive Brain Research, vol. 15, no. 3, pp. 250-260, 2003.

[28] Weiskopf, N.; Mathiak, K.; Bock, S. W.; Scharnowski, F.; Veit, R.; Grodd, W.; Goebel, R.; Birbaumer, N.; ,

“Principles of a brain-computer interface (BCI) based on real-time functional magnetic resonance imaging

(fMRI),” IEEE Trans. Biomed. Eng., vol. 51, no. 6, pp. 966-970, 2004. doi: 10.1109/TBME.2004.827063

[29] Haynes, J.; Rees, G.; , “Decoding mental states from brain activity in humans," Nature Reviews

Neuroscience, vol. 7, pp. 523-534, 2006. doi:10.1038/nrn1931

[30] Sitaram, R.; Weiskopf, N.; Caria, A.; Veit, R.; Erb, M.; Birbaumer, N.; , "fMRI brain-computer interfaces:
a tutorial on methods and applications,” IEEE Signal Processing Magazine, vol. 25, no. 1, pp. 95-106, 2008.

[31] Laitinen, L,; , “Neuromagnetic sensorimotor signals in brain computer interfaces," , Master Thesis,

Helsinki Institute of Technology, Helsinki (2003).

[32] Coyle, S.; Ward, T.; Markham, C,; McDarby, G.; , “On the suitability of near-infrared (NIR) systems for
next-generation brain–computer interfaces,” Physiol. Meas., vol. 25, pp. 815-822, 2004.

[33] Power, S. D.; Kushki, A.; Chau, T.; , "Towards a system-paced near-infrared spectroscopy brain-
computer interface: differentiating prefrontal activity due to mental arithmetic and mental singing from the

no-control state,” J. Neural Eng., vol. 8, no. 6, 2011. doi:10.1088/1741-2560/8/6/066004

[34] Girouard, A.; Solovey, E. T.; Jacob, R. J. K.; , "Designing a passive brain computer interface using real
time classification of functional near-infrared spectroscopy,” Int. J. Autonomous and Adoptive

Communication Systems, vol. 6, no. 1, pp. 26-44, 2013.

[35] Mellinger, i.; Schalk, G.; Braun, C.; Preissl, H.; Rosenstiel, W.; Birbaumer, N.; KObler, A.; , “An MEG-

based brain-computer interface (BCI),” Neuroimage, vol. 36, no. 3, pp. 581-593, 2007.

doi : 10.1016/j.neuroimage.2007.03.019

[36] Buch, E.; Weber, C.; Cohen, L. G.; Braun, C.; Dimyan, M.; Ard, T.; Mellinger, J.; Caria, A.; Soekadar, S.;

Birbaumer, N.; , “Think to move: a neuromagnetic BCI system for chronic stroke,” Stroke, vol. 39, pp. 910-

917, 2008. doi:10.1161/STROKEAHA.107.505313

[37] Sander, T. H.; Preusser, J.; Mhaskar, R.; Kitching, J.; Trahms, L.; Knappe, S.; , “Magnetoencephalography

with a chip-scale atomic magnetometer,” Biomedical Optical Express, vol. 3, no. 5, pp. 981-990, 2012.

doi:10.1364/BOE.3.000981

[38] Zander, T. O.; Lehne, M.; Ihme, K.; Jatzev, S.; Correia, J.; Kothe, C.; Picht, B.; Nijboer, F.; , “A dry EEG-

system for scientific research and brain–computer interfaces,” Front. Neurosci., vol. 5, no. 53, 2011.
doi: 10.3389/fn ins.2011.00053

[39] Guger, C.; Krausz, G.; Allison, B. Z.; Edlinger, G.; , “Comparison of dry and gel based electrodes for P300

brain-computer interfaces,” Fron. Neurosci., vol. 6, no. 60, 2012. doi: 10.3389/fnins.2012.00060

[40] Popescu, F.; Blankertz, B.; MOller, K.-R.; , “Computational challenges for noninvasive brain computer
interfaces,” IEEE Intelligent Systems, vol. 23, no. 3, pp. 78-79, 2008.

67



[41] Birbaumer, N.; , “Breaking the silence: brain-computer interfaces (BCI) for communication and motor

control,” Psychophysiology, vol. 43, pp. 517-532, 2006. doi: 10.1111/j.1469-8986.2006.00456.x

[42] Millin, J. del R.;Carmena, J.; , “Invasive or noninvasive: understanding brain-machine interface

technology,” IEEE Engineering in Medicine and Biology Magazine vol. 29, no. 1, pp. 16-22, 2010.
doi:10.1109/MEMB.2009.935475

[43] Makeig, S.; Onton, J.; , “ERP features and EEG dynamics: an ICA perspective,” Oxford Handbook of
Event-Related Potential Components (Luck, S.; Kappenman, E.) , Oxford University Press, 2009.

[44] Friman, O.; LOth, T.; Volosyak, I.; Griser, A.; , “Spelling with steady-state visual evoked potentials," 3rd

International IEEE/E MBS Conference on Neural Engineering, 2007, pp. 354-357 , 2007 .
doi:0.1109/CNE.2007.369683

[45] Allison, B. Z.; McFarland D. J.; Schalk, G.; Zheng, S. D.; Jackson, M. M.; Wolpaw, J. R.; , "Towards an

independent brain-computer interface using steady state visual evoked potentials," Clin. Neurophysiol. , vol.

119, no. 2, 2008

[46] Hoffmann, U.; Vesin, J.-M.; Ebrahimi, T.; Diserens, K.; , "An efficient P300-based brain-computer

interface for disabled subjects,” Journal of Neuroscience Methods, vol. 167, no. 1, pp. 115-125, 2008.
doi:10.1016/j.jneumeth.2007.03.005

[47] Nijboer, F.; Sellers, E. W.; Mellinger, J.; Jordan, M. A.; Matuz, T.; Furdea, A.; Halder, S.; Mochty, U.;
Krusienski, D. J.; Vaughan, T. M.; Wolpaw, J. R.; Birbaumer, N.; KObler, A.; , “A P300-based brain–computer

interface for people with amyotrophic lateral sclerosis," Clin. Neurophysiol., vol. 119, no. 8, pp. 1909-1916,
2008. doi: 10.1016/j.clinph.2008.03.034

[48] Buttfield, A.; Ferrez, P. W.; Mil16n, J.d,R.; , "Towards a robust BCI: error potentials and online learning,

IEEE Trans. on Neural Systems and Rehab. Eng., vol. 14, no. 2, pp. 164-168, 2006.

doi: 10.1109/TNSRE.2006.875555

[49] Chavarriaga, R.; Mil16n, J.d.R.; , “Learning from EEG error-related potentials in noninvasive brain-

computer interfaces,” IEEE Trans. on Neural Systems and Rehab. Eng., vol. 18, no. 4, pp. 381-388, 2010.

doi : 10.1109/TNSRE.2010.2053387

[50] Birbaurner, N.; Ghanayim, N.; Hinterberger, T.; lversen, I.; Kotchoubey, B.; KObler, A.; Perelmounter, J.;
Taub, E.; Flor, H.; , “A spelling device for the paralysed,” Nature, vol. 398, pp. 297–298, 1999.

doi:10.1038/18581

[51] Hinterberger, T.; Schmidt, S.; Neumann, N.; Mellinger, J.; Blankertz, B.; Curio, G.; Birbaumer, N.; ,
“Brain-computer communication and slow cortical potentials,” IEEE Trans. Biomed, Eng., vol. 51, no. 6, pp.
1011-8, 2004.

[52] Krusienski, D. J.; Schalk, G.; McFarland D. J.; Wolpaw, J. R.; , “A mu-rhythm matched filter for

continuous control of brain-computer interfaces,” IEEE Trans. Biomed. Eng., vol. 54, no. 2, pp. 273-280,

2007. doi:10.1109/TBME.2006.886661

[53] Bai/ O.; Lin, P.; Vorbach, S.; Floeter, M. K.; Hattori, N.; Hallett, M.; , “A high performance sensorimotor
beta rhythm-based brain–computer interface associated with human natural motor behavior,” J. Neural

Eng., vol. 5, pp. 24-35, 2008. doi:10.1088/1741-2560/5/1/003

68



[54] Krauledat, M.; , “Analysis of nonstationarities in EEG signals for improving brain-computer interface

performance,” , PhD Thesis, Teschnische Universitat Berlin , 2008.

[55] Woon, W. L.; Cichocki, A.; , “Novel features for brain-computer interfaces," Computational Intelligence
and Neuroscience, vol. 2007, ID 82827, 7 pages, 2007. doi:10.1155/2007/82827

[56] McFarland, D. J.; Anderson, C. W.; MaIler, K-.R.; Sch16gl, A.; Krusienski, D. J.; , “BCI meeting 2005 –
workshop on signal processing: feature extraction and translation,” IEEE Trans. on Neural Systems and

Rehab. Eng., vol. 14, no. 2, pp. 135-138, 2006. doi: 10.1109/TNSRE.2006.875637

[57] Tangermann, M.; M011er, K-.R.; Aertsen, A.; Birbaumer, N.; Braun, C.; Brunner, C.; Leeb, R.; Mehring, C.;

Miller, K. J.; Mueller-Putz, G.; Nolte, G.; Pfurtscheller, G.; Preissl, H.; Schalk, G.; Sch16gt, A.; Vidaurre, C.;
Walden, S.; Blankertz, B.; , “Review of the BCI Competition IV," Frontiers of Neuroscience, vol. 6, no. 55,

2012. doi: 10.3389/fnins.2012.00055

[58] McFarland, D. J.; Wolpaw, J. R.; , “Sensorimotor rhythm-based brain-computer interface (BCI): model
order selection for autoregressive spectral analysis,” J. Neural Eng., vol. 5, no. 2, pp. 155-162, 2008.
doi :10.1088/1741-2560/5/2/006

[59] MaIler, K-.R.; Krauledat, M.; Dornhege, G.; Curio, G.; Blankertz, B.; , “Machine learning techniques for

brain-computer interfaces,” Biomedical Engineering, vol. 49, no. 1, pp. 11-22, 2004. doi:10.1.1.161.2435

[60] Li, Y.; Gao, X.; Liu, H.; , “Classification of single-trial electroencephalogram during finger movement,”
IEEE Trans. on Biomed. Eng., vol. 51, no. 6, pp. 1019-1025, 2004. doi:10.1109/TBME.2004.826688

[61] McFarland, D. J.; McCane, L, M.; David, S. V.; Wolpaw, J. R.; , "Spatial filter selection for EEG-based

communication," Electroencephalog raphy and clinical Neurophysiology, vol. 103, no. 3, pp. 386-394, 1997.
doi : 10.1016/S0013-4694(97)00022-2

[62] Sannelli, C.; Vidaurre, C.; M011er, K.-R.; Blankertz, B.; , “CSP patches: an ensemble of optimized spatial

filters. An evaluation study,” J. Neural Eng., vol. 8, 025012, 2011. doi:10.1088/1741-2560/8/2/025012

[63] Blankertz, B.; Tomioka, R.; Lemm, S.; Kawanabe, M.; M011er, K.-R.; , “Optimizing spatial filters for robust

EEG single-trial analysis," IEEE Signal Processing Magazine, vol. 25, no. 1, pp. 41-56, 2008.
doi:10.1109/MSP.2008.4408441

[64] Ramoser, H.; M011er-Gerking, J.; Pfutrscheller, G.; , “Optimal spatial filtering of single trial EEG during

imagined hand movement," IEEE Trans on Rehab Eng, vol. 8, no. 4, pp. 441-446, 2000.

doi:10.1109/86.895946

[65] Lemm, S.; Blankertz, B.; Curio, G.; M011er, K.-R.; , “Spatio-spectral filters for improving classification of

single trial EEG,” IEEE Trans Biomed Eng, vol. 52, no. 9, pp. 1541-1548, 2005.

doi:10.1109/TBM E.2005.851521

[66] Samek, W.; Vidaurre, C.; M011er, K.-R.; Kawanabe, M.; , “Stationary common spatial patterns for brain-

computer interfaces," J. Neural Eng, vol. 9, no. 2, 026013 (14pp), 2012. doi:10.1088/1741-2560/9/2/026013

[67] Hastie, T.; Tibshirani, R.; Friedman, J.; , “The elements of statistical learning: data mining, inference and

prediction,” Springer Series in StatIstics, February 2009 .

69



[68] Visuri, S.; Koivunen, V.; C)ja, H.; , “Sign and rank covariance matrices,” Journal of Statistical Planning

and Inference, vol, 91, no. 2, pp. 557-575, 2000. doi:10.1016/S0378-3758(00)0C)199-3

[69] Savelainen, A,; , “An introduction to EEG artifacts,” Mat-2.4108 Independent research projects in

applied mathematics, 2010.

[70] McFarland, D. J.; Sarnacki, W. A.; Vaughan, T. M.; Wolpaw, J. R.; , “Brain-computer interface (BCI)
operation: signal and noise during early training sessions,” Clinical Neurophysiology, vol. 116, no. 1, pp. 56-

62, 2005. doi:10.1016/j.clinph.2004.07.004

[71] Fatourechi, M.; Bashashati, A.; Ward, R. K.; Birch, G. E.; , “EMG and EOG artifacts in brain computer

interfaces systems: a survey," Clinical Neurophysiology , vol. 118, no. 3, pp. 480-494, 2007.
doi:10.1016/j.clinph.2006.10.019

[72] Cohen, B. H.; Davidson, R. J.; Senulis, J. A.; Saron, C. D.; Weisman, D. R.; , “Muscle tension patterns

during auditory attention," Biological psychology, vol. 33, no. 2-3, pp. 133-156, 1992. doi:10.1016/0301-
0511(92)90028-S

[73] Waterink, W.; van Boxtel, A.; , “Facial and jaw-elevator EMG activity in relation to changes in

performance level during a sustained information processing task,” Biological psychology, vol. 37, no. 3, pp.
183-198, 1994. doi:10.1016/0301-0511(94)90001-9

[74] Barlow, J. S.; , “Artifact processing (rejection and minimization) in EEG data processing," Handbook of

Electroencephalog rap hy and Clinical Neurophysiology , Amsterdam: Elsevier, vol. 2, pp. 15-62, 1986.

[75] Gratton, G.; , “Dealing with artifacts: the EOG contamination of the event-related brain potential,”

Behavior Research Methods, Instruments & Computers, vol. 30, no. 1, pp. 44-53, 1998.
doi : 10.3758/BF03209415

[76] Ochoa, C. J.; Polich, J.; , “P300 and blink instructions,” Clinical Neurophysiology, vol. 111, no. 1, pp. 93-

98, 2000. doi:10.1016/S1388-2457(99)00209-6

[77] Hyvarinen, A.; Karhunen, J.; C)ja, E.; , “Independent Component Analysis,” John Wiley & Sons, 2001.

[78] Jung, T. P.; Makeig, S.; Humphries, C.; Lee, T. W.; McKeown, M. J.; Iragui, V.; Sejnowski, T. J.; ,

“Removing electroencephalographic artifacts by blind source separation,” Psychophysiology, vol. 37, no. 2,

pp. 163-178, 2000, doi:10.1111/1469-8986.3720163

[79] Jung, T.-P.; Makeig, S.; Westerfield, M.; Townsend, J.; Courchesne, E.; Sejnowski, T. J.; , “Removal of

eye activity artifacts from visual event-related potentials in normal and clinical subjects,” Clinical
Neurophysiology, vol. 111, no. 10, 2000. doi:10.1016/S1388-2457(00)00386-2

[80] Delorme, A.; Sejnowski, T. J.; Makeig, S.; , “Enhanced detection of artifacts in EEG data using higher-

order statistics and independent component analysis,” Neurolmage, vol. 34, no. 4, pp. 1443-1449, 2007-
doi:10.1016/j.neuroimage.2006.11.004

[81] Quinlan, J. R.; , “C4.5: Programs for machine learning," Kaufmann, San Francisco, 1993.

[82] Tangermann, M.; , “Feature selection for brain-computer interfaces,” Dissertation, Universitat
TObingen, 2007 .

70



[83] Schachinger, D.; Schindler, K.; Kluge, T.; , “Automatic reduction of artifacts in EEG-signals,” 15th
International Conference on Digital Signal Processing, 2007. doi:10.1109/ICDSP.2007.42885391SBN

[84] Sannelli, C.; Braun, M.; M011er, K.-R.; , “Improving BCt performance by task-related trial pruning,”
Neural Networks, vol. 22, pp. 1295-1304, 2009. doi:10.1016/j.neunet,2009.08.006

[85] Braun, M. L.; Buhmann, J. M.; M011er, K.-R.; , “On relevant dimensions in kernel feature spaces,

Journal of Machine LearnIng Research, vol. 9, pp. 1875-1908, 2008.

[86] Kohavi, R.; John, G. H.; , “Wrappers for feature subset selection," Artificial Intelligence, no. 97, no. 1-2,
pp. 273-324, 1997. doi:10.1016/S0004-3702(97)00043-X

[87] Jarmulak, J.; Craw, S.; , "Genetic algorithms for feature selection and weighting," in Proceedings oJ the

IJCAl’99 workshop on Automating the Construction of Case Based Reasoners, pp. 28-33, 1999.

[88] DaI Seno, B.; Matteucci, M.; Mainardi, L. T.; , “A genetic algorithm for automatic feature extraction in

P300 detection,” International Joint Conference on Neural Networks 2008 (IJCNN 2008), pp. 3145-3152.

[89] Corralejo, R.; Hornero, R.; Alvarez, D.; , “Feature selection using a genetic algorithm in a motor
imagery-based brain computer interface,” EngIneering in Medicine and Biology Society, 20 II Annual

International Conference of the IEEE, pp. 7703-7706, 2011. doi:10.1109/IEMBS.2011.6091898

[90] Ghanbari, A. A.; Broumandnia, A.; Navidi, H.; Ahmadi, A.; , "Brain computer interface with genetic
algorithm,” International Journal of Information and Technology Research, vol. 2, no. 1, pp. 79-86, 2012.

[91] Thulasidas, M.; Guan, C.; Wu, J.; , “Robust classification of EEG signals for brain-computer interface,

iEEE Transactions on Neural Systems and Rehab Eng, vol. 14, no. 1, pp. 24-29, 2006.

doi:10.1109/TNSRE.2005.862695

[92] Li, Y.; Guan, C.; , “A semi-supervised SVM learning algorithm for joint feature extraction and
classification in brain computer interfaces,” Engineering fn Medicine and Biology Society, 2006 Annual
International Conference of the IEEE, pp. 2570-2573, 2006. doi:10.1109/IEMBS.2006.260327

[93] Canu, S.; Grandvalet, Y.; Guigue, V.; Rakotomamonjy, A.; “SVM and kernel methods matlab toolbox,”

Perception Systdmes et Information, INSA de Rouen, Rouen, France, 2005.

[94] Cortes, C.; Vapnik, V. N.; , “Support-Vector Networks,” Machine Learning, vol. 20, no. 3, pp. 273-297,
1995. doi:10.1007/BF00994018

[95] Boser, B. E.; Guyon, I. M.; Vapnik, V. N.; , “A training algorithm for optimal margin classifiers," COLT ’92

Proceedings of the fifth annual workshop on Computational learning theory, pp. 144-152, 1992.
doi:10.1145/130385.130401

[96] KObler, A.; Neumann, N.; Wilhelm, B.; Hinterberger, T.; Birbaumer, N.; , “Predictability of brain-
computer communication," Journal of Psychophysiology, vol. 18, no. 2-3, pp. 121-129, 2004.
doi : 10.1027/0269-8803.18.2–3.121

[97] Blankertz, B.; Sannelli, C.; Halder, S.; Hammer, E. M.; KObler, A.; MClller, K-.R.; Curio, G.; Dickhaus, T,; ,

“Neurophysiological predictor of SMR-based BCI performance,” Neuroimage, vol. 51, no. 4, pp. 1303-1309,
2010. doi:10.1016/j.neuroimage.2010.03.022

71



[98] Brickenkamp, R.; Zillmer, E.; , “d2 test of attention,” Hogrefe & Huber, G6ttingen, Germany, 1998.

[99] Bracewell, R. N.; , “The fourier transform and its applications,” 3'd ed. New York: McGraw-Hill, 1999.

[100] Kwan, Clarence C. Y.; "An introduction to shrinkage estimation of the covariance matrix: a pedagogic

illustration," Spreadsheets b Education (elSiE), vol . 4, no. 3, article 6, 2011 .
http://epublications.bond.edu.au/ejsie/vo14/iss3/6

[101] Lotte, F.; Guan, C.; , “Regularizing common spatial patterns to improve BCI designs: unified theory and

new algorithms," IEEE Trans on Biomedical Engineering, vol. 58, no. 2, pp. 355-362, 2011.
doi:10.1109/TBME.2010.2082539

[102] Blankertz, B.; Dornhege, G.; Krauledat, M.; M011er, K-.R.; Curio, G.; , “The non-invasive Berlin brain-

computer interface: fast acquisition of effective performance in untrained subjects,” Neuroimage, vol. 37,
no. 2, pp. 539-550, 2007. doi:10.1016/j.neuroimage.2007.01.051

[103] Devlaminck, D.; Wyns, B.; Santens, P.; Otte, G.; , “A multitask learning approach to spatial filtering in

BCS,” International Journal of Bioelectromagnetism, vol. 13, no. 1, pp. 29-31, 2011.

[104] Sannelli, C.; Vidaurre, C.; M011er, K.-R.; Blankertz, B.; , “Common spatial patterns patches: online

evaluation on BCI-naTve users," Conf Proc IEEE Eng Med Biol Soc, 2012.

[105] Laskov, P.; schafer, C.; Kotenko, I.; and MaIler, K.-R; , “Intrusion detection in unlabeled data with

quarter-sphere support vector machines," Praxis der Informationsverarbeitung und Kommunikation , vol.

27, PP. 228-236, 2004.

72



Appendix A - Matlab code: functions to handle outliers

ypred = zeros (data, 1 ) ; %data = 75 (only one class ) or 150 (both classes )
x = onesvm(svm, nu) ; '81-SVM outlier identification
indneg = find (x<0 ) ; Btrials classified as outIIers
indpos = find (x>0 ) ; 3inliers

If ( f==1 ) %outliers -> sigmoid ; mult 45% ( outliers )
sigmult = -4 . 6/ (quantile (x(indneg) , [ . 45] ) ) ;

for j =1 : size (ypred, 1 )
if (x ( j ) > 0 )

ypred ( ] )
else

ypred (5)
end

1;

1. / ( 1 + exp (-1*abs (sigmult ) *x ( j ) ) ) ; %sigmoid

end
end

if ( f==2 ) Ball data –> sigmoid ; mult 45% (outliers ) / 55% (inliers )
sigmultn = –4.6/ (quantile (x(indneg) , [ . 45] ) ) ;
sigmultp = -4 .6/(quantile (x(indpos ) , [ . 55 ] ) ) ;

for j =1 : size (ypred, 1 )
if (x ( j ) > 0 )

yE)red ( j ) = 1. / ( 1 + exp ( –1 tabs (sigmultp) *x ( j ) ) ) ;
else

ypred (1) = 1. / ( 1 + exp ( -1*abs (sigmultn) *x ( j ) ) ) ; Bsi(;mold
end

end
end

if ( f==3 ) '3outliers –> slgmold ; mult 35'% ( outliers )
sigmult = –4.6/ (quantlle (x(indneg) , [ . 35 ] ) ) ;

for j=1 : size (yr)red, 1 )
If (x (j ) > 0 )

ypred (3) = 1 ;
else

ypred ( j ) = 1. / ( 1 + exp (-1*abs (sigmult ) +x ( j ) ) ) ; %sigmoid
end

end
end

if ( f==4 ) %all data -> sigmoid ; mult 35'3 (outliers ) / 65% (inllers )
sigmultn = –4 . 6/ (quantile (x(indneg) , [ . 35] ) ) ;
sigmultp = -4 . 6/ (quantlle (x(indpos ) , [ . 65] ) ) ;

for j =1 : size (ypred, 1 )
if (x ( j ) > 0 )

yE)red ( j ) = 1. / ( 1 + exp (-1*abs (sigmultp) *x ( j ) ) ) ;
else

yE>red ( j ) = 1. / ( 1 + exp ( -1*abs (sigmultn) *x ( j ) ) ) ; Bsigmoid
end

end
end

if ( f==5 ) %outLiers –> sigmold ; mult 258 ( outliers )
sigmult = -4.6/ (quantlle(x(indneg) , [ . 25] ) ) ;

for j =1 : size (ypred, 1 )
if (x ( j ) > 0 )

ypred ( j )
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else :x ( j ) <0
ypred (1) = 1. / ( 1 + exp ( -1*abs (sigmult ) *x ( j ) ) ) ; %slgmoid

end
end

end

if ( f==6 ) 'tall data –> si(;mold ; mult 25% ( outliers ) / 75% (inliers )
sigmultn = -4 . 6/ (quantile (x(indneg) , [ . 25] ) ) ;
sigmult:p = -4 . 6/ (quantile (x(indpos ) , [ . 75 ] ) ) ;

for j =1 : size (ypred, 1 )
if (x (j ) > 0 )

ypred (1) = 1. / ( 1 + exp ( -1*abs (sigmultp) *x ( j ) ) ) ;
else

ypred ( j ) = 1. / ( 1 + exp ( –1*abs (sigmultn) *x ( j ) ) ) ; Bsigmold
end

end
end

if ( f==7 ) %outIIers -> sigmold ; mult 15% (outliers )
sigmult = -4.6/(quantile (x(indneg) , [ . 15 ] ) ) ;

for j=1 : size (ypred, 1 )
if (x ( j ) > 0 )

ypred(i ) = 1;
else

ypred (i) = 1. / ( 1 + exp (-1*abs (sigmult ) *x ( j ) ) ) ; Bsi(;mold
end

end
end

if ( f==8 ) Ball data –> sigmoid ; mult 158 ( outliers ) / 85 % (inliers )
sigmultn = -4 . 6/ (quantile (x(indneg) , [ . 15 ] ) ) ;
$igmultp = -4 . 6/ (quantlle (x(Indpos ) , [ . 85 ] ) ) ;

for j =1 : size (ypred, 1 )
if (x (j ) > 0 )

ypred(i ) = 1. / (1 + exp(–l*abs(slgmultp) *x ( j ) ) ) ;
else

ypred ( j ) = 1. / ( 1 + exp (-1*abs (sigmultn) *x ( j ) ) ) ; %slgmoid
end

end
end

if ( f==9 ) Ball data -> sigmoid ; mult k=1200 (constant )
sigmult = 1200 ;
yE)red ( : ) = 1. / ( 1 + exp (–l*sigmult*x) ) ; 3sigmoid

end

if ( f==10 ) %binary (weIghts = 10 "-25 or 1.0 )
for j=1 : size (ypred, 1 )

If (x ( j ) < 0 )
ypred (1)

else
ypred ( i )

end

0.0000000000000000000000001;

1;

end
end
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Appendix B - Resumo Estendido em Portugues

A interface c6rebro-miquina (BCI, do ing16s brain-computer interface) representa a comunicagao entre o
c6rebro e um computador, que pode ser utilizado para ler e interpretar a atividade e16trica do c6rebro
atrav6s de t6cnicas de processamento de sinais e aprendizagem de mdquina. TaI comunicagio oferece um

grande gama de possibilidades para a pesquisa m6dica; por exemplo: desenvolvimento de neuropr6teses

controladas atrav6s do pensamento, controle de cadeira de rodas e soletragio virtual.

Brain activity
measurement

Feature
Extraction Classification

BCI-based

Appl}cation

Subject
Visud

Feedback

Figura E.1: Esquema geral das fases da interface c6rebro-miquina (BCI). Depois do bloco de classificagio, o

sujeito tem a possibilidade de receber um feedback visual (fase online: seg30 1.2) que pode facilitar a
consequente modulagao da atividade do c6rebro em diregio ao resultado desejado.

Um dos principais problemas das BCls 6 a obtengio dos sinais de interesse. A atividade do c6rebro pode ser

obtida atrav6s de m6todos invasivos, baseados em cirurgia para posicionar os eletrodos internamente; ou
atrav6s daqueles nio-invasivos, como por exemplo o eletroencefalograma (EEG), a resonancia magn6tica

funcional (fMRI), a magnetoencefalografia (MEG) e espectroscopia no infravermelho pr6ximo (NIRS).

Neste trabalho, foram avaliadas as BCls baseadas em EEG por diversos motivos. Inicialmente, EEG 6 a

tecnologia utilizada pelo grupo de pesquisa com que este trabalho foi desenvolvido (Berlin Brain-Computer
Interface –BBCI). Tamb6m, 6 a t6cnica de medigio para BCI mais difundida, dado que ngo 6 invasiva e seus

experimentos sio baratos, se comparados a outros m6todos de BCI. A16m disso, EEG tem a vantagem de
apresentar uma elevada resolug30 temporal, a que 6 importante para uma aplicag30 em tempo real.

Figura E.2 Touca com 62 eletrodos posicionados sobre o couro cabeludo do autor para um experimento BCI.
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Depots de se decidir o m6todo de aquisigio da atividade cerebral, devem-se determinar as caracteristicas

do sinaI que representam a informagio Cltil para a Ba. lsto 6, no sinaI obtido deve existir uma evid6ncia da

atividade de interesse. TaI evid6ncia, chamada feature , pode ser subdividida em tr6s classes: os potenciais

de eventos relacionados (ERP), os potenciais corticais lentos (SCP) e os ritmos sens6rio-motores (SMR).

No presente trabalho, sao analisados os ritmos sens6rio-motores. Eles sio principalmente localizados nas
bandas de frequ6ncia A (9 – 13Hz) e B (15 – 30Hz). A escolha depende das caracteristicas especificas do

individuo. Uma redugio ou um aumento do espectro de pot6ncia correspondente reflete a execugio da
tarefa pelo sujeito. Essa mudanga no potencial do sinaI representa uma resposta a variagio de sincronizagio

das populag6es neurais que sio medidas pelos eletrodos do EEG. A partir de tais mudangas no espectro, o
sinaI obtido deve ser classificado.

ERD: lea / right N= 80/80, [-5tH) 5CXJ01 ms [-0.4 0_23] pV

Figura E.3: Dessincronizag6es relacionadas a evento (ERD) registradas pelo eletrodo CP3 (esquerda) e CP4
(direita) em fungio do tempo (ms). Em correspond6ncia a imaginag30 do movimento da mio direita (verde)

e da mio esquerda (vermelho), os dois sinais SiD facilmente discriminiveis. Figura adaptada de [1].

Para as BCls que sao baseadas em dessincronizag6es relacionadas a evento, a imaginagio do movimento de
um dado membro corresponde a uma redug30 do espectro de pot6ncia na zona contralateral do c6rtex,
enquanto o espectro na zona ipsilateral ngo sofre variag6es significativas. O algoritmo chamado Common

Spatial Pattern (CSP) foi utilizado para a extragio de tais caracteristicas. Ele se baseia na amplificagio das
diferengas dos espectros de pot6ncias de cada zona sens6rio-motora.

Figura E.4: Distribuig6es, sobre uma representagio do couro cabeludo, do pattern (esquerda) e do filtro

(direita) CSP correspondentes a imaginagio do movimento da mao direita \right-hand motor imagery).
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Conforme mostrado na figura E.4, as saidas do CSP sic os os patterns e os filtros. Os patterns representam a

distribuig30 original da atividade cerebral sobre o couro cabeludo do individuo. Os filtros, quando
multiplicados pelo sinaI original, resultam em uma amplificag30 das diferengas entre as variancias

observadas em cada zona sens6rio-motora. Portanto, a aplicagio do CSP compreende um aumento da

discriminibilidade entre as tarefas executadas pelo sujeito, melhorando a classificagao final.

Geralmente, tais tarefas, chamadas “classes”, sio representadas por tr6s tipos de imaginag6es: movimento

da mio direita, movimento da mio esquerda e movimento de ambos os p6s.

O CSP 6 eficiente no que diz respeito ao aumento do rendimento da classificagao somente entre duas
classes. Como sera posteriormente descrito, os experimentos BCI realizados escolhem duas classes durante

a fase de calibragio para que seja possivel aplicar este m6todo.

Uma vez que os features foram extraidos, eles sio separados em suas classes correspondentes por um

classificador. Neste projeto, foi utilizada a Analise Discriminante Linear (LDA, do ing16s Linear Discriminant

Analysis) , que 6 uma abordagem linear. O espago n-dimensional a que pertencem as amostras 6 separado
por um hiperplano nos sub-espagos correspondentes as diversas classes. A diregio e a posig50 deste
hiperplano sio definidas por um vetor normal we por um limiar b:

/(x) = sgn(w. x + b)

A LDA calcula os parametros (w,bJ de forma a maximizar as margens m6dias, sendo que “margem” 6 a
minima distancia entre uma amostra e o hiperplano. Assume-se que todas as amostras sejam distribuidas

uniformemente de forma gaussiana com a mesma covariancia quando projetadas na diregio de w.

,0000 0
0
0

'.!iF

Figura E.5: Projegio de duas classes (branco e preto) na diregio do vetor 6timo w, ou seja, a direg30 em que

as distribuig6es gaussianas tem m6dia maxima e variancia minima. lsso garante uma maior discriminancia

entre as classes e, consequentemente, uma melhor performance do classificador.

A eficicia da classificagio da LDA se baseia na discriminancia das amostras que pertencem a cada classe. EIa

6 feita estimando-se a diregao 6tima de projeg30 que resulta na maxima m6dia e na minima variancia das
gaussianas. NO caso ideal, a subdivisio das classes ocorreria sem dificuldade. Por6m, nos experimentos BCI,

outliers estio frequentemente presentes entre as amostras coletadas. O termo “outliers” descreve todas as

amostras que estao claramente distantes das outras observag6es disponiveis. Segundo a quantidade e
posigao no espago de tais outliers, as caracteristicas do classificador podem se modificar drasticamente,

resultando em uma classificagio final prejudicada (figura E.6).
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Figura E.6: Influ6ncia da presenga de outliers entre as amostras. A esquerda, distribuigio na aus6ncia de
outliers. A direita, quatro outliers (em vermelho) foram adicionados. Eles pertencem a classe representada

pelas amostras brancas. Consequentemente, o vetor 6timo w que rege a diregio da projegao 6 modificado,

resultando em uma aproximag30 entre as gaussianas e, portanto, uma redugao da discriminancia entre elas.

Nos dados aqui considerados, outliers sio aquelas amostras cujas caracteristicas se diferenciam dos reais

features dos potenciais ERD/ERS. Sua presenga se traduz em uma consideravel redug30 de performance.

Os outliers, a16m de representarem um problema para o classificador LDA, podem influenciar fortemente
no calculo dos filtros e dos patterns 6timos do CSP. lsso pode ocorrer porque o algoritmo CSP se baseia na

estima das matrizes de covariancia que representam as duas classes. A elevada sensibilidade de taI estima a

presenga de outliers 6 demonstrada na literatura [2].

O presente trabalho prop6e um novo m6todo para a identificagio dos outliers nas amostras obtidas nos
experimentos BCI baseados em EEG. Este m6todo se chama one-class Support Vector Machine (l-SVM) .

Feature Extraction
+ Artifact Handling

Figura E.7: Esquema da fase de calibragio proposta na tese. Depois que o sinaI EEG 6 obtido, passo que

inclui tamb6m um filtro passa-banda (ver capitulo 3), hi outros tr6s blocos de processamento para a
selegio dos features para o aprendizado do classificador: o filtro laplaciano, que serve para atenuar o ruido

de fundo {background) no sinaI EEG; 1-SVM para identificar os outliers (que serao posteriormente

removidos ou penalizados); e filtros espaciais CSP para reduzir a dimensio dos dados enquanto se amplifica

a diferenga entre as variancias das classes.

78



A id6ia inicial do projeto era de classificar os outliers do grupo de calibrag30 e sucessivamente remov6-1os

ou penalizi-los antes da estimativa da matriz de covariancia para a gerag30 dos filtros CSP, que dependem
das amostras coletadas. De fato, o aprendizado do classificador LDA poderia ser fortemente influenciado da

presenga de tais outliers.

Visando tal prop6sito, foram utilizados dados de quarenta individuos sem experi6ncia pr6via em

experimentos BCI. Foram escolhidos tamb6m aqueles que nao tinham nenhum epis6dio precedente de
doenga neuro16gica, dado que sua presenga poderia interferir na execugao da tarefa de imaginagio dos

movimentos. A coleta dos dados compreendia duas fases: calibragao (150 amostras) e feedback (300
amostras).

Na verdade, a fase de calibrag30 era inicialmente composta de 225 amostras, sendo 75 para cada classe
possivel (mao direita, mao esquerda, p6s). Entretanto, dado que o classificador 6 binirio (discriminagao
entre duas classes), sao considerados as amostras de duas classes por vez, totalizando 150 amostras. Para

isso, no final do processo de calibrag50, sao selecionados os dots grupos que apresentam o menor erro de

classificag30. Este erro 6 estimativa do atrav6s de cross-validation (ver p6gina 20).

Um outro ponto importante 6 a coleta dos dados na fase online (de feedback). Dado que os dados utilizados

foram precedentemente obtidos para um outro projeto, nao foi possivel, neste trabalho, aproveitar as
vantagens do feedback visivo e da consequente possibilidade de modulag30 da atividade pelo individuo.

Apesar que uma analise offline nao seja ideal, eIa representa um primeiro passo para demonstrar a efic6cia

do m6todo proposto para o aumento do desempenho de BCls. A16m disso, se mesmo sem a modulag30
online, este m6todo 6 capaz de melhorar o percentual de classificag6es corretas dos dados da fase de teste,

se hipotiza que ele seria capaz de produzir um desempenho ainda melhor para o caso real-time.

Conforme mencionado anteriormente, o m6todo proposto se baseia em SVM de uma classe (1-SVM). Uma

abordagem parecida foi publicada em literatura para identificar intrusos (outliers) em uma rede [3].
Entretanto, taI m6todo ainda nao tinha sido avaliado para BCls antes do presente projeto.

l-SVM cria uma fronteira entre as amostras classificadas como boas e aquelas como outliers. A tipologia de
taI contorno, que neste caso apresenta 68 dimens6es (n6mero 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 amostra ser outlier. Este parametro 6 definido pela pessoa que executa o experimento BCI.

Uma das avaliag6es feitas neste projeto foi definir a melhor abordagem para a escolha do parametro nu.
Para cada caso, o seu valor 6timo era conhecido, dado que a an61ise feita era offline. Ou seja, todos os

dados da fase de feedback podiam ser usados at6 que o melhor valor de nu, isto d aquele que resultasse no

melhor desempenho de classificagao, fosse encontrado. Entretanto, taI abordagem nao 6 reprodutivel em

um experimento em tempo real e, por isso, s6 d vdlida para os testes, e nao como m6todo real a se propor.

Conhecer o desempenho 6timo de cada individuo foi importante como meio de comparagao. A tabela E.1

compara o desempenho final m6dio entre os 40 individuos para diversos m6todos de seleg30 de nu. Esses

resultados foram confrontados com aqueles 6timos (coluna em amarelo na tabela: m6todo te6rico descrito
no parigrafo anterior). Observa-se nesta tabela que o m6todo de cross-validation, em que o valor de nu

varia para cada individuo, mostrou-se melhor em relag30 a abordagem de fixar um valor de nu para todos
os participantes (limiarfixo). Por6m todos sempre distantes do valor 6timo (te6rico), como esperado.
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CSP choices

Filters per class: 1
Shrinkage: No

Filter per class: 1
Shrinkage: Yes

Filter per class: 3
Shrinkage: Yes

Filter per class: 3
Shrinkage: No

Best nu

22.442

23.179

22.100

22.612

CV nu

24.987

26.001

25.879

26.308

nu = 0.20

26.675

26.775

25.375

26.871

nu = 0.45

27.737

26.771

25.275

nu = 0.70
28.667

27.421

27.592

27.137

Tabela E.1: Erros percentuais m6dios para 40 sujeitos. O valor obtido pelos m6todos de cross-validation e de

limiar fixo foi confrontado para diversas escolhas de nu. A coluna em amarelo representa os resultados

6timos e ngo reprodutiveis. Os valores colocados em evid6ncia em azul representam o melhor desempenho

final, dado que s30 os menores erros percentuais. Pode-se concluir que a cross-validation (CV) foi a melhor
alternativa.

Cross-validation 6 um m6todo que se baseia na estimativa do desempenho usando apenas o conjunto de

dados da calibragio. £ realizado atrav6s da divisio deste conjunto em cinco subconjuntos. Quatro deles
(120 amostras) sio fornecidos ao l-SVM para cada valor possivel de nu (no total foram avaliados 20 valores

entre 0 e 0.95 igualmente espagados entre si). As amostras classificadas como outliers s30 penalizadas. As
120 amostras sHo entio fornecidas ao algoritmo CSP e, depois, para a aprendizagem do classificador LDA.

Depois do aprendizado, as 30 amostras restantes (quinto subconjunto) sio fornecidos ao LDA, que deve

classificg-las corretamente. O desempenho da classificag30 6 obtida ao comparar o output do LDA com as
etiquetas verdadeiras das amostras. Portanto, o valor de nu que corresponder ao menor erro percentual,

isto 6, o melhor desempenho, 6 escolhido para a avaliagio final dos outliers no conjunto de 150 amostras.

Uma outra escolha importante para o 1-SVM 6 definir quais amostras serio fornecidas como sua entrada.

As duas alternativas avaliadas nesse trabalho sio: i) fornecer todo o conjunto de calibragio (150); ou ii) uma

classe (75) de cada vez. No primeiro caso, poderia ocorrer o problema que um outlier de uma dada classe

ngo seja identificado porque, na verdade, se encontra no subespago da segunda classe (figura E.8).

Figura E.8: Comparagio entre as fronteiras criadas para duas classes (esquerda) ou uma classe (direita)
como entrada do l-SVM. Os circulos verdes representam a primeira classe, enquanto os azuis a segunda.

Aqueles vermelhos s30 os outliers da primeira classe. A esquerda, existe um outlier dentro do subespago da

segunda classe e por isso ngo 6 identificado. Entretanto, a direita, caso em que somente as amostras da

primeira classe foram fornecidas, todos os outliers puderam ser corretamente identificados pelo l-SVM.
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Ngo obstante, a tabela 5.2 mostra como o caso de apresentarduas classes como entrada resulta melhor.

Both classes
(best nu
.5.6583

,5.0333

-6.0750

-4.5167

One class
(best nu)
-4.8375

-4.5167

.5.4292

,3.9583

Both classes

(CV nu)
,3.1125

,2.6042

,2.3792

.1.1375

One class

(CV nu)
.2.8042

.2.7500

.2.4958

.0.6542

Filters per class: 1
Shrinkage: No

Filter per class: 1
Shrinkage: Yes

Filter per class: 3
Shrinkage: No

Filter per class: 3
Shrinkage: Yes

Tabela E.2: M6dia (entre 40 individuos) da redug30 dos erros percentuais para diversas possibilidades de

escolha do CSP. Quanto mais negativo o valor, mais o desempenho m6dio melhorou. As duas primeiras
colunas (verde) comparam as alternativas de entrada para o valor 6timo (te6rico) do parametro nu,

enquanto as duas Clltimas (laranja) toma como refer6ncia o m6todo de cross-validation para sua escolha. O

melhor valor observado de redug30 do erro para cada par (verde ou laranja) 6 apresentado em azul.

Hipotizou-se que os resultados acima sejam consequ6ncia do uso do mesmo valor de nu para ambas as

classes, mesmo quando elas sao fornecidas separadamente ao 1-SVM. O problema 6 que pode existir o caso

em que uma classe tenha muito mais outliers que a outra. Assim, se ambas s30 avaliadas com a mesma

probabilidade de que uma amostra seja um outlier, isto 6, o mesmo valor de nu, algumas amostras ser30
certamente identificadas de forma err6nea.

Entretanto, a decisio de usar o mesmo nu se baseia em uma outra hip6tese: a possibilidade de uma
redugio na efic6cia da cross-validation, dado que o nu eleito dificilmente alcanga o valor 6timo, ou seja, o

valor que resulta no melhor desempenho. Por causa disso, escolher dois valores diversos, atrav6s de um
processo que n30 6 suficiente preciso, poderia resultar em um desempenho ainda pior.

Depois que os outliers foram identificados, deve-se decidir como trati-los. £ possivel remov6-1os por
completo ou penalizi-los com pesos que sejam proporcionais a sua distancia da fronteira criada pelo l-

SVM. A id6ia de ngo remover totalmente se baseia na hip6tese de que eles possam conter caracteristicas
importantes para a aprendizagem do classificador LDA.

Para a penalizagio, usou-se uma fung30 sigm6ide (seg30 4.3) com nove configurag6es diversas (ap6ndice A).

Oito foram criadas a partir de um m6todo estatistico, em que se escolhe um percentual das amostras que

foram anteriormente identificadas como outliers para receber pesos entre 0.01 e 0.50. TaI abordagem foi
utilizada com a finalidade de controlar melhor a distribuig30 dos outliers ao longo da fungao sigm6ide com

relagio a um percentual pr6-definido (atrav6s de quantiles\.

A16m disso, foram considerados os casos em que as amostras classificadas como nao-outliers tamb6m sio

penalizadas, sempre de acordo com a distancia da fronteira criada. Essa decisio se baseia na possibilidade

de corrigir uma possivel classificagao errada. lsto 6, um outlier que foi classificado como amostra boa sera,
dessa forma, mais penalizado quanto mais perto se encontrar da fronteira do 1-SVM.

Todas essas fun96es de penalizag6es de outliers foram comparadas com a alternativa da remogao completa

(fungio #10) na tabela E.3.
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Para a tabela E.3, foram utilizados os m6todos abaixo (1 – 3) que usam as varidveis presentes em (i –iv):

4)

5)

6)

\-N (C:Yi– OPt i )
Li=1=1

Ey_1Li=1
\, N (CYi– min (removE ,origi )Li=1

V)

vi)

vii)

viii)

CV: l-SVM + parametro nu escolhido atrav6s da cross-validation

opt: l-SVM + nu 6timo (te6rico)
remov: remogio de outliers marcados atrav6s de um m6todo de filtro (seg30 2.3)
orig: consideram-se todas as amostras, sem qualquer identificagao de outliers

Evaluation Method 1
3.3792
3.1958
3.0875
3.2875
3.6167
2.6042
2.9167
2.7417
2.9875
3.7792

Evaluation Method 2
.3.0750

.2.9042

.2.9917

.2.7000

.2.9583

.2.5708

.2.9708

.2.6667

.2.9542

.3.3708

Evaluation Method 3
0.3042
0.2917
0.0958
0.5875
0.6583
0.0333
.0.0542
0.0750
0.0333
0.4083

#9
#10

Tabela E.3: Avaliagio das fung6es para tratar os outliers identificados pelo l-SVM. O resultado em azul

representa o melhor desempenho para o nu 6timo (te6rico), enquanto o resultado em vermelho mostra a
maiordistancia entre os resultados obtidos pela cross-validation (real) e aquele 6timo (te6rico).

Apesar de a fungio que remove completamente os outliers tenha apresentado o melhor resultado para o
m6todo que avalia o potencial do l-SVM, ou seja, em relagio aos valores 6timos de nu; eIa tamb6m

apresentou o pior resultado para o m6todo que avalia a distancia entre os resultados te6ricos e reais,
baseados nela eleigio do parametro nu pela cross-validation. Ou seja, em um experimento em tempo real,
em que o nu 6timo ngo 6 conhecido, a fungio que remove completamente os outliers resultaria em uma

dos piores desempenhos finais do classificador.

Portanto, hipotizou-se que o l-SVM possa ser capaz de identificar todos os outliers a serem removidos
completamente somente no caso ideal, que nio 6 reprodutivel na pratica. Por6m, considerando o caso real

para escolha do nu atrav6s cross-validation, uma abordagem mais segura seria aquela de penalizar as
amostras e, assim, manter suas informag6es para assegurar uma melhor classificagio BCI final.

A avaliagio final do erro percentual para cada individuo apresentada na figura E.9 considera as escolhas do

l-SVM at6 agora expostas: aplicagio de cross-validation para escolha do parametro nu, a aplicag30 de todo
o conjunto de amostras de calibragio como sua entrada e o uso de uma fungao que penalize as amostras
em vez de remov6-1os
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A16m das escolhas do l-SVM, devem-se escolher tamb6m as alternativas para o CSR Por exemplo, o n6mero

de filtros a serem considerados e a presenga (ou aus6ncia) de shrInkage para a estimativa da matriz de
covariancia. O shrinkage envolve uma estimativa mais robuta em presenga de outliers [4]. Para avaliar o

potencial do 1-SVM em relag30 a escolha em que se espera ser mais estivel, usou-se, portanto, shrinkage.
A16m disso, em relag50 ao namero de filtros por classe, foram escolhidos tr6s, porque se hipotiza que,

assim, se ha uma menor perda de informag30.

CSP: three filters per class + shrinkage oovarianae matrix
1-SVM: both classes as feature set input
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Figura E.9: Comparag30 do erro percentual entre a aplicag30 e a aus6ncia do l-SVM como tratamento dos
dados. Sio considerados o shrinkage, o CSP com tr6s filtros por classe, e ambas as classes sio fornecidas

como entrada ao l-SVM. Cada cruz representa um individuo diferente e a sua posig50 espacial segue o erro

percentual registrado no m6todo de refer6ncia (eixo y) comparado com aquele do m6todo proposto (eixo

x). Nos grificos a esquerda, o eixo y representa um m6todo de filtragem para tratar os outliers (ver segio
2.3). Cada grifico apresenta, ainda, uma reta y = x que serve como um limiar visual para ilustrar quais
individuos realmente apresentaram uma redugio do erro percentual para o m6todo proposto (quando se

localizam em cima da reta).

Os valores em vermelho na figura E.9 representam numericamente o melhoramento observado na presenga

do l-SVM quando comparado com o m6todo de refer6ncia. “Ratio” representa o nClmero de individuos que

apresentaram um aumento estrito, enquanto “imp” (improvement) mostra a atenuagio resultante no erro

percentual em termos de m6dia de todos os 40 individuos.
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A partir dos gr6ficos na figura E.9, 6 possivel concluir que o l-SVM tem potencial de reduzir o erro
percentual observado na classificagio final de um sistema BCI. O quarto grafico, isto 6, aquele que compara

o conjunto de dados originais com o uso de nu 6timo, mostra claramente como o m6todo proposto poderia
efetivamente melhorar o desempenho. TaI potencial se traduz no nClmero de individuos que apresentaram

um estrito aumento do desempenho: 32/40 (80%).

A16m disso, a partir de uma inspegio visual do mesmo grafico, pode-se ver que os outros 20% apresentam

um desempenho final praticamente igual aquela inicial, isto 6, o erro permanece estivel (nio piora). Este 6

um outro ponto favorivel ao uso de l-SVM.

Um resultado parecido pode ser encontrado ao comparar o erro percentual do m6todo 1-SVM (figura E.9;
grifico embaixo a esquerda) com o m6todo de filtragem para identificagio dos outliers (segao 2.3). Em taI
confronto, nenhum individuo apresentou uma redugio do desempenho. 87,5% dos individuos tiveram um
melhoramento.

Na aplicag30 do l-SVM com cross-validation, a relagio de individuos que apresentaram um aumento de
desempenho absoluto ao se comparar com o conjunto de dados originais (grafico superior a direita) se
reduz a 45%. A16m disso, pode-se apresentar uma queda de desempenho de at6 10%.

Apesardisso, o m6todo com cross-validation ainda foi capaz de reduzir o erro percentual de dots individuos
at6 aproximadamente 20%. E um resultado expressivo, dado que tomou-se como refer6ncia a combinagio

para o CSP de tr6s filtros por classe e shrinkage, que representa elevada imunidade a presenga de outliers.

Analises adicionais para o individuo rotulado como VPjh 08 05 27 no banco de dados do BBCI foram

realizadas e discutidas. Este sujeito 6 um daqueles que tinham apresentado um expressivo melhoramento

do desempenho depois da aplicag30 de l-SVM com cross-validation (figura E.10).
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Figura E.10: Desempenho do individuo escolhido (circulo vermelho) para anilises adicionais. O grgfico
mostra a redug30 do erro percentual depois da aplicag30 do 1-SVM. O confronto 6 feito no seguinte

contexto: aplicagao de shrinkage para a estimativa da matriz de covariancia, CSP com tr6s filtros por classe e

uso de ambas as classes como entrada para o l-SVM.
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Para avaliar a influ6ncia de uma Clnica amostra no desempenho final, gr6ficos que confrontam o erro

percentual com o peso de penalizag30 s30 expostos na segio 6.2 para diversos conjuntos de refer6ncia. A
partir destes graficos, podem-se fazer observag6es e conclus6es importantes:

a)

b)

C)

d)

e)

O melhor desempenho realizivel ngo ocorre necessariamente para os pesos extremos (0.0 ou 1.0),

mas pode ser encontrada para pesos intermediirios, como, por exemplo, 0.2 (figura 6.2);

A aus6ncia do shrinkage na estimativa da matriz de covariancias resulta, como esperado, em uma

maior alterag30 de desempenho, que se traduz em uma elevada transigio de cores (figura 6.3);

Apenas um passo de variagio de nu (0.05) pode resultar em uma perda expressiva de desempenho
(por exemplo 15%, comparando as figuras 6.4 e 6.5); isso mostra a elevada sensibilidade no output

do l-SVM e, portanto, um obsticulo a cross-validation para alcangar um desempenho 6timo;

Uma Clnica amostra, dependendo do conjunto de refer6ncia, pode influenciar consideravelmente o
desempenho, dado que se registrou seja um melhoramento que uma redugio de 15% (figura 6.5);

A remogao e inclusio de amostras que, quando separadamente tinham melhorado o desempenho
(tabelas 6.1 e 6.2), pode ainda levar a uma redugio do desempenho se consideradas juntamente;
isso demonstra a depend6ncia do processo de penalizagio ao conjunto de amostras de refer6ncia.

Para compreender melhor o ponto (e) elencado acima, a segio 6.3 apresenta anilises da alterag30 da
posigio do subespago definido pelos filtros CSR lsto foi feito atrav6s da remog30 de duas amostras

particulares (#005, #117) ou inclus30 de outras tr6s (#101, #105, #107). Essa avaligao foi realizada como
sucessio dos resultados apresentados nas tabelas E.4 e E.5.

Initial
1.0
1.0

31,00%

Removing #5
0.0
1.0

17,00%

Removing #117
1.0
0.0

:18,67%

Removing both
0.0
0.0

14n67%

Weight #005
Wejght #117

Error rate

Tabela E.4: Anilise da evolugio do erro percentual dependendo da remog30 das amostras sugeridas pela

figura 6.5. A primeira coluna mostra os pesos iniciais de tais amostras e o erro percentual correspondente. A

segunda e a terceira coluna apresentam a remogio de somente uma amostra, o que ji resulta em uma
consideravel diminuigio do erro. Na quarta coluna ambas as amostras s30 removidas, com a expectativa

que taI abordagem resultaria num desempenho ainda melhor De fato, dessa forma, o erro foi reduzido
ainda mais.

Initial
0.0001
0.0102

0.0016
31n00%

Including #101
1.0

0.0102
0.0016
20.33%

Including #105
0.0001

1.0

0.0016
19.00%

Including #107
0.0001
0.0102

1.0
20,00%

Including all
1.0
1.0
1.0

16.67%

Weight #101
Wejght #105
Weight #107

Error rate

Tabela E.5: Anilise da evolug30 do erro percentual dependendo da remogio das amostras sugeridas pela

figura 6.5. A primeira coluna mostra os pesos iniciais de tais amostras e o erro percentual correspondente. A

segunda, a terceira e a quarta coluna apresentam a inclus30 de somente uma amostra, o que ji resulta em

uma considerivel diminuigio do erro. Na quinta coluna as tr6s amostras sio inclusas, com a expectativa que

taI abordagem resultaria num desempenho ainda melhor. De fato, dessa forma, o erro reduziou-se mais.

Em particular, a tabela E.6 mostra que os filtros da primeira classe (mao esquerda) tenham sofrido uma
elevada alteragio espacial depois da remogio e da inclus30 das amostras. lsso se reflete no angulo dos

filtros. Em particular, o angulo em relag30 ao primeiro filtro sofreu uma grande variagao (74 e 859).
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Angje: orjgjnal vs. removal
74.582
52.674
19.539
8.805
14.026
2.904

Angle: original vs. inclusion
85.273
53.486
85.830
5.943
10.665
7.457

lst filter
2nd filter
3rd filter
4th filter
5th filter
6th filter

Tabela E.6: Comparag30 da posig30 espacial dos filtros CSP atrav6s dos angulos entre os mesmos, antes e

depois da remog30 (primeira coluna) e da inclusio (segunda coluna) das amostras.

Hipotizou-se que taI alteragio na posigao seja responsivel por uma redug30 do desempenho, como
mostrado na tabela E.7. O problema pode ser devido ao fato que os filtros CSP obtidos do conjuto de

calibragio s30 sucessivamente utilizados tamb6m para o conjunto de amostras de teste (feedback).

Initial
1.0

1.0

0.0001
0.0102
0.0016
31,00%

Removi outliers
0.0
0.0

0.0001
0.0102

0.0016

14,67%

Including inliers
1.0
1.0
1.0
1.0
1.0

16,67%

Both methods
0.0
0.0
1.0
1.0
1.0

30.33%

Wejght #005
Weight #117

Weight #107
Error rate

Tabela E.7: Andlise da evolugio do erro percentual dependendo da remogio 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 inclusio das amostras #005 e #117, enquanto a terceira
inclui as amostras #101, #105, #107. A quarta coluna apresenta ambos os m6todos juntos com a expectativa

de que taI abordagem resultaria num desempenho ainda melhor. Entretanto, neste caso, a combinag30 dos

m6todos resulta em um aumento do erro percentual, quase retornando ao seu valor inicial.

De fato, se tais filtros jg passam por uma elevada alteragio seja pela remogio que pela inclusio de
amostras, 6 possivel na verdade esperar que, quando os m6todos sao combinados, os filtros CSP resultantes

possam nao ser mais eficazes e, consequentemente, interferir negativamente na classificagio final do BCI.

Enfim, a tabela E.8 mostra a correspond6ncia entre a amostra e a tarefa executada (mio esquerda ou p6s).

Apesar de que se poderia esperar, por exemplo para o caso da remogio das amostras (azul), que ambas
amostras correspondessem a mio esquerda (dado que os filtros correspondentes, indices 1-3, foram muito

alterados depois da remog30 deles – tabela E.6), na verdade a amostra #005 corresponde a tarefa dos p6s.

#005
Feet

#117

Left
#101

Left

#105

Feet

#107

Left

Tabela E.8: Representagao da classe a que cada amostra pertence. As amostras removidas sao evidenciadas

em azul, enquanto aquelas inclusas em verde.

Foi hipotizado que a amostra da mio esquerda (#117) seja decisiva na definigao dos filtros CSP

correspondentes, enquanto aquela relacionada aos pds ngo. Apesar disso, esta amostra foi capaz de
melhorar o desempenho em 14% quando considerada separadamente. TaI resultado sugere que a
aprendizagem do classificador e o c61culo dos filtros CSP n30 s30 sempre correlatos, ainda que ambos

possam influenciar no desempenho final de um sistema baseado em brain-computer interface.
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Como conclus6es do que foi apresentado de forma condesada neste resumo em portugu6s (encoraja-se a

leitura completa dos pr6ximos capitulos em ing16s), podemos elencar os seguintes t6picos principais:

O m6todo proposto neste trabalho apresenta um car6ter inovativo, pois nao fora relatado na literatura at6

ent30. lsto 6, a utilizagao de Support Vector Machine jd foi feita no contexto de Brain-Computer Interfaces,
mas com a diferenga que normalmente d empregada na fase de classificagio, ou seja, no lugar da An61ise

Discriminante Linear utilizada neste trabalho. Enquanto que se sugere aqui seu emprego para identificagao

de outliers antes da aplicag30 do filtro espacial CSP, dado que a estima das matrizes de covariancias para

este d muito sensivel a presenga de outliers.

A16m disso, no m6todo classificat6rio, emprega-se na verdade a vers50 de duas classes (2-SVM), enquanto a

presente monografia utiliza l-SVM. lsto deve-se a hip6tese de que todas as amostras boas, de interesse,
estejam concetradas em uma regiao do espago, enquanto todos os outliers estejam distribuidos fora dessa

regiao. Portanto, a id6ia central 6 criar uma fronteira que sepa re a regiao das amostras boas (uma classe) de

todo o resto do espago.

Para isso, 6 necess6rio fornecer um parametro (nu) de entrada ao 1-SVM que representa a probabilidade de
uma dada amostra ser outlier. Mostrou-se que um limiar fixo para este valor nao 6 a melhor opgao devido a

grande variabilidade entre os individuos. Alguns podem ter perdido a atengao mais facilmente ou realizado

movimentos musculares (EMG) ou oculares (EOG), que sao as fontes mais comuns de outliers em BCI e,

portanto, apresentam um nClmero diferente de amostras efetivamente boas. Consequentemente, optou-se
pelo m6todo estatistico chamado cross-validation que, apesar de ainda nao alcangar o valor 6timo (te6rico)

de desempenho final – que representa o potencial m6ximo do l-SVM, manteve-se com resultados melhores

daqueles obtidos com limiares fixos, como esperado.

l-SVM fornece como sa ida de seu algoritmo um vetor com esp6cie de “pesos" para cada amostra fornecida.
Este vetor pode conter valores negativos e positivos, representando a distancia de cada amostra a margem

criada para separar as amostras boas dos outliers. Quando uma amostra for definida como boa, apresenta

valor positivo enquanto os outliers apresentam valores negativos. E o m6dulo destes valores representa a
distancia espacial da amostra at6 a fronteira de separagao. Com isso, em vez de simplesmente remover

todas as amostras com valores negativos, 6 possivel penalizi-los com pesos proporcionais as distancias
recebidas como saida do l-SVM. Essa abordagem se mostrou mais segura e com melhores resultados, pots

apesar de algumas amostras serem consideradas outliers, elas ainda podem conter informag6es que sjeam

complementares as outras amostras e de interesse para a aprendizagem do classificador LDA.

A16m disso, o desempenho final se mostrou muito sensivel a escolha do parametro nu. Como apresentado,

sua escolha atrav6s de cross-validation, na maioria das vezes, nao alcanga o mesmo desempenho 6timo

(te6rico, nao realiz6vel em tempo real). lsso significa que o valor de nu ideal para um determinado ind fviduo
obtido estatisticamente pode nao ser o ideal para ele. Portanto, remover todas as amostras para taI valor

seria uma abordagem muito arriscada. E assim prefere-se a opg30 de penalizi-las atrav6s de quantiles.

A figura E.9 apresenta os resultados finais para os 40 ind ividuos tomados como base de comparagao para

este estudo. Em particular os graficos a direita comparam o desempenho do m6todo original (sem l-SVM)

com aquele a partir da introdugao da t6cnica proposta neste trabalho. Nota-se o grande potencial que esta
t6cnica apresenta para BCI enquanto considerando o valor nu te6rico (quarto gr6fico): 80% dos ind ividuos

apresentaram uma melhora estrita do desempenho. E o caso real, com cross-validation, ainda obteve uma
grande melhora, em particular para dois ind ividuos cujo desempenho resultou ser aproximadamente 20%

maior que aquele original: uma melhora extremamente significativa para experimentos BCI.
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