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Introduction

Since the �rst experiments of ElectroEncephaloGraphy (EEG) on humansby Hans Berger in
1929 [Ber29], the idea that brain activity could be used as a communication channel has rapidly
emerged. Indeed, EEG is a technique which makes it possible to measure, onthe scalp and in
real-time, micro currents that re�ect the brain activity. As such, the EEG discovery has enabled
researchers to measure the human's brain activity and to start trying to decode this activity.

However, it is only in 1973 that the �rst prototype of a Brain-Computer Interface (BCI)
came out, in the laboratory of Dr. Vidal [Vid73]. A BCI is a communication system which
enables a person to send commands to an electronique device, only by meansof voluntary
variations of his brain activity [WBM+ 02, Bir06, PNB05, CR07, HVE07]. Such a system
appears as a particularly promising communication channel for persons suffering from severe
paralysis, for instance for persons suffering from amyotrophic lateral sclerosis [KKK+ 01].
Indeed, such persons may be affected by the “locked-in” syndrome and, as such, are locked
into their own body without any residual muscle control. Consequently, a BCI appears as their
only means of communication.

Since the 90's, BCI research has started to increase rapidly, with more and more labo-
ratories worldwide getting involved in this research. Several internationalBCI competitions
even took place in order to identify the most ef�cient BCI systems over the world [SGM+ 03,
BMC+ 04, BMK+ 06]. Since then, numerous BCI prototypes and applications have been pro-
posed, mostly in the medical domain [RBG+ 07, BKG+ 00], but also in the �eld of multimedia
and virtual reality [KBCM07, EVG03, LLR+ 08].

Brain-Computer Interfaces

Naturally, designing a BCI is a complex and dif�cult task which requires multidisciplinary
skills such as computer science, signal processing, neurosciences orpsychology. Indeed, in
order to use a BCI, two phases are generally required: 1) an of�ine training phase which
calibrates the system and 2) an online phase which uses the BCI to recognize mental states and
translates them into commands for a computer. An online BCI requires to follow aclosed-loop
process, generally composed of six steps: brain activity measurement, preprocessing, feature
extraction, classi�cation, translation into a command and feedback [MB03]:

1. Brain activity measurement: this step consists in using various types of sensors in
order to obtain signals re�ecting the user's brain activity [WLA+ 06]. In this manuscript
we focus on EEG as the measurement technology.

11
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2. Preprocessing: this step consists in cleaning and denoising input data in order to en-
hance the relevant information embedded in the signals [BFWB07].

3. Feature extraction: feature extraction aims at describing the signals by a few relevant
values called “features” [BFWB07].

4. Classi�cation: the classi�cation step assigns a class to a set of features extracted from
the signals [LCL+ 07]. This class corresponds to the kind of mental state identi�ed. This
step can also be denoted as “feature translation” [MB03]. Classi�cation algorithms are
known as “classi�ers”.

5. Translation into a command/application: once the mental state is identi�ed, a com-
mand is associated to this mental state in order to control a given application such as a
speller (text editor) or a robot [KMHD06].

6. Feedback:�nally, this step provides the user with a feedback about the identi�ed mental
state. This aims at helping the user controlling his brain activity and as such theBCI
[WBM+ 02]. The overall objective is to increase the user's performances.

Figure 1: General architecture of an online brain-computer interface.

This whole architecture is summarized in Figure 1. These steps de�ne an online BCI. How-
ever, as mentioned above, it should be noted that before operating sucha BCI, a considerable
calibration work is necessary. This work is generally done of�ine and aimsat calibrating the
classi�cation algorithm, calibrating and selecting the optimal features, selectingthe relevant
sensors, etc. In order to do so, a training data set must have been recorded previously from
the user. Indeed, EEG signals are highly subject-speci�c, and as such, current BCI systems
must be calibrated and adapted to each user. This training data set should contain EEG signals
recorded while the subject performed each mental task of interest several times, according to
given instructions. The recorded EEG signals will be used as mental state examples in order to
�nd the best calibration parameters for this subject.
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Thesis objectives

The work presented in this PhD manuscript belongs to the framework of BCIresearch. More
precisely, it focuses on the study of EEG signal processing and classi�cation techniques in or-
der to design and use BCI for interacting with virtual reality applications. Indeed, despite the
valuable and promising achievements already obtained in the literature, the BCI�eld is still a
relatively young research �eld and there is still much to do in order to make BCI become a ma-
ture technology. Among the numerous possible improvements, we are going to address three
main points in this PhD thesis: improving the information transfer rate of currentBCI, design-
ing interpretable BCI systems and developping BCI systems for concrete real-life applications
such as virtual reality applications. The BCI community have highlighted these points as be-
ing important and necessary research topics for the further development of BCI technology
[MAM + 06, KMHD06, WBM+ 02, AWW07, LSF+ 07].

1 - Improving the information transfer rate of BCI systems

Current BCI systems have a relatively low information transfer rate (for most BCI this rate is
equal to or lower than 20 bits/min [WBM+ 02]). This means that with such BCI, the user needs
a relatively long period of time in order to send only a small number of commands.In order to
tackle this problem, we can address the following points:

• Increasing the recognition rates of current BCI. The performances of current systems
remain modest, with accuracies, i.e., percentages of mental states correctly identi�ed,
which reach very rarely 100 %, even for BCI using only two classes (i.e.,two kinds
of mental states). A BCI system which is able to make less mistakes would be more
convenient for the user and would provide a higher information transferrate. Indeed,
less mistakes from the system means less time required for correcting these mistakes.

• Increasing the number of classes usedin current BCI. The number of classes used
is generally very small for BCI. Most current BCI propose only 2 classes. Designing
algorithms that can ef�ciently recognize a larger number of mental states would enable
the subject to use more commands and as such to bene�t from a higher information
transfer rate [KCVP07, DBCM04a]. However, to really increase the information transfer
rate, the classi�er accuracy (percentage of correctly classi�ed mentalstates) should not
decrease too much due to the higher number of classes.

• Designing asynchronous (self-paced) BCI. Current BCI are mostly synchronous, which
means their users can only interact with the application during speci�c time periods, in-
structed by the system. Contrary to synchronous BCI, self-paced BCI can issue com-
mands at any time, and as such can issue more commands than synchronous BCI within
the same time period [MKH+ 06]. Consequently, their resulting information transfer rate
should also be higher.
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2 - Designing interpretable BCI systems

Currently, the brain mechanisms are still far from being fully understood, and a considerable
amount of neuroscience research is still required to achieve this goal, if ever. Research on BCI
systems, which aim at decoding brain activity in real time, may be seen as a promising way of
improving the understanding of the brain. Indeed, most current BCI systems can be trained to
recognize various mental states using a set of training data. Consequently, the BCI community
has recently stressed the need to develop signal processing and classi�cation techniques for
BCI from which a human could extract knowledge and gain insights on the brain dynamics
[MAM + 06]. Moreover, even since the very beginning of BCI research, it has been highlighted
that the employed data analysis methods “should enable interpretation, so thatthe researchers
can use the results for further improvement of the experimental setting” [KFP93]. However,
current BCI systems generally behave as “black boxes”, i.e., it is not possible to interpret
what the algorithms have automatically learnt from data [MAM+ 06]. Designing interpretable
BCI would make it possible to obtain systems that can recognize various mentalstates while
providing knowledge on the properties and dynamics of these mental states.Such a system
could potentially be used to improve the current neuroscience knowledge as well as to check
and improve the designed BCI.

3 - Developping BCI systems for concrete virtual reality applications

With only a few exceptions [GEH+ 03, VMS+ 06], current BCI systems are mostly studied and
evaluated inside laboratories, in highly controlled conditions. To further develop BCI tech-
nology, it is necessary to study BCI in real-life or close to real-life conditions, with a larger
number of users/subjects. It is also essential to exploit ef�ciently the few available commands
provided by current BCI systems. Indeed, by designing smart interfaces and appropriate inter-
action paradigms for BCI based applications, the amount of possible and available actions for
the user could be increased, and the time necessary to select these actionscould be decreased.
In this thesis manuscript, we focus on Virtual Reality (VR) applications. Indeed we would like
to develop, study and improve BCI-based VR applications, such as entertaining applications
that could be used by the general public.

Approach and contributions

This manuscript describes the work we carried out in order to address the three objectives
mentioned above. More precisely, the�rst chapter of this manuscript proposes an overview
of current BCI designs and applications. The following chapters are dedicated to the scienti�c
contributions we proposed. These contributions can be gathered into two parts: Part 1) gath-
ers contributions related to EEG signal processing and classi�cation whereas Part 2) gathers
contributions related to virtual reality applications based on BCI technology.More precisely,
Part 1 deals respectively with feature extraction and preprocessing, classi�cation, interpretable
BCI design and self-paced BCI design. Part 2 deals respectively with the study of BCI use for
entertaining VR applications in close to real-life conditions, and with the use of aBCI for ex-
ploring and interacting with a Virtual Environment (VE), here a virtual museum. More details
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are given in the following sections.

Part 1: EEG signal processing and classi�cation

In order to increase the information transfer rates of current BCI systems and to design inter-
pretable BCI, improvements can be brought at all processing levels: at the preprocessing level,
at the feature extraction level and at the classi�cation level. To improve the information trans-
fer rate at the feature extraction level, we could design more robust and ef�cient features. To
this end, we should design algorithms that can capture the relevant information related to each
targeted mental state while �ltering away noise or any unrelated information. Moreover, it is
known that each subject is different from the other, regarding the spectral or spatial components
of his brain activity for instance. Consequently, an ideal feature extraction algorithm for BCI
should be trainable in the sense that it should be able to learn and use subject-speci�c features.
Moreover, it is particularly important to design feature extraction methods that can be trained
on multiclass data (e.g., [DBCM04b]).

In order to obtain an interpretable BCI, we can �rst obtain interpretable features. Fea-
tures that are abstract mathematical information such as autoregressive coef�cients (see section
1.5.1.2) are very unlikely to be interpreted by a human. To be able to extract relevant informa-
tion about the brain dynamics from the features, the ideal features shouldconvey physiological
information.

We believe that inverse solutions are ideal candidates to address all thesepoints. Indeed,
inverse solutions are methods that make it possible to reconstruct the activityin the brain vol-
ume by using only scalp measurements and a head model (see section 1.4.4). As such they
can localize the sources of activity within the brain, thus recovering a physiologically relevant
information. Moreover, in works preceding this PhD thesis, we have shown that inverse solu-
tions were promising and ef�cient (in terms of classi�cation accuracy) spatial �lters for BCI
[CLL06]. Other pioneer studies performed by different groups havealso found that inverse
solutions were promising feature extraction methods for EEG-based BCI [GGP+ 05, KLH05].
Consequently, inChapter 2, we propose a trainable feature extraction algorithm for BCI which
relies on inverse solutions and can deal with multiclass problems. The proposed algorithm,
known as FuRIA (Fuzzy Region ofInterestActivity), is assessed on EEG data sets from BCI
competitions and compared with the algorithms of the competition winners.

To build an interpretable BCI system with a high information transfer rate it is also neces-
sary to work at the classi�cation level. To date, numerous classi�ers havebeen tried and used
to design BCI [MAB03, LCL+ 07] (see also section 1.6). However, some classi�ers that proved
to be ef�cient in other contexts of pattern recognition have not been explored yet for BCI de-
sign [MAM+ 06]. A category of classi�ers appears as particularly attractive for BCI design:
the fuzzy classi�ers, which are classi�cation algorithms based on the theory of fuzzy logic and
fuzzy sets of Zadeh [Zad96a, Men95]. Indeed, Bezdek has highlighted that fuzzy classi�ers
were "perfectly suitable to deal with the natural fuzziness of real-life classi�cation problems"
[BP92].

Fuzzy Inference Systems (FIS) are fuzzy classi�ers that can learn fuzzy “if-then” rules able
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to classify data [Chi97a]. FIS have been successfully used in severalother pattern recogni-
tion tasks such as hand-writing recognition [AL96b], ElectroMyoGraphy(EMG) classi�cation
[CYL+ 00] or even brain research, e.g., for EEG monitoring [BU03, HLS+ 01]. Moreover, Chan
et al have stressed the suitability of FIS for classi�cation of non-stationary biomedical signals
[CYL+ 00]. Actually, the “fuzzyness” of FIS makes it possible to deal with the variability of
such signals and to tolerate their possible contradictions [CYL+ 00]. In addition to these points,
FIS exhibit several interesting properties that may address our objectives. First, FIS are uni-
versal approximators [Wan92]. Then, FIS are known to be interpretable, which means that it
is possible to extract knowledge from what they automatically learnt [Gui01,Chi97a]. Finally,
it is also possible to add a priori knowledge to FIS under the form of “hand-made” fuzzy rules
[Chi97a]. All these points make FIS very interesting candidates for BCI-design.

Therefore, inChapter 3, we study the use of a FIS for classi�cation in an EEG-based
BCI. More particularly, we study FIS by assessing their classi�cation performances, their in-
terpretability, the possibility to provide them with a priori knowledge. We also study their
outlier rejection capabilities, i.e., their capabilities to reject data that do not correspond to any
of the classes they learnt. For this study, we focus on the classi�cation of EEG signals recorded
during movement imagination.

As mentioned above, inverse solution-based features represent physiological knowledge
and fuzzy inference systems can represent what they have learnt under the form of a set of
rules. These two properties appear as particularly interesting to attain our objective of designing
an interpretable BCI. However, the interpretability of these methods could bepushed further.
Indeed, a BCI system would be more easily interpretable if it could expressthe knowledge it
has extracted from EEG data using simple and clear words.

Therefore, inChapter 4, we propose an algorithm, which is based on inverse solutions and
fuzzy inference systems, to design fully interpretable BCI systems. This algorithm relies on
the paradigm of “computing with words” of Zadeh [Zad96b] in order to express what has been
learnt by the BCI system using only simple words, and not mathematical formulations.

Finally, in order to design BCI with higher information transfer rate and to usethem in
real applications, it is essential to design ef�cient Self-Paced BCI (SPBCI). Moreover, and
independently from the information transfer rate, a SPBCI provides the user with a more natural
and convenient mode of interaction. This point is also important as one of our objectives is to
design BCI-based virtual reality applications for the general public. Consequently,Chapter
5 deals with the design of EEG-based SPBCI. More precisely, this chapter considers SPBCI
design as a pattern rejection problem. As such, it introduces new pattern rejection methods for
SPBCI design and studies and compares various pattern rejection methods applied to various
classi�cation algorithms.

Part 2: Virtual reality applications based on BCI technology

In order to design practical BCI-based applications, and particularly virtual reality applications,
it appears as essential to gather knowledge about the in�uence, role and needs of the user of the
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system. To gather relevant and signi�cant knowledge, the related studiesshould be performed
with a suf�ciantly high number of subjects in close to real-life conditions. Consequently, in
the work presented inChapter 6, we studied both the performances and the preferences of
21 naive subjects who used a BCI to interact with an entertaining VR application during an
exhibition. More precisely, this chapter presents a simple self-paced BCI which uses a single
electrode and a single feature. Thanks to this BCI, subjects could lift a virtual spaceship by
using real or imagined foot movements. The correct recognition rates obtained were measured,
and the users' feelings about their BCI experience were collected usinga questionnaire.

BCI have been recently shown to be a suitable interaction device for VR applications
[LSF+ 07]. Indeed, various prototypes have been proposed in order to perform simple navi-
gation tasks in VE by thoughts [LFS+ 06, FLG+ 07, LFSP07, SLS+ 08] as well as a few virtual
object manipulation tasks [LKF+ 05a, Bay03]. Despite these promising �rst prototypes, cur-
rent BCI-based VR applications can only provide the user with few and limitedinteraction
tasks. Indeed current BCI systems can only provide the user with a verysmall number of com-
mands (only 2 for most BCI), and current BCI-based VR applications mostly rely on low-level
interaction techniques limiting the possibilities offered to the user.

In Chapter 7, we present a BCI-based VR application which enables its users to visit a
virtual museum by using thoughts only. In order to exploit ef�ciently the smallnumber of
commands provided by a BCI we proposed a novel interaction technique for BCI-based VR
application. This interaction technique enables the user to send high-level commands, leaving
the application in charge of most of the complex and tedious details of the interaction task. We
also designed a self-paced BCI system which can provide its users with 3 different commands.

Finally, conclusions and perspectives of the work presented in this manuscript are given in
thelast chapter.
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Chapter 1

Brain-Computer Interfaces Design
and Applications

1.1 Introduction

This �rst chapter aims at reviewing the main BCI designs and their applications. This chapter
�rst gives some de�nitions related to BCI. Then it reviews the methods and techniques used
to design a BCI. As such, it details the different processing steps composing a BCI, that is,
measurements of brain activity (Section 1.3), preprocessing (Section 1.4), feature extraction
(Section 1.5) and classi�cation (Section 1.6). Finally, Section 1.7 presents some BCI applica-
tions and prototypes already developped, by emphasising virtual reality applications.

1.2 De�nitions

A BCI can formally be de�ned as a “communication and control channel thatdoes not depend
on the brain's normal output channels of peripheral nerves and muscles” [WBM+ 02]. The
messages and commands sent through a BCI are encoded into the user's brain activity. Thus, a
BCI user “produces” different mental states (alternatively, we can say that a user is performing
a mental task or is generating a given neurophysiological signal) while his brain activity is
being measured and processed by the system. Traditionally, the differentBCI systems are
divided into several categories. Among these categories, researchers notably oppose dependent
BCI to independent BCI, invasive BCI to non-invasive BCI as well as synchronous BCI to
asynchronous (self-paced) BCI.

1.2.1 Dependent versus independent BCI

One distinction which is generally made concerns dependent BCI versus independent BCI
[AWW07]. A dependent BCI is a BCI which requires a certain level of motor control from the
subject whereas an independent BCI does not require any motor control. For instance, some
BCI require that the user can control his gaze [LKF+ 05a]. In order to assist and help severely
disabled people who do not have any motor control, a BCI must be independent. However,
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dependent BCI can prove very interesting for healthy persons, in order to use video games for
instance [AGG07]. Moreover, such BCI may be more comfortable and easier to use.

1.2.2 Invasive versus non-invasive BCI

A BCI system can be classi�ed as an invasive or non-invasive BCI according to the way the
brain activity is being measured within this BCI [WBM+ 02, LN06]. If the sensors used for
measurement are placed within the brain, i.e., under the skull, the BCI is said to be invasive. On
the contrary, if the measurement sensors are placed outside the head, onthe scalp for instance,
the BCI is said to be non-invasive. Please refer to Section 1.3 for more details on the brain
activity measurement methods employed in BCI.

1.2.3 Synchronous versus asynchronous (self-paced) BCI

Another distinction that is often made concerns synchronous and asynchronous BCI. It should
be noted that it is recommended to denote asynchronous BCI as “self-paced” BCI. [PGN06,
MKH+ 06]. With a synchronous BCI, the user can interact with the targeted application only
during speci�c time periods, imposed by the system [KFN+ 96, PNM+ 03, WBM+ 02]. Hence,
the system informs the user, thanks to dedicated stimuli (generally visual or auditory), about
the time location of these periods during which he has to interact with the application. The user
has to perform mental tasks during these periods only. If he performs mental tasks outside of
these periods, nothing will happen.

On the contrary, with a self-paced BCI, the user can produce a mental task in order to
interact with the application at any time [MKH+ 06, BWB07, SSL+ 07, MM03]. He can also
choose not to interact with the system, by not performing any of the mental states used for
control. In such a case, the application would not react (if the BCI worksproperly).

Naturally, self-paced BCI are the most �exible and comfortable to use. Ideally, all BCI
should be self-paced. However, it should be noted that designing a self-paced BCI is much
more dif�cult than designing a synchronous BCI. Indeed, with synchronous BCI, the system
already knows when the mental states should be classi�ed. With a self-paced BCI, the system
has to analyse continuously the input brain signals in order to determine whether the user is
trying to interact with the system by performing a mental task. If it is the case, the system has
also to determine what is the mental task that the user is performing. For these reasons, the
wide majority of currently existing BCI are synchronous [WBM+ 02, PNB05]. Designing an
ef�cient self-paced BCI is presently one of the biggest challenge of theBCI community and a
growing number of groups are addressing this topic [MKH+ 06, BWB07, SSL+ 07, MM03].

1.3 Measurements of brain activity

The �rst step required to operate a BCI consists in measuring the subject'sbrain activity. Up
to now, about half a dozen different kinds of brain signals have been identi�ed as suitable for
a BCI, i.e., easily observable and controllable [WBM+ 02]. This section �rst describes the
different available techniques for measuring brain activity. Then it describes the brain signals
that can be used to drive a BCI.
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1.3.1 Techniques for measuring brain activity

1.3.1.1 Overview of measurement techniques used for BCI

Numerous techniques are available and used, in order to measure brain activity within a BCI
[WLA + 06, dM03]. Among these techniques, we can quote MagnetoEncephaloGraphy (MEG)
[MSB+ 07, BJL+ 08], functional Magnetic Resonance Imaging (fMRI) [WMB+ 04], Near In-
fraRed Spectroscopy (NIRS) [CWM07], ElectroCorticoGraphy (ECoG) [LMS+ 06] or implanted
electrodes, placed under the skull [LN06]. However, the most used method is by far Elec-
troEncephaloGraphy (EEG) [WLA+ 06]. Indeed, this method is relatively cheap, non-invasive,
portable and provides a good time resolution. Consequently, most currentBCI systems are
using EEG in order to measure brain activity. Thus, in this thesis work, we have focused on
EEG-based BCI designs.

1.3.1.2 Invasive BCI

Although EEG is the most widely used technique, it should be noted that a largeand rapidly
growing part of BCI research is dedicated to the use of implanted electrodes which measure the
activity of groups of neurons [LN06, FZO+ 04, HSF+ 06, Nic01, SCWM06]. Currently, most
of this research has focused on the design and evaluation of invasive BCI for primates [LN06,
Nic01]. However, recent results have shown the usability of such systems on humans [HSF+ 06,
SCWM06]. Implanted electrodes make it possible to obtain signals with a much better quality
and a much better spatial resolution than with non-invasive methods. Indeed, some invasive
methods can measure the activity of single neurons while a non-invasive method such as EEG
measure the resulting activity of thousands of neurons. As such, it is suggested that invasive
BCI could obtain better results, in terms of performances (information transfer rate, accuracy,
�ability, . . . ), than non-invasive methods, and especially than EEG. However, this statement
still needs to be con�rmed and is still a topic of debate within the BCI community. Indeed,
even if EEG-based BCI are based on much noisier and coarser signals than those of invasive
BCI, some studies have reported that they can reach similar information transfer rates [WM04,
Wol07]. The main drawback of invasive BCI is precisely the fact that theyare invasive, which
requires that the subject endures a surgery operation in order to use the system. Moreover,
implanted electrodes have a limited lifetime, which makes the subject endure regular surgery
operations in order to replace the electrodes. Then, the use of implanted electrodes might be
dangerous for the health of the subjects. Finally, implanting electrodes in a human's brain also
raises numerous ethic problems. These points make non-invasive BCI, and most especially
EEG-based BCI, the most used and the most popular BCI systems. In the following of this
manuscript, we will focus exclusively on non-invasive BCI based on EEG.

1.3.1.3 Electroencephalography

Electroencephalography measures the electrical activity generated by the brain using electrodes
placed on the scalp [NdS05]. EEG measures the sum of the post-synaptic potentials generated
by thousands of neurons having the same radial orientation with respect tothe scalp (see Fig-
ure 1.1). The �rst EEG measurements on a human subject have been conducted in 1924 by
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Hans Berger. It is at that time that he worked out the name of “electroencephalogram”. His
fundamental discovery was published in 1929 [Ber29].

Figure 1.1: Examples of EEG signals, recorded using 2 EEG electrodes (C3 and C4) for a
healthy subject (time is displayed in seconds).

Signals recorded by EEG have a very weak amplitude, in the order of some microvolts.
It is thus necessary to strongly amplify these signals before digitizing and processing them.
Typically, EEG signals measurements are performed using a number of electrodes which varies
from 1 to about 256, these electrodes being generally attached using an elastic cap. The contact
between the electrodes and the skin is generally enhanced by the use of a conductive gel or
paste [Rei05]. This makes the electrode montage procedure a generally tedious and lengthy
operation. It is interesting to note that BCI researchers have recently proposed and validated
dry electrodes for BCI, that is, electrodes which do not require conductive gels or pastes for use
[PFB+ 07]. However, the performance of the resulting BCI (in terms of maximum information
rate) were, on average, 30% lower than the one obtained with a BCI basedon electrodes that
use conductive gels or pastes.

Electrodes are generally placed and named according to a standard model,namely, the 10-
20 international system [Jas58] (see Figure 1.2). This system has beeninitially designed for
19 electrodes, however, extended versions have been proposed in order to deal with a larger
number of electrodes [AES91].

EEG signals are composed of different oscillations named “rhythms” [Nie05]. These
rhythms have distinct properties in terms of spatial and spectral localization.There are 6 clas-
sical brain rhythms (see Figure 1.3):

• Delta rhythm: This is a slow rhythm (1-4 Hz), with a relatively large amplitude, which
is mainly found in adults during a deep sleep.

• Theta rhythm: This a slightly faster rhythm (4-7 Hz), observed mainly during drowsi-
ness and in young children.
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Figure 1.2: Positions and names of the 10-20 international system electrodes (pictures from
www.wikipedia.org).

• Alpha rhythm: These are oscillations, located in the 8-12 Hz frequency band, which
appear mainly in the posterior regions of the head (occipital lobe) when the subject has
closed eyes or is in a relaxation state.

• Mu rhythm: These are oscillations in the 8-13 Hz frequency band, being located in the
motor and sensorimotor cortex. The amplitude of this rhythm varies when the subject
performs movements. Consequently, this rhythm is also known as the “sensorimotor
rhythm” [PN01].

• Beta rhythm: This is a relatively fast rhythm, belonging approximately to the 13-30 Hz
frequency band. It is a rhythm which is observed in awaken and conscious persons. This
rhythm is also affected by the performance of movements, in the motor areas [PN01].

• Gamma rhythm: This rhythm concerns mainly frequencies above 30 Hz. This rhythm
is sometimes de�ned has having a maximal frequency around 80 Hz or 100 Hz. It is
associated to various cognitive and motor functions.

1.3.2 Neurophysiological signals used to drive a BCI

BCI aim at identifying, in the brain activity measurements of a given subject, one or several
speci�c neurophysiological signals (i.e., brain activity patterns), in order to associate a com-
mand to each of these signals. Various signals have been studied and some of them were
revealed as relatively easy to identify (automatically), as well as relatively easy to control for
the user. These signals can be divided into two main categories [CS03, WBM+ 02]:
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Delta Rhythm (d)

Theta Rhythm (q)

Alpha Rhythm (a)

Mu Rhythm (µ)

Beta Rhythm (b)

Gamma Rhythm (g)

Figure 1.3: The different brain rhythms as measured by EEG (pictures from
www.wikipedia.org).

• Evoked signalsthat are generated unconsciously by the subject when he perceives a
speci�c external stimulus. Those signals are also known asEvoked Potentials(EP).

• Spontaneaous signalsthat are voluntarily generated by the user, without external stim-
ulation, following an internal cognitive process.

In the following of this manuscript we will also denote a neurophysiological signal as a
mental state or as a brain activity pattern. These three names will denote the same entity.

1.3.2.1 Evoked potentials

In this �rst category, the main signals are the Steady State Evoked Potentials (SSEP) and the
P300 [WBM+ 02, CS03]. These two potentials are described further in this section. Themain
advantage of EP is that, contrary to spontaneous signals, evoked potentials do not require a
speci�c training for the user, as they are automatically generated by the brain in response to a
stimulus. As such, they can be used ef�ciently to drive a BCI since the �rstuse [WBM+ 02,
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CS03]. Nevertheless, as these signals are evoked, they require usingexternal stimulations,
which can be uncomfortable, cumbersome or tiring for the user.

Steady State Evoked Potentials: SSEP are brain potentials that appear when the subject
perceives a periodic stimulus such as a �ickering picture or a sound modulated in amplitude.
SSEP are de�ned by an increase of the EEG signals power in the frequencies being equal to
the stimulation frequency or being equal to its harmonics and/or sub-harmonics [LKF+ 05a,
GPAR+ 07b, MPSNP06]. Various kinds of SSEP are used for BCI, such as Steady State Visual
Evoked Potentials (SSVEP) [LKF+ 05a, MCM+ 95, TH07b, SEGYS07], which are by far the
most used, somatosensory SSEP [MPSNP06] or auditory SSEP [GPAR+ 07b, GPAR+ 07a] (see
Figure 1.4 for an example of SSVEP). These SSEP appear in the brain areas corresponding to
the sense which is being stimulated, such as the visual areas when a SSVEP isused.

Figure 1.4: EEG spectrum showing SSVEP for stimulation frequencies of 17Hz (plain line) or
20 Hz (dotted line). We can clearly notice the peak of power at the stimulation frequencies and
their sub-harmonic (pictures from [LKF+ 05a]).

An advantage of this kind of signals is that they can be used within a BCI withouttraining.
Moreover, as stimuli with different stimulation frequencies will lead to SSEP withdifferent
frequencies, it is possible to use a large number of stimuli in order to obtain and use a large
number of mental states for the BCI (e.g., see [GXCG03] were 48 stimuli wereused). As
such, it enables the user to have a large number of commands which makes thewhole system
more convenient. This explains the increasing interest of the BCI community for SSEP, and
more especially for SSVEP. [MMCJ00, CGGX02, GXCG03, TRM06, NCdN06, MPP08]. For
instance, a BCI application based on SSVEP can use several �ickering buttons displayed on
screen, each button having a unique �ickering frequency. In such anapplication, the user
should draw his attention on the button he wants to activate. Indeed, it is known that the
SSVEP corresponding to a given button are enhanced when the user draws his attention on this
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button. Detecting, within EEG signals, an SSVEP with a frequencyf will then activate the
button with a �ickering frequency off as this button is very likely to be the one the user was
focusing on [CGGX02].

P300: The P300 consists of a Positive waveform appearing approximately 300 msafter a rare
and relevant stimulus (see Figure 1.5) [FD88]. It is typically generated through the “odd-ball”
paradigm, in which the user is requested to attend to a random sequence composed of two kind
of stimuli with one of these stimuli being less frequent than the other. If the rare stimulus is
relevant to the user, its actual appearance triggers a P300 observablein the user's EEG. This
potential is mainly located in the parietal areas.

Figure 1.5: A P300 (enhanced by signal averaging) occuring when thedesired choice appears
(picture from [WBM+ 02]).

Generally, a P300-based BCI uses the fact that the P300 is present ormissing from the input
EEG signals in order to send, or not, a command to the application. Similarly to SSVEP-based
BCI applications, in P300-based BCI applications, several buttons or objects are displayed on
the user's screen. These buttons or objects are randomly higlighted, andthe user is instructed
to count, over a �nite time period, the number of times that the button he wants to activate is
highlighted. This aims at making the highlight of the desired button a rare and relevant stimu-
lus in order to trigger the appearance of the P300. Thus, when a P300 is detected in the EEG
signals, the system identi�es the button desired by the user as the button whichwas highlighted
300 ms earlier, as this button is most likely to be the one for which the user was counting the
number of highlights. The P300 is mostly used in a kind of “virtual keyboard”application
known as the P300 speller [FD88, RS07b, KSC+ 06, SD06, PGT+ 06]. This application is de-
scribed in more details in section 1.7.1.2. As other EP, the P300 has the advantage of requiring
no training for the subject in order to be used. On the other hand, P300-based BCI applications
require the user to constantly focus on fast and repetitive visual stimuli, which can be tiring
and inconvenient.
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1.3.2.2 Spontaneous signals

Within the category of spontaneous signals, the most used signals are undoubtly sensorimotor
rhythms. However, other neurophysiological signals are used, such as slow cortical potentials
or non-motor cognitive signals.

Motor and sensorimotor rhythms: sensorimotor rhythms are brain rhythms related to mo-
tor actions, such as arm movements, for instance. These rhythms, which are mainly located in
theµ (' 8-13 Hz) andb (' 13-30 Hz) frequency bands, over the motor cortex, can be volun-
tarily controlled in amplitude by a user. When it comes to BCI, two different strategies have
been proposed in order to make the user control these sensorimotor rhythms:

• Operant conditioning: A subject can learn to modify voluntarily the amplitude of his
sensorimotor rhythms through a (very) long training known as “operant conditioning”
[WM04, WMNF91, VMS+ 06, Wol07] (see Figure 1.6).

Figure 1.6: sensorimotor rhythm variations performed voluntarily by the subject between two
conditions: “top target” and “bottom target” (picture from [WBM+ 02]).

In order to reach this goal, the user is free to select the mental strategy he isthe most com-
fortable with. Motor imagery (see below) is one possible strategy which is often used.
When using operant conditioning, the role of the feedback is essential, asit enables the
user to understand how he should modify his brain activity in order to control the system.
Generally, in BCI based on operant conditioning, the power of theµ andb rhythms in dif-
ferent electrode locations are linearily combined in order to build a control signal which
will be used to perform 1D, 2D or 3D cursor control [WM04, Wol07]. The main draw-
back of this method is the very long training time which is necessary. Indeed, the training
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of a given user can last several weeks or even several months [WM04, WMNF91]. How-
ever, once this training is completed, very good performances (in terms of information
transfer rate) can be obtained.

• Motor imagery: For a user, performing motor imagery consists in imagining move-
ments of his own limbs (hands or feet for instance) [PN01, PBSdS06, PNM+ 03]. The
signals resulting from performing or imagining a limb movement have very speci�c tem-
poral, frequential and spatial features, which makes them relatively easy to recognize
automatically [PBSdS06, PNFP97, PNSL98]. For instance, imagining a left hand move-
ment is known to trigger a decrease of power (Event Related Desynchronisation (ERD))
in theµ andb rhythms, over the right motor cortex [PdS99] (see Figures 1.7 and 1.8).

Figure 1.7: Time course of ERD following left hand and right hand motor imagery. The imag-
ination starts at second 3 (picture from [PNG+ 00]).

A symmetric phenomenon appears when the user imagines a right hand movement. In
motor imagery based BCI, the motor imagery task that has been identi�ed (e.g., imagined
left hand movement, imagined tongue movement, etc.) will be associated to a command,
so as to control the movement of a cursor or the opening/closure of a prosthesis, for
instance [PNM+ 03, SMN+ 04, GHHP99]. Using a motor imagery-based BCI generally
requires a few sessions of training before being ef�cient [PGN06]. However, using ad-
vanced signal processing and machine learning algorithms enables the useof such a BCI
with almost no training [BDK+ 07, BDK+ 06a].

Slow cortical potentials: Slow Cortical Potentials (SCP) are very slow variations of the corti-
cal activity, which can last from hundreds of milliseconds to several seconds [BKG+ 00, KB05].
It is possible to learn to make these variations positive or negative using operant conditioning
(see Figure 1.9).

Thus, SCP can be used in a BCI to generate a binary command, according tothe positivity
or negativity of the potential [BKG+ 00, KB05]. As the control of SCP is achieved by operant
conditioning, mastering such a signal requires generally a very long training time. This training
by operant conditioning is even longer for SCP than for motor rhythms [Bir06]. However, it
seems that SCP would be a more stable signal [Bir06].
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Figure 1.8: Spatial localization of ERD following left hand and right hand motor imagery
(picture from [PNG+ 00]).

Figure 1.9: Voluntary variations of slow cortical potentials, between two conditions (reach the
top target or reach the bottom target). (picture from [WBM+ 02])

Non-motor cognitive tasks: A relatively large number of non-motor cognitive processing
tasks are also used in order to drive a BCI. These tasks are, for instance, mental mathemati-
cal computations, mental rotation of geometric �gures, visual counting, mental generation of
words, music imagination, etc. [CS03, dRMMC+ 00, BGM07b, CB04, KA90, ASS98]. All
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these mental tasks generate speci�c EEG signal variations, in speci�c cortical regions and fre-
quency bands, which makes them relatively easy to identify.

1.3.3 Conclusion

The neurophysiological signals presented in this section have all been used successfully in
various applications. However, almost no comparisons of these signals have been performed so
far. As such, it appears as dif�cult to select objectively the best one.All signals have their pros
and cons. Evoked potentials can be used without subject training but require the use of external
stimuli and can be tiring for the user. Spontaneous signals are more naturaland comfortable
to use, as they do not rely on external stimuli, but they generally require long training time.
However, it seems that advanced machine learning and signal processing methods can reduce
the need to train the subjects or even remove this training need [BDK+ 06a]. This is the reason
why we focused on spontaneous signals in this thesis work. More speci�cally, we focused
on motor imagery signals which are signals largely described in the literature and relatively
natural to use for the subjects.

The three following sections are dedicated to the preprocessing, featureextraction and classi�-
cation of EEG signals. These three BCI components could be gathered into asingle and more
general, higher level component, which could be denoted as “EEG processing”. This compo-
nent is a key element in the design of a BCI as it aims at transforming the input brain signals
into a command for a given application. As such, the “EEG processing” component can be
seen as the core of the BCI. Consequently, a wide majority of BCI research aims at improving
this component to make the whole system more ef�cient.

It is important to note that the boundaries between the “preprocessing”, “feature extrac-
tion” and “classi�cation” components are not hard boundaries, and these boundaries may
even appear as fuzzy. Furthermore, all these components are not necessarily used in all BCI
[MBF+ 07]. Thus, the preprocessing and feature extraction components are sometimes merged
into a single algorithm, whereas the classi�cation algorithm can be missing or reduced to its
simplest form, i.e., a decision threshold on the feature values. However, it isinteresting to
distinguish these components, as they have different inputs and outputs aswell as different
goals.

1.4 Preprocessing

Once the data have been acquired, they are generally preprocessed inorder to clean (de-noise)
the signals and/or to enhance relevant information embedded in these signals. Indeed, EEG
signals are known to be very noisy, as they can be easily affected by the electrical activity of
the eyes (EOG: ElectroOcculoGram) or of the muscles (EMG: ElectroMyoGram), e.g., face
or jaw muscles [FBWB07]. These muscle artifacts are especially annoying as they have an
amplitude which is much larger than the one of EEG signals. As such, it appears as dif�cult to
remove these artifacts without accidentaly removing relevant information embedded in these
EEG signals. Moreover, it is interesting to remove the background brain activity which is
not related to the neurophysiological signals of interest. Overall, the preprocessing step can
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be de�ned as a method which transforms a set of signals into a new set of signals which are
supposedly denoised. In other words, the preprocessing step aims at increasing the signal-to-
noise ratio of the input signals.

In order to perform this preprocessing, various spatio-spectro-temporal �lters are used
[MMDW97, RMGP00, BGM07a]. These �lters can be simple frequency �lters or more ad-
vanced �lters such as independant component analysis [ZL06, NBL+ 06, MEJS00, KASC08]
or common spatial patterns [RMGP00, CLL06, BB04, WGG05, DBCM04a].Such spatial
�lters are inscreasingly used in the BCI �eld as they were shown to be quite ef�cient. The
remaining of this section describes the main preprocessing methods used forBCI design.

1.4.1 Simple spatial and temporal �lters

Most BCI systems use simple spatial or temporal �lters as preprocessing in order to increase
the signal-to-noise ratio of EEG signals.

1.4.1.1 Temporal �lters

Temporal �lters such as low-pass or band-pass �lters are generally used in order to restrict the
analysis to frequency bands in which we know that the neurophysiological signals are. For
instance, BCI based on sensorimotor rhythms generally band-pass �lter the data in the 8-30
Hz frequency band, as this band contains both theµ and b rhythms, i.e., the sensorimotor
rhythms [RMGP00]. This temporal �lter can also remove various undesiredeffects such as
slow variations of the EEG signal (which can be due, for instance, to electrode polarization) or
power-line interference (50 Hz in France). Hence, temporal �lters makeit possible to reduce
the in�uence of frequencies that are lying outside of the frequential regions of interest. Such a
�ltering is generally achieved using Discrete Fourier Transform (DFT) or using Finite Impulse
Response (FIR) or In�nite Impulse Response (IIR) �lters.

Direct Fourier Transform �ltering: DFT makes it possible to visualize a signal into the
frequency domain, i.e., to see a signal as a sum of oscillations at differentfrequenciesf . Thus,
the DFTS( f ) of a signals(n), which is composed ofN samples, can be de�ned as follows:

S( f ) =
N� 1

å
n= 0

s(n)e
� 2ip f n

N (1.1)

Thus, �ltering a signal using DFT simply consists in setting to 0 all coef�cientsS( f ) which
do not correspond to targeted frequencies, and then to transform the signal back into the time
domain, by using the inverse DFT:

s(n) =
1
N

N� 1

å
k= 0

S(k)e
2ipnk

N (1.2)

When performing DFT �ltering, a windowing step should be performed before applying
DFT [Smi97]. DFT �ltering can be used online and in real-time, thanks to the ef�cient and
popular DFT implementation known as the Fast Fourier Transform (FFT) [Smi97]. As an



32 chapter 1

exemple, DFT �ltering has been used for the classi�cation of �nger movement intention in
several BCI [BCM02, KBCM07].

Filtering with Finite Impulse Response �lters: FIR �lters are linear �lters which make use
of theM last samples of a raw signals(n) in order to determine the �ltered signaly(n) :

y(n) =
M

å
k= 0

aks(n� k) (1.3)

where theak are the �lter coef�cients, which values depend on the desired �lter to be used
[Smi97]. FIR �lters are know to have excellent performances in the frequential domain. For
instance, FIR �lters have been used for BCI based on motor imagery [DBK+ 06] or on SSEP
[GPAR+ 07b].

Filtering with In�nite Impulse Response �lters: As FIR �lters, IIR �lters are linear �lters.
On the other hand, IIR �lters are recursive �lters, which means that, in addition to theM last
samples, they make use of the outputs of theP last �lterings:

y(n) =
M

å
k= 0

aks(n� k)+
P

å
k= 1

bky(n� k) (1.4)

In this way, IIR �lters can perform �ltering with a much smaller number of coef�cients than
FIR �lters. However, their performances in the frequential domain is slightlyreduced [Smi97].
Among the IIR �lters employed for EEG preprocessing in BCI, we can quoteButterworth,
Tchebychev or elliptic �lters [Smi97, MBC07, DBCM04a].

1.4.1.2 Spatial �lters

Similarly to temporal �lters, various simple spatial �lters are used in order to isolate the rele-
vant spatial information embedded in the signals. This is achieved by selectingor weighting
the contributions from the different electrodes (and as such from the different spatial regions)
[MMDW97]. The most simple spatial �lter consists in selecting the electrodes for which we
know they are measuring the relevant brain signals, and ignoring other electrodes. Indeed, these
latter electrodes are likely to measure mostly noise or background activity notrelevant for the
targeted BCI. As an example, when using a BCI based on hand motor imagery, it is known that
the neurophysiological signals of interest are mainly located over the motor or sensorimotor
cortex areas [PN01, PK92]. Thus, it is interesting to focus on electrodes C3 and C4, which are
located over the left and right motor cortex respectively (see Figure 1.2), or even to use only
these electrodes [PNM+ 03]. Similarly, for BCI based on SSVEP, the most relevant electrodes
are the electrodes O1 and O2, which are located over the visual areas [LKF+ 05a].

Other simple and popular spatial �lters are the Common Average Reference (CAR) and the
Surface Laplacian (SL) �lters [MMDW97]. These two �lters make it possibleto reduce the
background activity [MMDW97]. The CAR �lter is obtained as follows:
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V̂i = Vi �
1
Ne

Ne

å
j= 0

Vj (1.5)

whereV̂i andVi are theith electrode potential, after and before �ltering respectively, andNe

is the number of electrodes used. Thus, with the CAR �lter, each electrode isre-referenced
according the average potential over all electrodes. The SL �lter can beobtained as follows:

V̂i = Vi �
1
4 å

j2W4
i

Vj (1.6)

whereW4
i is the set of the 4 neighboring electrodes of electrodei. Thus, this �lter can reduce

localy the background activity. It should be noted that more advanced versions of this �lter can
be used, notably versions based on spline approximations [PBP87].

Naturally, numerous other preprocessing methods, which are more complex and more ad-
vanced, have been proposed and used. In the following, we describetwo of the most popu-
lar methods, namely, independant component analysis and common spatial patterns. Then we
evoke some other existing methods and notably methods known as inverse solutions.

1.4.2 Independant component analysis and blind source separation

Blind Source Separation (BSS) is a family of methods which are used to solve “cocktail party”
like problems [Sto05, JH91]. Independent Component Analysis (ICA) isprobably the best
known member of this BSS family [HO00]. In a cocktail party problem, the measured signals
m (recorded using several sensors) are resulting from an unknown linear mixing of several
sourcess. In a mathematical form, it reads:

m= As (1.7)

wheremis the matrix of measurements, with a sensor per row and a time sample per column;s
is the source matrix, with a source per row and a time sample per column; andA is the unknown
mixing matrix which represents the linear mixing. Performing BSS consists in determining an
estimate ˆs of swithout knowingA [JH91]:

ŝ= Wm (1.8)

whereW is the demixing matrix. Typically we haveW = A� 1, the problem being thatA
is unknown. To tackle this probem, ICA assumes that the sourcess (also known as com-
ponents) are statistically independent, which has been revealed as being areasonable hy-
pothesis for numerous problems [HO00, Sto05]. Numerous ICA algorithms have been pro-
posed and proved to be useful, especially for EEG signal processing [DM04] and BCI design
[ZL06, NBL+ 06, MEJS00, KASC08, HHB+ 03, QLC05, HdS07, EE04]. Indeed, EEG signals
are resulting from the mixing of different signals coming from different brain regions. As such,
ICA may unmix these signals and isolate the signals coming from different brainregions, rep-
resenting different brain rhythms, or even separate artifacts from real brain signals. In this way,



34 chapter 1

it becomes possible to keep only the components corresponding to signals ofinterest and/or to
remove components that are very likely to represent noise and/or artifacts. Then, the EEG sig-
nals can be reconstructed using only the selected components. This has been shown to increase
the signal-to-noise ratio and as such the performances of the whole BCI [QLC05].

1.4.3 Common Spatial Patterns

Another spatial �ltering method which is increasingly used for preprocessing in BCI, and has
proved to be very ef�cient is the Common Spatial Patterns (CSP) method [RMGP00, WGG05,
BB04, CLL06, MGPF99, PFB+ 07, BMK+ 06, BDK+ 07, DBCM04b]. This method is based on
the decomposition of the EEG signals into spatial patterns [RMGP00, DBCM04b, WGG05].
These patterns are selected in order to maximize the differences between theclasses involved
once the data have been projected onto these patterns. Determining these patterns is performed
using a joint diagonalization of the covariance matrices of the EEG signals from each class
[RMGP00, DBCM04b]. These �lters have proved to be very ef�cient, especially during BCI
competitions [SGM+ 03, BMC+ 04, BMK+ 06]. During these competitions, various data sets
were proposed to the participants, with the aim of evaluating the different pattern recognition
algorithms for BCI. The goal of the participants was �rst to calibrate their algorithms using a
data set known as the training set, in which EEG signals were labelled with their corresponding
class. Then, the participants had to use their tuned algorithms in order to determine the classes
of signals contained in a data set known as the testing set, in which the signals were unlabelled.
The use of CSP have grown quickly during the different competitions, untilthey enabled several
groups to win during the last competition, in 2005, on several data sets [BMK+ 06]. Currently,
CSP are used in the design of numerous BCI [RMGP00, WGG05, BB04, CLL06, MGPF99,
PFB+ 07, BMK+ 06, BDK+ 07, DBCM04b].

1.4.4 Inverse solutions

Relevant but much less used preprocessing methods for BCI are inverse solutions. Inverse
solutions are methods that attempt to reconstruct the activity in the brain volume by using only
scalp measurements and a head model [MML+ 04, BML01]. When using EEG, the signals
m(t) (m2 Â Ne;1 with Ne being the number of electrodes used) recorded at timet on the scalp
can be modeled by a linear combination of brain dipole activityc(t) (c 2 Â 3� Nv;1 with Nv being
the number of dipoles considered). This is called theforward problem[BML01]:

m(t) = Kc(t) (1.9)

whereK is a Ne � (3 � Nv) matrix called thelead�eld matrix which represents the physical
properties (conduction) of the head. More precisely, this matrix is a head model in which each
of one theNv dipoles is modeled by a volume element calledvoxel (typically thousands of
voxels are considered). Thec(t) vector holds the orientation and amplitude of each dipole,
according to the three dimensions of the head model space. Inverse solutions aim at estimating
the brain dipole activity ˆc(t) by using only the scalp measurementsm(t) and the lead�eld matrix
(head model)K:
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ĉ(t) = Tm(t) (1.10)

whereT is the generalized inverse ofK. AsNv >> Ne, this problem has no unique solution and
additional constraints must be added to solve it. Depending on the constraintsused, different
inverse solutions are obtained which leads to differentT matrices [MML+ 04]. Inverse solutions
estimate the amplitude and/or the orientation of the dipoles.

There are two main kinds of inverse solutions: distributed solutions and equivalent dipole
solutions [MML+ 04, BML01]. Distributed solutions estimate the amplitudes and orientations
of a large number of voxels distributed in all the cortex or in all the brain whereas equivalent
dipole solutions estimate the position, amplitude and orientation of a few sources (typically
one or two), each one modeled by an equivalent dipole.

From the point of view of BCI, inverse solutions give access to new information, i.e.,
to the activity in the brain volume. As this information has a strong physiological basis, it
appears as a new and attractive method. Recently, a few studies have started to evaluate the
ef�ciency of inverse solutions for BCI and have obtained promising �rstresults [LLA07b,
NKM08, KLH05]. In order to design BCI, inverse solutions are generally used in two different
ways:

• As a preprocessing method which precedes feature extraction. In this case, the inverse so-
lution is used to estimatec(t) from which the features are extracted [GGP+ 05, BCM+ 07,
NKM08].

• As a direct feature extraction technique. In this case, either the brain current density
values, reconstructed in a number of Regions Of Interest (ROI) [CLL06] or the positions
of the sources [QDH04, KLH05] are used directly as features so as to identify the mental
tasks performed.

These methods have obtained very satisfying results, generally as good or even better than
those in the literature. Moreover, it has been observed that extracting features fromc(t) (the
source domain) would be more ef�cient than extracting them directly fromm(t) (the sensor
domain) [GGP+ 05, NKM08]. A possible interpretation is that the inverse solution acts as a
spatial �lter that removes the background activity and the noise not correlated with the targeted
mental tasks.

1.4.5 Other methods

Numerous other preprocessing methods have been proposed and usedfor BCI design. Among
these methods, we can quote various spatial �lters such as invariant CSP [BKT+ 08], Principal
Component Analysis (PCA) [Smi02, LC03, TGW06] or Common Subspace Spatial Decom-
position (CSSD) [WZL+ 04, ZWG+ 07] as well as numerous spectro-spatial �lters [DBK+ 06,
LBCM05, TDAM06]. In addition to �ltering methods, other relatively simple methods are used
as preprocessing, such as moving average �ltering, subsampling (in order to reduce the dimen-
sionality of the problem) [KMG+ 04, RGMA05b] or baseline correction [KCVP07]. Baseline
correction consists in subtracting to the signals, or to their spectrum, an average amplitude
level, estimated on a reference period. This aims at reducing the effects ofthe non-stationarity
of EEG signals.
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1.4.6 Conclusion

As higlighted in this section, numerous preprocessing methods have been used for BCI. How-
ever, no preprocessing method or combination of preprocessing methodshave been identi�ed
as the best, due to a lack of comparisons. Nevertheless, studies performed so far have all
highlighted the need to do preprocessing in order to improve the performance of the resulting
BCI [HdS07]. More particularly, spatial �lters and related methods have been shown to reduce
the noise and dramatically improve the performance [BMK+ 06]. As such, if working with a
suf�ciently high number of electrodes, the use of spatial �lters is now highlyrecommended.

1.5 Feature extraction

Measuring brain activity through EEG leads to the acquisition of a large amount of data. In-
deed, EEG signals are generally recorded with a number of electrodes varying from 1 to 256
and with a sampling frequency varying from 100 Hz to 1000 Hz. In order toobtain the best
possible performances, it is necessary to work with a smaller number of values which describe
some relevant properties of the signals. These values are known as “features”. Such features
can be, for instance, the power of the EEG signals in different frequency bands. Features are
generally aggregated into a vector known as “feature vector”. Thus, feature extraction can be
de�ned as an operation which transforms one or several signals into a feature vector.

Identifying and extracting good features from signals is a crucial step in the design of BCI.
Indeed, if the features extracted from EEG are not relevant and do not describe well the neuro-
physiological signals employed, the classi�cation algorithm which will use such features will
have trouble identifying the class of these features, i.e., the mental state of theuser. Conse-
quently, the correct recognition rates of mental states will be very low, which will make the
use of the interface not convenient or even impossible for the user. Thus, even if it is some-
times possible to use raw signals as the input of the classi�cation algorithm (seesection 1.6),
it is recommended to select and extract good features in order to maximize the performances
of the system by making easier the task of the subsequent classi�cation algorithm. According
to some researchers, it seems that the choice of a good preprocessing and feature extraction
method have more impact on the �nal performances than the choice of a goodclassi�cation
algorithm [PFK93, HdS07].

Numerous feature extraction techniques have been studied and proposed for BCI [BFWB07,
MAM + 06]. These techniques can be divided in three main groups, which are: 1) the meth-
ods that exploit the temporal information embedded in the signals [SLP97, PR99a, ASS98,
KMG+ 04, RGMA05b], 2) the methods that exploit the frequential information [PN01, Pal05,
dRMMC+ 00, RTNS06, BGM07a] and 3) hybrid methods, based on time-frequencyrepre-
sentations, which exploit both the temporal and frequential information [FBWB04, Bos04,
WDH04]. A fourth category could have been added here, the categoryof methods that exploit
the spatial information. However, this category would be limited to the use of inverse solutions
which have already been described in the previous section. Indeed, thespatial information is
generally used to perform a spatial �ltering before extracting features based on the temporal
and/or frequential information [BGM07a, MMDW97]. Thus, we only describe here the �rst
three kinds of methods, as well as some marginal methods which do not �t into these main
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categories.

1.5.1 Temporal methods

Temporal methods use as features the temporal variations of the signals. These methods are
particularly adapted to describe neurophysiological signals with a preciseand speci�c time
signature, such as the P300 [KMG+ 04, RGMA05b, RS07a] or ERD, notably those triggered
by motor imagery [OGNP01, SLP97]. Among these temporal feature extraction methods, we
can �nd the amplitude of raw EEG signals, auto-regressive parameters orHjorth parameters.

1.5.1.1 Signal amplitude

The most simple (but still ef�cient) temporal information that could be extractedis the time
course of the EEG signal amplitude. Thus, the raw amplitudes of the signals from the different
electrodes, possibly preprocessed, are simply concatenated into a feature vector before being
passed as input to a classi�cation algorithm. In such a case, the amount of data used is gener-
ally reduced by preprocessing methods such as spatial �ltering or subsampling. This kind of
feature extraction is one of the most used for the classi�cation of P300 [RGMA05b, HGV+ 05,
KMG+ 04, RS07b].

1.5.1.2 Autoregressive parameters

AutoRegressive (AR) methods assume that a signalX(t), measured at timet, can be modeled
as a weighted sum of the values of this signal at previous time steps, to which we can add a
noise termEt (generally a Gaussian white noise):

X(t) = a1X(t � 1)+ a2X(t � 2)+ : : : + apX(t � p)+ Et (1.11)

where the weightsai are the autoregressive parameters which are generally used as features for
BCI [AS96, GPAT03] andp is the model order. Several variants of autoregressive parameters
have also been used such as multivariate AR parameters [ASS98], AR parameters with exoge-
nous input [BKd+ 05] or Adaptive AR (AAR) parameters [HP04a, HP04b, SLP97, PNSL98].
AAR parameters assume that the weightsai can vary over time, and are the most used variant
of AR parameters. It seems that AAR parameters would give better results than AR parameters
for motor imagery classi�cation [SLP97, PNSL98], whereas they would give worse results for
the classi�cation of cognitive tasks such as mental computations, mental rotation of a geomet-
ric �gure, etc. [HP04a, HP04b]. It should be noted that it is possible to derive a frequential
information from theai coef�cients [MW05].

1.5.1.3 Hjorth parameters

Hjorth parameters describe the temporal dynamics of a signalX(t), by using three measures
that are the activity, the mobility and the complexity [OGNP01]:

Activity(X(t)) = VAR(X(t)) (1.12)
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Mobility(X(t)) =

s
Activity( dX(t)

dt )
Activity(X(t))

(1.13)

Complexity=
Mobility( dX(t)

dt )
Mobility(X(t))

(1.14)

Such features are mainly used for the classi�cation of motor imagery [OGNP01, BM04,
LC03, PN01].

1.5.2 Frequential methods

As mentioned in section 1.3.1.3, EEG signals are composed by a set of speci�coscillations
known as rhythms. Performing a given mental task (such as motor imagery oranother cog-
nitive task) makes the amplitude of these different rhythms vary. Moreover, signals such as
steady state evoked potentials are de�ned by oscillations with frequencies synchronized with
the stimulus frequency. Consequently, it appears as natural or even essential to exploit the fre-
quential information embedded in the EEG signals. To this end, two main techniques, which
are closely related, are used: band power features and power spectral density features.

1.5.2.1 Band power features

Computing a band power feature consists in band-pass �ltering a signal in agiven frequency
band, then in squaring the �ltered signal and �nally in averaging the obtainedvalues over a
given time window [PN01, BGMP07]. It is also possible to log-transform thisvalue in order to
have features with a distribution close to the normal distribution [PN01]. Band power features
are generally computed for several frequency bands previously determined according to the
mental states to be recognized. Such features have been notably used withsuccess for motor
imagery classi�cation [PN01, SLS+ 08, ZLGL08, LLLA07] but also for the classi�cation of
cognitive processing tasks [Pal05].

1.5.2.2 Power spectral density features

Power Spectral Density (PSD) features, sometimes simply called spectrum, inform on the dis-
tribution of the power of a signal between the different frequencies. PSD features can be com-
puted, for instance, by squaring the Fourier transform of a signal [LKF+ 05a] or by computing
the Fourier transform of the autocorrelation function of this signal [KA90]. PSD features are
probably the most used features for BCI, and have proved to be ef�cient for recognizing a large
number of neurophysiological signals [BFdM04, KA90, LKF+ 05a, BGM07b, dRMFM+ 02,
MM03].

1.5.3 Time-frequency representations

Feature extraction methods that have been presented so far in this manuscript are probably the
most used. However, and considering that neurophysiological signalsused in a BCI have gen-
erally speci�c properties in both the temporal and frequential domain, othermethods, which
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can be seen as hybrid, have also been used to design BCI. These methods are based on vari-
ous time-frequency representations such as the short-time Fourier transform or wavelets, and
extract from the signals information that are both frequential and temporal.The main advan-
tage of these time-frequency representations is that they can catch relatively sudden temporal
variations of the signals, while still keeping frequential informations. On the contrary, pure
frequential methods are assuming that the signal is in a stationary state.

1.5.3.1 Short-time Fourier transform

Short-Time Fourier Transform (STFT) simply consists in �rst multiplying the input signal by
a given windowing functionw which is non-zero only over a short time period, and then in
computing the Fourier transform of this windowed signal. In discrete time, the STFT X(n;w)
of a signalx(n) is as follows:

X(n;w) =
+ ¥

å
n= � ¥

x(n)w(n)e� jwn (1.15)

The Time-Frequency (TF) representation is obtained by computing this Fourier transform
along a sliding window, i.e., for different segments with a given level of overlapping. This
method has been successfully used in several BCI studies [CPM05, HPM05]. Its main draw-
back is the use of an analysis window with a �xed size, which leads to a similar frequential and
temporal resolution in all frequency bands. For instance, it would be moreinteresting to have
a high temporal resolution for high frequencies which describe a �ne scale. Wavelet analysis
aims at overcoming this drawback.

1.5.3.2 Wavelets

Similarly to Fourier transform, wavelet transform decomposes a signal ontoa basis of functions
[SBRS99]. This basis of functions is a set of waveletsF a;b, each one being a scaled and
translated version of the same waveletF known as the mother wavelet:

F a;b(t) =
1

p
(a)

F (
t � b

a
) (1.16)

The wavelet transformWx(s;u) of a signalx can be written as follows:

Wx(s;u) =
Z + ¥

� ¥
x(t)F u;s(t)dt (1.17)

wheres andu are respectively the scaling and translating factor. The advantage of wavelets is
that they make it possible to analyze the signal at different scales simultaneously. Moreover, the
resolution depends on the scale. As such, high frequencies, which correspond to a �ne scale,
can be analyzed with a high temporal resolution whereas low frequencies, which correspond to
a coarse scale, can be analyzed with a high frequential resolution. These points make wavelets a
very interesting tool for analyzing EEG signals [SBRS99]. Various kindsof wavelets have been
used for BCI, such as Daubechies wavelets [VHMM00, HdS07], Coi�et wavelets [YHS05],



40 chapter 1

Morlet wavelets [LSC04], bi-scale wavelets [MB00] or Mexican hat wavelets [Bos04]. They
all made it possible to reach very promising results.

1.5.3.3 Other time-frequency representations

In addition to STFT and wavelet transform, a number of TF representationshave been used for
BCI. Such representations are generally based on different basis offunctions and use different
levels of adaptivity with respect to time and frequency. Among these methods,we can mention
TF representations based on Wigner-Ville distributions [GEV03b], adaptive Gaussian repre-
sentations [CJ00] or TF representations with Q-constant frequency decomposition [WDH04].

1.5.4 Other feature extraction methods

Other feature extraction methods have been used to design BCI, in a more marginal way.
Among these methods, it is worth mentioning methods based on interactions between sig-
nals. Thus, measuring the coherency or phase synchronization between sensors has proved
to be ef�cient for EEG feature extraction in BCI [GC04]. Similarly, describing the EEG sig-
nals thanks to brain connection graphs made it possible to discriminate different brain states
[GPAR+ 07b, GPAR+ 07a]. Still exploiting the interactions between sensors, the fractal dimen-
sion of signals [BM04, BGMP07] or their multi-fractal spectrum [Bro08] have been used as
features for BCI. Finally, several works have shown that using together features extracted using
different methods could lead to increased performances [DBCM04a, GC04, BGMP07]. It is
also interesting and ef�cient to create novel kinds of features, for instance by mixing existing
features using genetic algorithms [BGMP07].

1.5.5 Feature selection and dimensionality reduction

BCI feature vectors are often of very high dimensionality (see for instance [RGMA05b]). In-
deed, several features are generally extracted from several EEG channels (electrodes) and from
several time segments, before being concatenated into a single feature vector. Moreovoer, the
training sets, i.e., the example data for each class, are generally small, as the training process
is time consuming and relatively uncomfortable for subjects. Consequently, BCI are often af-
fected by a problem known as “curse-of-dimensionality”. This problem comes from the fact
that the amount of data required to describe properly the different classes increases exponen-
tially with the dimensionality of the feature vector. [JDM00, Fri97]. If the number of training
data is small relatively to the number of features, the classi�cation algorithm which will use
these features and data will very likely give bad results. It is recommendedto use at least 5 to
10 times more training data per class than the number of features [RJ91, JC82].

In order to tackle this problem, it is often necessary to use dimensionality reduction meth-
ods such as principal component analysis [BMBB04], or to use variousfeature selection meth-
ods [dRMFM+ 02], among which genetic algorithms are the most popularly employed [GPAT03,
PKK+ 05, ETI02]. These different methods make it possible to work with a set offeatures with
a much smaller size than the original set which generally leads to better performances.
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1.5.6 Conclusion

Again, although numerous feature extraction methods have been proposed for BCI, it is very
dif�cult to identify the most ef�cient ones due to a lack of comparisons. It seems also im-
portant to extract a small number of features which represents subject-speci�c information, in
order to reach good performances. As such, it seems interesting to use features that can be
tuned (e.g., band power features for which the frequency bands can be adapted to the subject)
as well as dimensionality reduction or feature selection techniques in order tofacilitate the
subsequent work of the classi�er. It is important to note that, even if a relatively large number
of feature extraction techniques have been proposed, it is admitted by the BCI community that
it is necessary to explore and study new feature extraction methods and concepts [MAM+ 06].
More precisely, it is important to �nd features which will lead to more ef�cientBCI, in terms
of correct recognition rates, and to more interpretable BCI in order to have more insights on
the mental processes employed by the BCI users to control the system [MAM+ 06].

1.6 Classi�cation

The third key step for identifying neurophysiological signals in a BCI is translating the features
into commands [MAM+ 06, MB03]. In order to achieve this step, one can use either regression
algorithms [MW05, DHS01] or classi�cation algorithms [PRCS00, LCL+ 07], the classi�cation
algorithms being by far the most used in the BCI community [BFWB07, LCL+ 07]. As such,
in this section, we focus only on the classi�cation algorithms.

The goal of the classi�cation step is to assign automatically a class to the featurevector
previously extracted. This class represents the kind of mental task performed by the BCI user.
Classi�cation is achieved using algorithms known as “classi�ers”. Classi�ers are able to learn
how to identify the class of a feature vector, thanks to training sets. These sets are composed
of feature vectors labeled with their class of belonging.

In this section, we �rst present a taxonomy of the different classi�cationalgorithms, and
then the main classi�er families that are used in the BCI �eld. These classi�erscan be divided
into �ve main categories which are: linear classi�ers, neural networks, non linear bayesian
classi�ers, nearest neighbor classi�ers and classi�er combinations.

1.6.1 Classi�er taxonomy

Several properties are commonly used to describe the different kinds of available classi�ers:

Generative-discriminative:
Generative (also known as informative) classi�ers, e.g., Bayes quadratic, learn the class
models. To classify a feature vector, generative classi�ers compute the likelihood of each
class and choose the most likely. Discriminative ones, e.g., Support VectorMachines,
only learn the way of discriminating the classes or the class membership in orderto
classify a feature vector directly [NJ02] [RH97];

Static-dynamic:
Static classi�ers, e.g., MultiLayer Perceptrons, cannot take into accounttemporal infor-
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mation during classi�cation as they classify a single feature vector. On the contrary,
dynamic classi�ers, e.g., Hidden Markov Model, can classify a sequenceof feature vec-
tors and thus, catch temporal dynamics [Rab89].

Stable-unstable:
Stable classi�ers, e.g., Linear Discriminant Analysis, have a low complexity (or capac-
ity [Vap99]). They are said stable as small variations in the training set do not affect
considerably their performances. On the contrary, unstable classi�ers, e.g., MultiLayer
Perceptron, have a high complexity. As for them, small variations of the training set may
lead to important changes in performances [Bre98].

Regularized:
Regularization consists in carefully controlling the complexity of a classi�er in order to
prevent overtraining. A regularized classi�er has good generalizationperformances and
is more robust with respect to outliers [DHS01] [JDM00].

1.6.2 Linear classi�ers

Linear classi�ers are discriminant algorithms that use linear functions to distinguish classes.
They are probably the most popular algorithms for BCI applications. Two mainkinds of linear
classi�ers have been used for BCI design, namely, Linear Discriminant Analysis (LDA) and
Support Vector Machines (SVM).

1.6.2.1 Linear Discriminant Analysis

The aim of LDA (also known as Fisher's LDA) is to use hyperplanes to separate the data
representing the different classes [DHS01] [Fuk90]. For a two-class problem, the class of a
feature vector depends on which side of the hyperplane the vector is (see Figure 1.10).

w0 + wTx > 0

w0 + wTx = 0

w0 + wTx < 0

Figure 1.10: A hyperplane which separates two classes: the “circles” and the “crosses”.
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LDA assumes a normal distribution of the data, with equal covariance matricesfor both
classes. The separating hyperplane is obtained by seeking the projectionthat maximizes the
distance between the two classes means and minimizes the interclass variance [Fuk90]. To
solve an N-class problem (N > 2) several hyperplanes are used. The strategy generally used
for multiclass BCI is the “One Versus the Rest” (OVR) strategy which consistsin separating
each class from all the others.

This technique has a very low computational requirement which makes it suitable for on-
line BCI systems. Moreover this classi�er is simple to use and generally provides good results.
Consequently, LDA has been used with success in a great number of BCIsystems such as mo-
tor imagery based BCI [Pfu99], P300 speller [Bos04], multiclass [GPAT03] or asynchronous
[SMN+ 04] BCI. The main drawback of LDA is its linearity that can provide poor results on
complex nonlinear EEG data [GEV03a].

A Regularized Fisher's LDA (RFLDA) has also been used in the �eld of BCI [BCM02,
MKD+ 04]. This classi�er introduces a regularization parameterC that can allow or penalize
classi�cation errors on the training set. The resulting classi�er can accomodate outliers and
obtain better generalization capabilities. As outliers are common in EEG data, this regularized
version of LDA may give better results for BCI than the non-regularized version [MKD+ 04,
BCM02]. Surprisingly, RFLDA is much less used than LDA for BCI applications.

1.6.2.2 Support Vector Machine

An SVM also uses a discriminant hyperplane to identify classes [Bur98, BC00]. However,
concerning SVM, the selected hyperplane is the one that maximizes the margins, i.e., the dis-
tance from the nearest training points (see Figure 1.11). Maximizing the margins is known
to increase the generalization capabilites [Bur98, BC00]. As RFLDA, an SVM uses a regu-
larization parameterC that enables accomodation to outliers and allows errors on the training
set.

Such an SVM enables classi�cation using linear decision boundaries, andis known as
linear SVM. This classi�er has been applied, always with success, to a relatively large number
of synchronous BCI problems [BCM02, GPAT03, RGMA05b, RG08]. However, it is possible
to create nonlinear decision boundaries, with only a low increase of the classi�er's complexity,
by using the “kernel trick”. It consists in implicitly mapping the data to another space, generally
of much higher dimensionality, using a kernel functionK(x;y). The kernel generally used in
BCI research is the Gaussian or Radial Basis Function (RBF) kernel:

K(x;y) = exp(
�jj x� yjj2

2s2 ) (1.18)

The corresponding SVM is known as Gaussian SVM or RBF SVM [Bur98,BC00]. RBF
SVM have also given very good results for BCI applications [KMG+ 04, GPAT03]. As LDA,
SVM have been applied to multiclass BCI problems by combining together multiple two-class
SVM [SLBP05, GEV03a].

SVM have several advantages. Actually, thanks to the margin maximization andthe regu-
larization term, SVM are known to have good generalization properties [BC00, JDM00], to be
insensitive to overtraining [JDM00] and to the curse-of-dimensionality [Bur98, BC00]. Finally,
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Figure 1.11: SVM �nd the optimal hyperplane for generalization.

SVM have a few hyperparameters that need to be de�ned by hand, namely, the regularization
parameterC and the RBF widths if using the kernel of Equation 1.18. These advantages are
gained at the expense of a low speed of execution.

1.6.3 Neural Networks

Neural Networks (NN) are, together with linear classi�ers, the categoryof classi�ers mostly
used in BCI research (see, e.g., [HST90, AS96]). Let us recall thata NN is an assembly of sev-
eral arti�cial neurons which enables to produce nonlinear decision boundaries [Bis96]. This
section �rst describes the most widely used NN for BCI, which is the MultiLayer Perceptron
(MLP). Then, we brie�y present other architectures of neural networks used for BCI applica-
tions.

1.6.3.1 MultiLayer Perceptron

An MLP is composed of several layers of neurons: an input layer, possibly one or several
hidden layers, and an output layer [Bis96]. Each neuron's input is connected with the output
of the previous layer's neurons whereas the neurons of the output layer determine the class of
the input feature vector (see Figure 1.12).

Neural Networks and thus MLP, are universal approximators, i.e., when composed of
enough neurons and layers, they can approximate any continuous function. Added to the fact
that they can classify any number of classes, this makes NN very �exible classi�ers that can
adapt to a great variety of problems. Consequently, MLP, which are the most popular NN used
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Figure 1.12: The architecture of a MultiLayer Perceptron, composed of an input layer of neu-
rons, a number of hidden layers and an output layer.

in classi�cation, have been applied to almost all BCI problems such as binary[Pal05] or multi-
class [AS96], synchronous [HP00] or asynchronous [CB04] BCI. However, the fact that MLP
are universal approximators makes these classi�ers sensitive to overtraining, especially with
such noisy and non-stationary data as EEG (e.g., see [BP05]). Therefore, careful architecture
selection and regularization is required [JDM00].

A MultiLayer Perceptron without hidden layers is known as a perceptron.Interestingly
enough, a perceptron is equivalent to LDA and, as such, has been sometimes used for BCI
applications [WZL+ 04]

1.6.3.2 Other Neural Network architectures

Other types of NN architectures are used in the �eld of BCI. Among them, onedeserves a spe-
ci�c attention as it has been speci�cally created for BCI: the Gaussian classi�er [dRMMC + 00,
dRMRMG04]. Each unit of this NN is a Gaussian discriminant function representing a class
prototype. According to its authors, this NN outperforms MLP on BCI data and can perform ef-
�cient rejection of uncertain samples [dRMMC+ 00]. As a consequence, this classi�er has been
applied with success to motor imagery [SM04] and mental task classi�cation [dRMMC+ 00],
particularly during asynchronous experiments [dRMMC+ 00, CST+ 03].

Besides the Gaussian classi�er, several other NN have been applied to BCI purposes, in a
more marginal way:

• Learning Vector Quantization (LVQ) Neural Network [Koh90, PFK93]

• Fuzzy ARTMAP Neural Network [CGN+ 92, PPNS02];

• Dynamic Neural Networks such as the Finite Impulse Response Neural Network (FIRNN)
[HP00], the Time-Delay Neural Network (TDNN) or the Gamma Dynamic Neural Net-
work (GDNN) [BTV96];
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• RBF Neural Network [DHS01, HHB+ 03];

• Bayesian Logistic Regression Neural Network (BLRNN) [PRCS00];

• Adaptive Logic Network (ALN) [KP00];

• Probability estimating Guarded Neural Classi�er (PeGNC) [FF03].

1.6.4 Nonlinear Bayesian classi�ers

This section introduces two Bayesian classi�ers used for BCI: Bayes quadratic and Hidden
Markov Model (HMM). Although Bayesian Graphical Network (BGN) has been employed for
BCI, it is not described here as it is not common and, currently, not fastenough for real-time
BCI [TR04, RTNS06].

All these classi�ers produce nonlinear decision boundaries. Furthermore, they are gener-
ative, which enables them to perform more ef�cient rejection of uncertainsamples than dis-
criminative classi�ers. However, these classi�ers are not as widespread as linear classi�ers or
Neural Networks in BCI applications.

1.6.4.1 Bayes quadratic

Bayesian classi�cation aims at assigning to a feature vector the class it belongs to with the
highest probability [DHS01, Fuk90]. The Bayes rule is used to compute theso-calleda pos-
teriori probability that a feature vector has of belonging to a given class [Fuk90]. Using the
Maximum A Posteriori (MAP) rule and these probabilities, the class of this feature vector can
be estimated. Bayes quadratic consists in assuming a different normal distribution of data. This
leads to quadratic decision boundaries, which explains the name of the classi�er. Even though
this classi�er is not widely used for BCI, it has been applied with success tomotor imagery
[LSC04, SM04] and mental task classi�cation [KA90, BFdM04].

1.6.4.2 Hidden Markov Model

Hidden Markov Models (HMM) are popular dynamic classi�ers in the �eld ofspeech recogni-
tion [Rab89]. An HMM is a kind of probabilistic automaton that can provide the probability of
observing a given sequence of feature vectors [Rab89]. Each stateof the automaton can mod-
elize the probability of observing a given feature vector. For BCI, theseprobabilities usually
are Gaussian Mixture Models (GMM) [OGNP01].

HMM are perfectly suitable algorithms for the classi�cation of time series [Rab89]. As
EEG components used to drive BCI have speci�c time courses, HMM have been applied to the
classi�cation of temporal sequences of BCI features [OGNP01] [CST+ 03, ONGP00] and even
to the classi�cation of raw EEG [SNG05]. HMM are not much widespread within the BCI
community but these studies revealed that they were promising classi�ers forBCI systems.

Another kind of HMM which has been used to design BCI is the Input-OutputHMM
(IOHMM) [CB04]. Contrary to HMM, IOHMM is not generative but discriminative. The
main advantage of this classi�er is that one IOHMM can discriminate several classes, whereas
one HMM per class is needed to achieve the same operation.
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1.6.5 Nearest Neighbor classi�ers

The classi�ers presented in this section are relatively simple. They consistin assigning a feature
vector to a class according to its nearest neighbor(s). This neighbor canbe a feature vector
from the training set as in the case of k Nearest Neighbors (kNN), or a class prototype as in
Mahalanobis distance.

1.6.5.1 k Nearest Neighbors

The aim of this technique is to assign to an unseen point the dominant class among its k nearest
neighbors within the training set [DHS01]. For BCI designs, these nearest neighbors are usually
obtained using a metric distance [BCM02]. With a suf�ciently high value of k and enough
training samples, kNN can approximate any function which enables it to produce nonlinear
decision boundaries.

kNN algorithms are not very popular in the BCI community, probably becausethey are
known to be very sensitive to the curse-of-dimensionality [Fri97], which made them fail in
several BCI experiments [SLBP05, BCM02, MKD+ 04]. However, when used in BCI systems
with low-dimensional feature vectors, kNN may prove to be ef�cient [BMBB04].

1.6.5.2 Mahalanobis distance

Mahalanobis distance based classi�ers assume a Gaussian distributionN(µc;Mc) for each pro-
totype of the classc. Then, a feature vectorx is assigned to the class that corresponds to the
nearest prototype, according to the so-called Mahalanobis distancedc(x) [CST+ 03, BBS+ 01]:

dc(x) =
q

(x� µc)M� 1
c (x� µc)T (1.19)

This leads to a simple yet robust classi�er, which even proved to be suitablefor multiclass
[SLBP05] or asynchronous BCI systems [CST+ 03]. Despite its good performances, it is still
scarcely found in the BCI literature.

1.6.6 Combinations of classi�ers

In most papers related to BCI, the classi�cation is achieved using a single classi�er. A re-
cent trend, however, is to use several classi�ers, aggregated in different ways. The classi�er
combination strategies used in BCI applications are the following:

1.6.6.1 Voting

When using Voting, several classi�ers are being used, each of them assigning the input feature
vector to a class. The �nal class will be that of the majority [JDM00]. Voting isthe most pop-
ular way of combining classi�ers in BCI research, probably because it issimple and ef�cient.
For instance, Voting with LVQ NN [PFK93], MLP [QLC05], regularized logistic regression
[HdS07], or SVM [RGMA05b, RG08, HdS07] have been attempted. It should be noted that the
vote could focus on the class labels but also on the classi�er outputs, as in [RGMA05b, RG08].
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1.6.6.2 Boosting

Boosting consists in using several classi�ers in cascade, each classi�er focusing on the errors
committed by the previous ones [DHS01]. It can build up a powerful classi�er out of several
weak ones, and it is unlikely to overtrain. Unfortunalty, it is sensible to mislabels [JDM00]
which may explain why it was not succesfull in one BCI study [BM04]. To date, in the �eld
of BCI, boosting has been experimented with MLP [BM04, BGMP07], kNN [Sun07], or other
classi�ers such as decision trees [Sun07] or Ordinary Least Square(OLS) [HGV+ 05].

1.6.6.3 Stacking

Stacking consists in using several classi�ers, each of them classifying the input feature vector.
These classi�er are called level-0 classi�ers. The output of each of these classi�ers is then given
as input to a so-called meta-classi�er (or level-1 classi�er) which makes the�nal decision
[Wol92]. Stacking has been used in BCI research using HMM as level-0 classi�ers, and an
SVM as the meta-classi�er [LC03] or with SVM and regularized logistic regression as level 0
and level 1 classi�ers respectively [HdS07].

1.6.6.4 Random subspaces

The random subspace technique consists in generating new training sets from the original one
and in training a different classi�er for each one of these new training sets [Sun07]. The �nal
decision is made thanks to majority voting. When using random subspaces, thenew training
sets are generated by using only a subset of the features from the original training set, these
features being randomly selected. The main advantage of such a method is that it enables to
reduce the dimensionality while still using all the available features, through several classi�ers.
This method has been used for BCI with decision trees and kNN [Sun07].

The main advantage of classi�er combination techniques is that a combination ofsimilar clas-
si�ers is very likely to outperform one of the classi�ers on its own. Actually,combining clas-
si�ers is known to reduce the Variance of the classi�cation system and thusthe classi�cation
error [Fri97, Bre98].

1.6.7 Conclusion

A great variety of classi�ers has been tried in BCI research. Their properties are summarized in
Table 1.1. A crucial classi�er property to obtain good results in a BCI is noise/outlier resistance
or noise/outlier accomodation. Indeed, regularized classi�ers or classi�ers able to accomodate
outliers in the training data tend to give the best results in terms of correct classi�cation rates
[LCL+ 07]. It also seems that for synchronous BCI, exploiting the time information by using
dynamic classi�ers is rewarding [LCL+ 07]. However, when it comes to asynchronous (self-
paced) BCI, dynamic classi�ers are not better than other classi�ers. Indeed, as the start of the
mental task is unknown in asynchronous BCI, dynamic classi�ers have trouble in exploiting
ef�ciently the time information. Finally, it also seems that combining multiple classi�ersleads
to increased performance in comparison with using a single classi�er [HdS07, RG08, Sun07].
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In spite of all these studies on classi�ers, it is admitted that new classi�ers should be explored
and studied for BCI design [MAM+ 06]. The goal of these explorations is to increase the correct
classi�cation rates on one hand, and to enable researchers to interpretwhat the classi�ers have
learnt on the other hand. It would also be interesting to be able to provide a priori knowledge
on the brain dynamics to the classi�ers.

Table 1.1: Properties of classi�ers used in BCI research

Linear Non Gene- Discri Dynamic Static Regu- Stable Un- High
Linear rative minant larized stable dimension

robust
FLDA X X X X

RFLDA X X X X X
linear-SVM X X X X X X
RBF-SVM X X X X X X

MLP X X X X
BLR NN X X X X
ALN NN X X X X
TDNN X X X X
FIRNN X X X X
GDNN X X X X

Gaussian NN X X X X
LVQ NN X X X X

Perceptron X X X X
RBF-NN X X X X
PeGNC X X X X X
fuzzy X X X X

ARTMAP
NN

HMM X X X X
IOHMM X X X X
Bayes X X X X

quadratic
Bayes X X X X

graphical
network
k-NN X X X X

Mahalanobis X X X X
distance

1.7 Feedback and applications of BCI

Once the class of the signals have been identi�ed, the system can associatea speci�c command
to this identi�ed mental state and send this command to a given application. These applications
can be divided into two main categories. The �rst and most important category is the medical
domain [WBM+ 02, KKK+ 01, KMHD06, KPL+ 07]. Indeed, the main objective of BCI is
to provide severely disabled people with a new communication channel which isnot based
on the traditional motor output channels. The second category is the multimedia and virtual
reality domain. Thus, even if BCI are mainly designed for disabled people, they can also be
of interest for healthy persons [AGG07], for instance by proposing video games based on BCI
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[KBCM07, MBBB04, MPSP07], or by exploiting the amazing processing skills of the brain to
perform image search in large data bases [PCG+ 08]. Still in this category of BCI applications
is the virtual reality domain, which is becoming increasingly promising [LSF+ 07, LLR+ 06,
LLR+ 08]. Finally, BCI have also been used for controlling robots [LLA07c, Mil08], or for
artistic creations [MB04, KHFH08]. We describe more in details some of theseapplications in
the remaining of this section.

During this step of interaction with the application, it is particularly essential to provide a
feedback to the subject, concerning the mental state that has been recognized by the system.
Indeed, this feedback enables the user to know whether he has correctly performed the mental
task which enables him to learn how to control his brain activity. A carefully chosen feedback
can reduce the time required by the user to learn how to control the system [WBM+ 02].In
most BCI applications, this feedback is a visual feedback [WBM+ 02], but BCI that provide
an auditory feedback [HNP+ 04] or a haptic feedback [KPJ+ 06, CAR+ 07, CKA+ 07] have also
been proposed. Unfortunately, there is a relatively small number of BCI papers dedicated
to feedback. Consequently, it is currently relatively dif�cult to select themost appropriate
feedback for a given application.

1.7.1 Rehabilitation applications and applications for the disabled people

We describe here some of the main existing BCI applications in the �eld of rehabilitation and
handicap.

1.7.1.1 The “Thought Translation Device”

The “Thought Translation Device” (TTD) is one of the very �rst BCI that was designed. It has
been developped at the university of Tuebingen in the team of Pr. Niels Birbaumer [BKG+ 00].
This BCI is based on the SCP signal. It aims at enabling paralyzed personsto spell words
by selecting letters in a binary tree, thanks to spontaneaous variations of theSCP amplitude.
Indeed, in this application, the alphabet has been recursively divided into two parts, and dis-
tributed on the leaves of a binary tree, according to these divisions. At each node of this binary
tree, the user (mentally) selects the left or right subtree, according to the desired letter and the
alphabet subset associated to each subtree. In order to do so, the subject should trigger a posi-
tive or negative variation of its SCP. This user has previously learnt to control his SCP through
operant conditioning. This TTD system enabled disabled people to communicate at the speed
of approximately one letter every 2 minutes [BKG+ 00].

1.7.1.2 The P300 speller

The P300 speller is a BCI application which uses the P300 signal to spell words, as suggested
by its name. This application was initally designed in 1988 by Farwell and Donchin [FD88,
DSW00]. In this application, the subject is seated in front of a screen on which a 6 by 6 matrix
is displayed. This matrix contains all the letters of the latin alphabet, as well as thedigits from
1 to 9 and the space character (see Figure 1.13).

In this application, a row or a column of the matrix is highlighted every 125 ms. Theuser
is asked to look at and draw his attention on the letter he wants to select, and to count the
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Figure 1.13: The P300 speller interface, as displayed on the user's screen [FD88].

number of times the desired letter is highlighted. The highlight of the desired letterbeing a rare
and expected event, this triggers a P300 in the user's EEG signals. Detecting the absence or
presence of the P300 makes it possible to �nd which are the line and column that contain the
desired letter, and as such to �nd this letter. The P300 speller proposed byDonchin et al could
enable its users to spell up to 7.8 letters per minute [DSW00].

As this application is based on the P300, it does not require training for being used, and
have the advantage to be useful for anyone who can control his gaze.As such, this application
is very popular [KSC+ 06, VMS+ 06] and is currently used in order to help paralyzed persons
such as persons suffering from Amyotrophic Lateral Sclerosis (ALS)[Bir06, VMS+ 06].

It should also be mentioned that other BCI applications based on a similar principle have
been developed and validated for ALS subjects. In these P300-based applications, the letter
matrix was replaced by a matrix of directional arrows for controlling a cursor in 2D [PGT+ 06],
a 4-choice matrix (“yes”, “no”, “pass”, “end”) [SD06], or a matrix ofpictures of electronic
devices [HVED08]. By using various signal processing methods, thesethree studies obtained
positive results showing that P300-based BCI applications could be usedby disabled people.

1.7.1.3 Cursor control through sensorimotor rhythms: the Wadsworth center BCI

The BCI of the Wadsworth center is based on the control of the sensorimotor rhythmsµ and
b, following a learning based on operant conditioning [WMNF91, WMV00, WM04]. In the
standard application, a cursor displayed on a screen is moving horizontally, from left to right,
with a constant speed. The user can control the cursor vertically, by making the amplitude
of his sensorimotor rhythms vary. On the right side of the screen, several buttons (generally
between 2 and 4) are displayed and are arranged vertically. The user has to adjust the vertical
position of the cursor so as this cursor could hit the desired button, once it has reached the
right side of the screen. For instance, each of these buttons can represent a set of letters that
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the user will select. By distributing the selected letters among the buttons and repeating the
selection procedure, the user will be able to select a speci�c letter [VMS+ 06]. This whole
system has been shown to be useful and ef�cient for restoring communication for ALS persons
[KNM + 05].

1.7.1.4 Functional electric stimulation controlled by thoughts: the Graz BCI

The BCI of the Graz University of Technology is a BCI based on motor imagery. In this BCI,
an imagined movement of the left hand, right hand, feet or tongue is associated to speci�c
commands [KFN+ 96, PNG+ 00, PNM+ 03]. This BCI is used in numerous applications such
as controlling a prosthesis [GHHP99] or a virtual keyboard [SMN+ 04], or interacting with
virtual environments [LSF+ 07]. Here, we focus on an application of this BCI for controlling
a Functional Electric Stimulation (FES) [PMP+ 03, PMPPR05]. In this application, a subject,
with a complete paralysis of his left hand, is equiped with an FES system. Such a system uses
electrodes, placed on the forearm of the subject, in order to send him an electrical current which
forces his muscles to tense, a task that the subject is not able to perform voluntarily. In order to
control this FES system, the subject is also equiped with an EEG cap which is part of the Graz
BCI. The subject has to use foot motor imagery in order to activate the FES system for tensing
or relaxing his muscles, i.e., for closing or opening his hand. The BCI usedhere is a self-paced
BCI and as such is able to detect the imagined foot movements at any time.

1.7.1.5 Power wheelchair control by thoughts: the IDIAP BCI

The IDIAP BCI is an asynchronous BCI that can recognize 3 different mental tasks [MM03].
These mental tasks are, for instance, imagined left or right hand movementsor mental cube
rotation. Using these three mental tasks enables the BCI user to use three different commands,
for controlling a power wheelchair for instance [VML+ 07]. In this wheelchair application,
the three mental tasks were associated to the commands “turn left”, “turn right”and “move
forward”. As this BCI is asynchronous, the control of the wheelchair was relatively natural
for the users. Moreover, the wheelchair is based on ambient intelligence techniques in order to
assist the user in his control task, according to a principle of “shared autonomy” [GGC+ 07].
Indeed, the wheelchair is equiped with sensors in order to obtain a internalrepresentation
of the environment. This representation makes it possible to combine the classi�er output
with the environment context, in order to compute the best possible movements. For instance,
this makes it possible to perform more optimal and smooth trajectories or to avoid obstacles
automatically [GGC+ 07, VML+ 07].

1.7.1.6 Hex-o-Spell: brain actuated spelling with the Berlin BCI

The last application that we present here is, as the P300 speller, a brain actuated spelling ap-
plication. This application is known as Hex-O-Spell and is developped by theBerlin group
[BDK+ 06b, BKD+ 07b, MB06]. In this application, the user has to control the rotation and
length of an arrow by using motor imagery (right hand and foot motor imagery)in order to
select a cell in a Hexagon (thus containing 6 cells), each cell containing a group of letters or a
letter. Thus, imagined right hand movements are used to make the arrow rotate clockwise (see
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Figure 1.14) whereas imagined foot movements are used to increase the length of this arrow. If

Figure 1.14: The interface of the “Hex-o-spell” application, as displayedon the BCI user's
screen (picture from [BKD+ 07b]).

the arrow reaches a cell, two possible events may happen:

• the cell contains a group of letters. In this case, these letters are distributed among all the
cells, and the selection process is repeated once;

• the cell contains a single letter. In this case this letter is selected.

This application, which is based on an asynchronous BCI, makes it possible to select a letter in
only two steps, and as such has a good information transfer rate (up to 7.6 letters per minute).

Thus, there are already several medical applications of BCI dedicated todisabled people, and
especially to paralyzed people. These applications have proved usefulfor these persons, which
enhances the interest and potential of BCI. However, it should be notedthat the BCI currently
used in these applications may still be greatly improved, in order to reach higher information
transfer rates, more robustness, more commands and comfort for the user, etc. Moreover, only
a very small number of BCI are currently used outside laboratories whereas their ultimate goal
for medical applications is to be used at the patient's home. These points also concern other
applications of BCI, such as BCI applications for multimedia and virtual reality,which can be
potentially used by healthy persons.

1.7.2 BCI applications for multimedia and virtual reality

In addition to medical and rehabilitation applications, there is an increasing number of BCI
applications for multimedia [EVG03], such as for simple 2D video games [KBCM07, MBC07,
MBBB04] to more advanced 3D video games and virtual worlds [LSF+ 07, LLR+ 08].

This section �rst presents the pioneer works related to the combination of Virtual Reality
(VR) and BCI. Then it describes the main applications in which BCI are usedas an interaction
device for virtual environments. These works are divided into two main categories, according
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to Bowman's classi�cation [BKJP05]: systems used for navigating virtual worlds and systems
used for selecting and/or manipulating virtual objects. Finally, this section presents how VR
technology can be used to study and improve current BCI systems.

1.7.2.1 Pioneer works

Among the �rst works to use BCI for interacting with simulated environments, we can quote
the work of Nelsonet al, in the 90's [NHC+ 97]. In their work, Nelsonet al have studied
new interfaces for controlling a �ight simulator [NHC+ 97]. To this end, they combined scalp
EEG signals with EMG (ElectroMyoGraphy) signals recorded on the user's forehead. With
this hybrid system, users were able to perform a 1-dimensional control ofthe �ight simulator.

In 2000, Middendorfet al have also studied the use of brain signals for controlling a �ight
simulator [MMCJ00]. In this work, users can make a �ight simulator (without immersive
3D rendering) roll towards the left or right by using SSVEP. Indeed, two �ickering lamps
were used to generate SSVEP in the user's EEG. The user had learnt to control the amplitude
of their SSVEP by operant conditioning and could make the simulator roll according to this
SSVEP amplitude.

Finally, still in 2000, Bayliss and Ballard speci�cally studied whether it was possible to
combine BCI with VR [BB00]. To this end, subjects took part in a standard virtual driving
stimulation. Subjects were asked to stop their car at red stop lights. The analysis of the subjects'
EEG revealed that the appearance of a red stop light triggered a P300 [BB00]. This proved
that even when users are immersed in a complex virtual world, it is still possible torecord and
identify relevant brain signals to drive a BCI. These pioneer works have been con�rmed several
years later by works which used BCI as VR interaction devices, as described in the following
sections.

1.7.2.2 Navigating virtual environments by thoughts

Most existing works related to BCI and VR focus on navigating Virtual Environments (VE).
The existing applications can be divided into two groups: 1) applications using the BCI to
rotate the virtual camera and 2) applications using the BCI to travel in the VE.

Rotating the virtual camera: In order to enable BCI users to perform camera rotation in VE,
two brain signals have been used: motor imagery andµ rhythm (through operant conditioning).

The University College London and the Graz University of Technology have used a syn-
chronous BCI based on left and right hand motor imagery to enable usersto rotate the virtual
camera towards the left or right in a virtual conference room [LSL+ 04], or in a virtual bar
[FLG+ 07] (see Figure 1.15). The subject's performances lied between 80% and 100% of ac-
curacy, this accuracy being de�ned as the percentage of correctly classi�ed mental states.

Touyamaet al have used SSVEP to control the camera rotation within a CAVETM VE
[TAH08]. To this end, two �ickering buttons, with different �ickering frequencies, were posi-
tioned on the left and right part of the VE. These buttons were used to trigger SSVEP which
detection through a self-paced BCI made the camera rotate towards the left or the right. Their
system enabled an accuracy between 70 % and 80 % for three naive subjects.
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Figure 1.15: Rotating the virtual camera in a virtual bar by motor imagery (pictures from
[FSS+ 04, FLG+ 07]).

Pinedaet alhave used a BCI based on theµ rhythm to interact with a “First Person Shooter”
(FPS) 3D video game [PSVH03]. More precisely, a highµ level (higher than a threshold)
triggered left rotations of the camera whereas a lowµ level (lower than a threshold) triggered
right rotations. A middleµ did not triggered anything, thus enabling a self-paced mode of
operation. In this game, the other commands were classically issued using the keyboard.

Travelling and moving in a virtual environment: Several studies have demonstrated the
possibility to travel a VE by using a BCI. The University College London andthe Graz Univer-
sity of Technology have designed a synchronous BCI which enabled a user to move forward
in a virtual street by imagining foot movements and to stop moving by imagining righthand
movements [FLG+ 07, PLK+ 06].

The same groups have proposed an experiment in which a user could explore a virtual
apartment using a synchronous BCI [LLK+ 07]. In this experiment, at each junction, the user
had to select the next corridor (among two) he wanted to walk into. To achieve this, two arrows
were displayed on the ground, indicating the two possible corridors. The user had to select the
desired arrow by performing the associated motor imagery task during a period of 2 seconds.
Once the corridor was selected, the user was moved automatically in the VE towards the next
junction. The experiment showed that the users were able to explore the virtual �at and to reach
a given room, with a classi�cation accuracy which ranged from 67 % to 93 %, for 9 subjects
with little BCI experience.

Ron-Angevinet al have also designed a synchronous BCI for moving in a VE (see Figure
1.16). In their system, the users, equipped with a Head Mounted Display (HMD), could control
the left or right movement of a virtual car in order to avoid obstacles or reach ramps to make the
car jump [RAERL05]. The car was continuously going forward and righthand motor imagery
was used to steer towards the right and a relaxed mental state was used to steer towards the left.

More recently, the Graz group have performed several studies that used self-paced BCI to
move in virtual environments [LFMP+ 07, LSF+ 07, SLS+ 08] (see Figure 1.17). Leebet al
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Figure 1.16: Steering of a virtual car through hand motor imagery (picture from [RAERL05]).

have shown that a paralyzed patient was able to move a wheelchair along a virtual street by
using motor imagery of his paralyzed feet and a self-paced BCI based ona single EEG elec-
trode [LFS+ 06, LFSP07, LFMP+ 07]. To this end, when the system detected an imagined foot
movement, it triggered a forward movement in the VE whereas when no foot motor imagery
was detected no movement was triggered. The performance obtained werequite good, with
several sessions in which the patient reached an accuracy of 100%. It should be noted that the
patient has been previously trained to motor imagery over several months.

Figure 1.17: Moving along a virtual street using a self-paced BCI basedon foot motor imagery
(pictures from: [LLK+ 07]).

Schereret al have designed a self-paced BCI for freely exploring a VE [SLS+ 08]. In this
application users should perform left or right hand motor imagery to turn towards the left or
right respectively, and foot motor imagery to move forwards in the VE. Thissystem proved
relatively natural for the subjects. As an evaluation, 3 subjects had to collect three coins in the
VE, within a given time. The results showed that 2 subjects out of 3 successfully completed
the task. However, it should be mentioned that the performances of this system were relatively
modest, with a relatively large false positive rate (i.e., the percentage of times that the system
detected a mental command when no mental command was actually performed), 16.9 % on
average and a relatively small true positive rate (i.e., the percentage of timesthat the system
detected a mental command when a mental command was actually performed), 28.4% on
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average.
Finally, Leebet alhave proposed a self-paced BCI system for exploring a virtual represen-

tation of the national Austria library [LSFP07]. This BCI used a single motor imagery task to
trigger a movement along a prede�ned pathway (see Figure 1.18). 5 subjects participated to
this experiment. Results were shown to be quite good with true positive rates between 14 %
and 50 % and false positive rates between 2 % and 7 %.

Figure 1.18: Exploring a virtual model of the national Austria library by thoughts (pictures
from [LSF+ 07]).

1.7.2.3 Selecting and manipulating virtual objects

Three main studies have focused on selecting and/or manipulating Virtual Objects (VO) by
using a BCI (see Figure 1.19). In the �rst study, Laloret al have developed a 3D video game
driven by a synchronous BCI [LKF+ 05a]. In this game, a monster went from platforms to
platforms by walking along a tight rope. From time to time, the monster lost its balance,and
the user had to restore it by using the BCI. To do so, two �ickering checkerboard were placed
on each side of the VE, in order to elicit SSVEP at different frequencies.When the system
detected that the user was focusing on the left checkboard, it restoredthe monster's balance
towards the left. A symmetric operation was performed with the right checkerboard. The users
who participated in this study reached a classi�cation accuracy of 89% on average.

Figure 1.19: From left to right: manipulating electronic devices in a virtual �atwith a P300-
based BCI (picture from [Bay03]), controlling a virtual avatar by motor imagery (picture
from [FLD+ 07]), controlling the balance of a virtual monster using SSVEP (picture from
[LKF+ 05a]).
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In a second study, Bayliss has designed a P300-based BCI application tointeract with a
virtual �at. In this study, subjects were immersed in a virtual �at and had to turn On or Off
various VO such as a lamp, a Hi-Fi or a TV [Bay03]. To do so, 3D spheres were randomly
appearing over these VO, and users had to count the number of appearances of a sphere over the
VO they wanted to use. After a while, the VO which was the most likely to have hadtrigerred
the P300 was turned On or Off.

Finally, Friedmanet al have proposed a system to control a virtual avatar using motor im-
agery [FLD+ 07]. This system used a synchronous BCI with which a foot motor imagery made
the avatar walk, whereas a hand motor imagery made the avatar wave. For thisexperiment, the
classi�cation accuracy reached 87 % on average.

Table 1.2: Summary of BCI-based VR applications

Number neuro- synchronous VE Reference
of physiological or or

commands signal self-paced context
Selecting- 2 SSVEP synchronous controlling a [LKF+ 05a]

virtual monster
manipulating 2 P300 synchronous turning on/off VO [Bay03]

in a virtual apartment
VO 2 MI synchronous controlling a [FLD+ 07]

virtual avatar
2 MI synchronous walking a [PLK+ 06]

virtual street
2 MI synchronous exploring a [LLK + 07]

virtual apartment
Travelling 2 MI synchronous virtual [RAERL05]

car steering
the VE 1 MI self-paced walking along [LFMP+ 07]

a virtual street
3 MI self-paced exploring the [SLS+ 08]

“free-space”
1 MI self-paced exploring a [LSFP07]

virtual library
Rotating 2 MI synchronous exploring a [FSS+ 04]

virtual bar
the virtual 2 MI synchronous exploring a virtual [LSL+ 04]

conference room
camera 2 µ rhythm self-paced playing a [PSVH03]

FPS game
2 SSVEP self-paced exploring a [TAH08]

virtual city

Interestingly, it seems that in current applications, selecting and manipulatingVO is mostly
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achieved using evoked signals, whereas navigating VE is mostly achieved using spontaneous
signals. This suggests that interesting combinations between those kinds of signals could be
achieved to increase the number of available commands. It should also be noted that no current
BCI application enables the user to select/manipulate VO and navigate VE at the same time. As
such proposing a technique to perform both interaction tasks would clearlyopen very interest-
ing possiblities for VR applications. Finally, it can be observed that the mapping between the
mental states and the commands is still relatively simple for VR applications based on a BCI.
As such, it appears as essential to seek innovative ways of using the few available commands
in order to enlarge the number of actions available for the user.

1.7.2.4 Virtual reality for studying and improving brain-computer inte rfaces

So far, we have reported studies that have used BCI as a new interactiondevice for VR applica-
tions. Conversely, VR can also prove very interesting for BCI applications. Indeed, VR makes
it possible to perform safe and carefully controlled BCI experiments towards a real-life use,
can increase the motivation of subjects, reduce the time necessary to learn how to use a BCI,
and, �nally, can be used to study brain dynamics and behavior.

Safe and carefully controlled experiments: One of the numerous advantages of VR, is that
it makes it possible to test and study various systems and tools in VE rather thanin real-
life, which is safer, cheaper, more convenient and which enables more controlled experiments.
Thus, by using BCI in VE, several researchers have shown that humans can use BCI systems
in complex and visually rich 3D environments [PSVH03, LFMP+ 07]. Similarly, they have
shown in VR that relatively complex tasks commonly performed in real-life couldalso be
performed with a BCI despite the high mental workload generated by the task [LLK + 07]. VR
also enabled Friedmanet al to study different mapping between mental states and commands
[FLD+ 07]. The results showed that, surprisingly, the most natural mapping (e.g.,using foot
motor imagery to walk along the VE) does not give better results, in terms of classi�cation
accuracy, than non-natural mapping (e.g., walking into the VE by using hand motor imagery)
[FLD+ 07]. To sum up, VR makes it possible to study BCI in close to real-life conditions.

Improving BCI learning and performances: A second interest in using VR and videogames
for BCI is related to the increased motivation it provides to users. Severalstudies have com-
pared feedback consisting of classical 2D displays with feedback consisting of entertaining VR
applications [LLK+ 07, RAERL05]. These studies have shown that users' performanceswere
higher with a VR feedback than with a simple 2D feedback. Moreover, thereare evidences
that the more immersive the VR display, the higher the performances and motivation of users
[FLG+ 07, LLK+ 07]. Even if some observations need to be con�rmed, VR appears as a way to
shorten BCI learning and increase users' performances by increasing their motivation.

Studying brain dynamics with VR: Finally, another advantage of VR for BCI, is that VR
can be seen as an ideal environment to study brain dynamics and behavior. For instance,
Pfurtschelleret alhave shown that visualizing a moving virtual object or a moving virtual hand
triggered ERD/ERS over the sensorimotor areas of the brain, i.e., phenomenons similar to what



60 chapter 1

happened when a subject effectively performs a movement [PSL+ 07]. Another example is the
work of Arrouetet al which used inverse solutions to enable a subject to navigate in his own
brain, represented in 3D, and to visualize in real-time his own brain activity [ACM+ 05]. To
this end multiple 3D objects were displayed on screen, each one corresponding to a speci�c
brain region. The size and color of these objects represent the activity inthe corresponding
brain region (see Figure 1.20). Such a tool could be used to study, in real-time, what is hap-
pening in the brain following a given stimulus or mental task, as with the Brain TV application
[LJB+ 07]. It is also expected that such an immersive neurofeedback would bemore engaging
and informative and would improve the user's abilities to control his brain activity.

Figure 1.20: 3D visualization of brain activity in VR [ACM+ 05]

1.7.2.5 Conclusion

To sum up, it appears that not only BCI can prove useful for VR, butalso VR can prove useful
for BCI. Thus, the coupling between VR and BCI appears as very promising, but a lot of things
still need to be done. For instance, it would be very interesting to study whichkind of VR
feedback will lead to the best performances and to the shortest training time for the subjects.
Also, it would be interesting to study further the impact of motivation and presence as well as
to quantify their effects.

1.7.3 Other BCI applications

Besides the VR and medical applications, some other applications of BCI havebeen proposed.
Among these applications, we can mention brain-actuated robots [LLA07c, Mil08]. For in-
stance, BCI have been used to control relatively simple mobile robots [TMK+ 03, dRMRMG03]
or to control the dog robot AIBO from Sony [IKP06, CAB+ 06, COM+ 07]. BCI have also
been used to control more advanced mobile robots such as robotic wheelchairs [TMW05,
RBG+ 07, VML+ 07] or even humanoid robots [BSCR07, BSCR08]. A speci�city shared by
several of these robotic applications is that a lot of intelligence is placed into the robot. As
such, the BCI user only uses a small number of commands (between 2 and 4), but these are
very high-level commands, which will correspond to complex tasks achieved by the robots
[BSCR07, dRMRMG03, RBG+ 07].

Other BCI applications include musical applications, in which a BCI is used to drive a
musical composition. In such applications, some mental states, such as the prominence of a
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given brain rhythm, are associated to a change of the musical style or to a change in the music
tempo [MB04]. These signals can also be combined with other biological signals such as EMG
[ABC+ 06]. Recently, a BCI has also been used to make paintings thanks to a P300-based
application [KHFH08].

Naturally, the range of possible BCI applications is relatively large [Moo03], and there is
no doubt that the number of applications of such a technology will rapidly increase.

1.8 Conclusion

This chapter aimed at reviewing the current methods used to design BCI, aswell as the exist-
ing BCI applications. In this regard, we have �rst seen that, although several invasive or non-
invasive methods were available to measure brain activity, EEG was by far the most convenient
and the most popular one. Second, we have seen that EEG signals used todrive a BCI could be
divided into 2 categories, namely, evoked potentials, such a P300 or SSVEP, and spontaneous
signals, such as slow cortical potentials or motor imagery. Then, we have reviewed prepro-
cessing techniques used in BCI. These techniques are generally temporal �lters, such as direct
Fourier transform �ltering or spatial �lters such as common spatial patternsand independant
component analysis. We have also reviewed feature extraction techniques employed for BCI.
These techniques could be divided in 3 categories, namely, temporal features such as Hjorth
parameters, frequential features such as band power and time-frequency representation-based
features such as wavelets. Then, we reviewed classi�cation algorithms used in BCI. These al-
gorithms can be gathered into 5 different categories. These categories are 1) linear classi�ers,
with, e.g., support vector machines, 2) neural networks, with, e.g., multilayer perceptrons, 3)
nonlinear Bayesian classi�ers, with, e.g., Bayes quadratic, 4) nearestneighbor classi�ers, with,
e.g., k nearest neighbors and 5) combination of classi�ers with, e.g., boosting. Finally, we sur-
veyed BCI applications, and we have seen that BCI were mostly used for medical applications
such as spellers or prosthesis, but also for multimedia and virtual reality applications such as
3D video games.

This �rst chapter has highlighted that there have already been a relatively large number of
studies related to BCI research that aimed at exploring and proposing various signal processing
and classi�cation algorithms for designing a BCI. Despite this large number ofstudies, the most
appropriate algorithms, if any, have not been identi�ed yet. Moreover, the BCI community has
highlighted the need to explore and/or design more ef�cient algorithms (in termsof accuracy),
from which it could be possible to gain insights about the brain dynamics [MAM+ 06]. These
two points are speci�cally addressed in this manuscript and more particularlyin the four next
chapters, gathered within Part 1: EEG signal processing and classi�cation.

Similarly, several prototypes of applications based on BCI have been proposed, mainly in
the medical and rehabilitation �eld but also in the multimedia and virtual reality �eld. Con-
cerning this last �eld, the interest and potential of VR for BCI have been particularly stressed.
However, there is still a lot to study regarding BCI-based VR applications,such as the pref-
erences of the BCI user, the impact of the feedback provided to this user, or the design of
appropriate interaction paradigms. These points are addressed in Part 2of this manuscript:



62 chapter 1

virtual reality applications based on BCI technology.



Part 1:
EEG signal processing and

classi�cation
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Chapter 2

Preprocessing and Feature Extraction:
FuRIA, an Inverse Solution-based
Algorithm using Fuzzy Set Theory

2.1 Introduction

One objective of this PhD thesis is to study methods which could lead to 1) more ef�cient BCI
in terms of information transfer rate and 2) interpretable BCI. To ful�ll theseobjectives, we
can focus at the level of preprocessing and feature extraction, or atthe level of classi�cation.
In this chapter, we address the problem of preprocessing and featureextraction.

In this chapter, we propose a trainable feature extraction algorithm for BCI which relies
on inverse solutions as well as on the fuzzy set theory. This algorithm is called FuRIA which
stands forFuzzyRegion ofInterestActivity. FuRIA can automatically identify what are, for a
given subject, the relevant Regions Of Interest (ROI) and frequency bands for the discrimina-
tion of mental tasks, even for multiclass BCI. The activity in these ROI and frequency bands
can be used as features for any classi�er.

The chapter is organized as follows: Section 2.2 provides additional detailson the concept
of inverse solution and on its current uses for BCI design. Section 2.3 describes in details the
FuRIA algorithm we propose. Section 2.4 describes the evaluations of FuRIA achieved on
binary and multiclass EEG data sets. Finally, Section 2.5 discusses the results and concludes.

2.2 Inverse solutions and BCI

This section begins with a brief recall about what are inverse solutions and presents a way
of formulating inverse solutions as quadratic forms, i.e., as computationaly ef�cient forms.
Then, this section focuses on inverse solution-based BCI and highligths the main limitations of
current systems.

65
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2.2.1 Inverse solutions as a quadratic form

As mentioned in Chapter 1, inverse solutions aim at estimating the brain dipole activity ĉ(t) by
using only the scalp measurementsm(t) and the lead�eld matrix (head model)K (see section
1.4.4):

ĉ(t) = Tm(t) (2.1)

whereT is the generalized inverse ofK. Congedo has shown that any linear and discrete inverse
solution could be formulated as a quadratic form [Con06]:

gv(t) = m(t)TQvm(t) (2.2)

whereQv is anNe � Ne matrix (Ne being the number of electrodes used) denoted as theinverse
operatorfor voxelv [Con06] andgv is the current density in voxelv. The superscriptT denotes
transpose. TypicallyQv = TT

v Tv with Tv being thevth row of T. The current density in a given
ROI W, i.e., in a set of voxels, can be computed as follows:

gW(t) = å
v2W

gv(t) = m(t)TQWm(t) with QW = å
v2W

Qv (2.3)

This notation is very convenient as it allows very fast computations, whatever the number
of voxels in the ROIW. Actually theQW matrix can be computed of�ine, and the size of this
matrix depends only on the number of electrodes used.

2.2.2 Inverse solution-based BCI

As mentioned in section 1.4.4, a few recent studies have started to evaluate theef�ciency of
inverse solutions as feature extractors for BCI [LLA07b, NKM08, KLH05]. Indeed, there are
increasing evidences that the use of inverse solutions would improve the performances of the
system, in terms of correct recognition rates. Inverse solutions such as ELECTRA [GGP+ 05],
equivalent dipole analysis [QDH04, KLH05] or minimum norm estimates [BCM+ 07, BMG08]
have been applied to non-invasive BCI designs. All these methods obtained very promising
results. These good results can be explained if we consider inverse solutions as spatial �lters
based on physiological a priori. Hence, they make it possible to focus on relevant information
while removing the noise coming from other brain regions and not related with the mental tasks
performed by the subject.

In spite of these promising results, some limitations remain. Indeed, current methods are ei-
ther general-purpose, i.e., they have the ability to deal with any kind of mentaltask, or generator
of few features but rarely both at the same time. Several methods require strong a priori knowl-
edge on the neurophysiological mechanisms involved by the mental tasks used, and hence, are
not general-purpose at all [QDH04, KLH05, BCM+ 07]. With these methods, the ROI to be
used must be de�ned beforehand and by hand. These methods are currently limited to the use
of mental tasks that involve the motor and sensorimotor areas of the brain. Using prede�ned
ROI also raises the problem of specialization. Indeed, it is well known thateach subject has
his own speci�cities, in terms of spatial (involved brain regions) or frequential (involved fre-
quency bands) features [WBM+ 02]. Hence, a non-general-purpose method, exclusively based
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on a priori knowledge, will not be able to adapt to each subject's speci�cities, and will have,
most probably, non-optimal performances.

A few general-purpose methods, based on distributed inverse solutions,have been proposed
[GGP+ 05, NKM08, BMG08]. The main limitation of these methods is that they must extract
one or several features per voxel, which generates a very large number of features. Actually, the
head models generally used are composed of hundreds or thousands of voxels. This requires
the use of feature selection techniques [GGP+ 05, NKM08, BMG08]. Even though this solution
gives good results, the number of features used remains generally relatively high, particularly in
comparison with the number of features extracted by non-general-purpose methods [QDH04,
KLH05]. A high number of features also reduces the interpretability of the resulting model.
Moreover, in these methods, all voxels are processed independantly, whereas a number of them
are dependant of each other and as such should be gathered in brain regions.

Congedoet al have proposed a method which is both general-purpose and generator of
few features as voxels are gathered into ROI [CLL06]. This method, whichcombines data-
driven spatial �lters and an inverse solution, has obtained results comparable to those of the
winner of the BCI competition 2003. However, this method still needs improvements as it is
not completely automatic and limited to the use of two ROI whose spatial extension is hard to
de�ne [CLL06].

2.3 The FuRIA feature extraction algorithm

FuRIA is a trainable feature extraction algorithm based on an inverse solution for non invasive
BCI. It can learn and use subject speci�c features even from multiclassdata sets. It uses the
concept of ROI in order to generate a relatively small number of features. A feature extracted
with FuRIA is related to a clear physiological information as it corresponds tothe activity in
a given brain region and its associated frequency band. Moreover, and contrary to existing
methods, FuRIA can automatically identify these relevant ROI, as well as the frequency bands
in which these ROI current densities are discriminant. Finally, FuRIA also introduces the
concepts of fuzzy ROI and fuzzy frequency bands, which conceptsare used to obtain increased
classi�cation performances.

FuRIA aims at being modular in the sense that various kinds of inverse solutions could be
used within it. This section brie�y describes the inverse solutions that could be used within
FuRIA and the speci�c one that we used in our implementation. It then describes in details the
FuRIA feature extraction algorithm.

2.3.1 Inverse solutions for FuRIA

FuRIA aims at being used with any kind of linear and distributed inverse solution. Actually,
distributed solutions enable the use of a large number of dipoles rather than afew equivalent
dipoles. As such they provide more information and are more �exible. On the other hand,
the use of linear inverse solutions appears as essential for BCI applications. Indeed, the strong
real-time constraints that are imposed when using a BCI online prevent the use of non-linear
inverse solutions as they are computationally demanding. Several linear anddistributed in-
verse solutions have been used for BCI, such as ELECTRA [GGP+ 05], LORETA/sLORETA
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[LNM06, CLL06] or the depth-weighted minimum norm technique [BCM+ 07]. FuRIA can be
used with any of these inverse solutions.

2.3.2 The sLORETA inverse solution

In our implementation of FuRIA, we used sLORETA (standardized low resolution electro-
magnetic tomography) which is an instantaneous, discrete and linear inversesolution proposed
by Pascual-Marqui [PM02]. sLORETA is known to have very good localization properties
[PM02] including no localization bias in the presence of measurement and biological noise
[PM07]. Moreover, it has been proved experimentally that sLORETA was suitable for the
design of EEG-based BCI [CLL06].

To solve the inverse problem, sLORETA relies on a regularized least mean square solution
to equation 2.1:

T = KT(KKT + aRX)+ (2.4)

whereaR is a positive regularization parameter andX is the centering matrix which is used
to re-reference the data to common average reference. The exponent+ denotes the Moore-
Penrose matrix pseudo-inverse. In order to reach a high localization capability, sLORETA is
based on a standardization of this solution. As such, the activity (currentdensity)gv of a voxel
v is obtained as follows with sLORETA:

gv = ĉT
v S� 1

v ĉv (2.5)

whereS= TK is the resolution matrix, withSv being thevth 3*3 block of S. Similarly, ĉv is
thevth triplet of ĉ. Consequently, to express the current density with sLORETA as a quadratic
form (see equation 2.2), one should useQv = TT

v S� 1
v Tv. The interested reader can �nd more

details about sLORETA in [PM02, PM07]. However, it should be remindedthat the principle
of the FuRIA algorithm is not dependent on the inverse solution chosen. Consequently, any
other distributed and linear inverse solution could be used instead of sLORETA.

2.3.3 Overview of the FuRIA algorithm

2.3.3.1 Training of FuRIA

In order to be used, FuRIA has �rst to be trained using a setQ = f (m(t);C)1::Nt g of labelled
training data, withC being the class ofm(t), i.e., the mental task performed by the subject
while m(t) was recorded. The goal of this training phase is to �nd subject-speci�c ROI Wl and
frequency bandsF l that contain the most relevant information for mental task discrimination.
This training phase is accomplished of�ine, in three main steps:

• Identi�cation of statistically discriminant voxels and frequencies: The goal of this
step is to identify the ordered pairswk = ( fi ;v j ) (k 2 [1;Nk]), with fi being a frequency
andv j being a voxel, with the largest discriminative power. In order to do so, we rely
on a statistical analysis for comparing, between the different classes, themean current
density in each frequencyfi (i 2 [1;Nf ]) and in each voxelv j ( j 2 [1;Nv]).
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• Creation of ROI and frequency bands: This step aims at gathering the voxelsv j se-
lected at the previous step into several ROIWl , as well as at gathering the selected fre-
quenciesfi into several frequency bandsF l . In order to do so, we rely on a clustering
algorithm for �nding clusters of voxels and frequencies and for transforming these clus-
ters into ROI and frequency bands. Thus, by the end of this step, we have created a set of
Nw ordered pairsWl = ( F l ;Wl ) ( l 2 [1;Nw]) (one pair per cluster) in which each ROI is
associated to a single frequency band. This frequency band should gather the frequencies
in which the activity of the ROI voxels is discriminant.

• Fuzzi�cation of ROI and frequency bands: The previously found ROIWl are turned
into fuzzy ROIW̃l and the frequency bandsF l are turned into fuzzy frequency bandsF̃ l .
This aims at giving more importance to the more discriminant voxels and frequencies,
while still using the information contained in the less discriminant ones. The overall
objective is to increase the discriminative power of theWl pairs.

2.3.3.2 Use of FuRIA for feature extraction

Once the fuzzy pairs̃Wl = ( F̃ l ;W̃l ) have been identi�ed, FuRIA can be used for feature ex-
traction. The features extracted are the current densities in the fuzzy ROI W̃l after band-pass
�ltering EEG signals in the associated fuzzy frequency bandsF̃ l .

All these steps are detailled hereafter. In the following, the description of each training step is
divided into two parts: 1) a section “algorithm” which describes the generalalgorithm we pro-
pose and 2) a section “implementation” which describes the speci�c implementationof FuRIA
that we evaluate in this chapter. In this regard, it is worth noting that other implementations
could be used (e.g., different clustering algorithms, different statistical tests, . . . ) as long as
they are consistent with the algorithms proposed.

2.3.4 First training step: identi�cation of statistically discriminant voxels and
frequencies

2.3.4.1 Algorithm

The �rst step of the training of FuRIA aims at identifying the pairswk of voxelsv j and fre-
quenciesfi which are the most discriminant, i.e., the pairs of voxels and frequencies whose
current density is the most different between classes. In order to do so, we perform a statistical
analysis that compares the mean current densities between classes for each pairwk = ( fi ;v j ).
To this end, each training EEG recordm(t) passes through the following procedure (see Fig.
2.1):

1. m(t) is decomposed into frequency bands by using a set of �ltershi . Each �lter hi is
a 2-Hz wide band-pass �lter centered on frequencyfi . We denote asmi(t) the signal
resulting from the �ltering ofm(t) by hi .

2. the current densitygi; j (t) in voxel v j , for frequencyfi is computed using the inverse
solution:
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gi; j (t) = mi(t)TQv j mi(t) (2.6)

3. �nally, gi; j (t) is averaged over a time window of interest, which starts at samplet0 and is
Ns samples long. The obtained value is then log-transformed:

< gi; j > = log(
1
Ns

t0+ Ns

å
t= t0

gi; j (t)) (2.7)

Figure 2.1: Computation of the average current densities< gi; j > in all frequenciesfi and
voxelsv j , from a training EEG record m(t).

Then, the< gi; j > are gathered into statistical samples according to the label of their cor-
responding training recordm(t). As such, we obtain one statistical sample per class. These
samples are then compared using the statistical analysis. In other words, thisstatistical analy-
sis compares the mean< gi; j > between classes and hence gives the discriminative power of
each pairwk. Pairswk which obtained a p-value higher than a given thresholda (this threshold
is a hyperparameter of FuRIA) are not considered anymore in the remaining of the training
process. The other pairs are denoted as “signi�cant”. This procedure should remove numerous
voxels and frequencies and should only keep the ones which are speci�c to the mental tasks
performed by the subject and to the physiology of this subject.

2.3.4.2 Implementation

In our implementation of FuRIA, thehi �lters were either Finite Impulse Response (FIR) or
In�nite Impulse Response (IIR) �lters. We used windowed sinc �lters as FIR �lters [Smi97]
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and Yule-Walker �lters as IIR �lters [FP84]. These �lters were chosenas they enable the de-
sign of custom �lters, which is needed for the fuzzi�cation of frequency bands step (see section
2.3.6). Concerning the statistical test used, we employed Multiple ComparisonsRandomiza-
tion (MCR) tests as described by Holmes [HBWF96]. More precisely, for BCI with only 2
classes, we used MCR t-tests whereas for multiclass BCI (with 3 or more classes) we used
MCR ANOVA (ANalysis Of VAriance), as ANOVA can compare multiple conditions, and as
such, can deal with more than 2 classes. Naturally, depending on the needof the FuRIA user,
different kinds of band-pass �lters or statistical analysis could be usedinstead.

2.3.5 Second training step: creation of ROI and frequency bands

2.3.5.1 Algorithm

This step aims at gathering signi�cant voxels and frequencies into ROIWl (l 2 [1;Nw]) asso-
ciated with frequency bandsF l , each ROI being associated to a single frequency band. Basi-
cally, a given ROI would gather signi�cant voxels, and the frequency band associated to this
ROI would gather the frequencies in which these voxels activity is discriminant. Creating such
ROI and frequency bands aims at obtaining a compact feature representation. Indeed, using
the activity in a few ROI and frequency bands as features should lead to much less features
than when considering voxels and frequencies alone, as done frequently [GGP+ 05, NKM08].
Moreover, the activity in neighboring voxels and frequencies tends to bestatistically correlated
[MML + 04]. As such it should be more appropriate to use these voxels and frequencies together
rather than independently.

Ideally, we would like to gather voxels belonging to the same neural source into the same
ROI. We would like, at the same time, to gather into a single frequency band the frequencies
at which a similar ROI appears. This means it is desirable to �nd clusters gathering both
voxels and frequencies. In order to �nd these clusters, we associate toeach signi�cant pair
wk = ( fi ;v j ) the feature vector[x j ;y j ;zj ; fi ] in which x j ;y j ;zj are the spatial coordinates ofv j

in the head model used. The vector elements are normalized to zero mean and unit variance in
order to deal with the different ranges between space and frequencies. Then, we apply a given
clustering algorithm to all these vectors. Finally, for each obtained cluster,we gather all voxels
whose associated vector belongs to this cluster into the same ROIWl and we associate to this
ROI the frequency bandF l = [ fmin; fmax]. Here, fmin and fmax are respectively the minimal
and maximal value of the coordinatefi among all the vectors belonging to this cluster. This
clustering gives a set of ordered pairsWl = ( F l ;Wl ) which are expected to be discriminant.

2.3.5.2 Implementation

When using sLORETA, the neural sources tend to appear as local maximumsof the current den-
sity [PM02] and hence as local maximums of the statistics obtained in output of thestatistical
analysis. Consequently, we used Mean Shift as the clustering algorithm since it gathers vectors
attracted by the same local maximum of the underlying density function [CM02].However, as
the voxels coordinates and frequencies considered are regularly spaced within their numerical
domain, the underlying density function for the vectors[x j ;y j ;zj ; fi ] will be relatively �at and
thus will prevent a proper use of Mean Shift. To cope with this problem, we used a slightly
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modi�ed version of the Mean Shift algorithm for clustering. This slight modi�cation simply
consists in replacinĝD, the standard density estimate at pointP used in Mean Shift:

D̂(P) =
1

NkHd

Nk

å
k= 1

cf
1
H

(P� Pk)g (2.8)

by D̃, a weighted density estimate at point P :

D̃(P) =
1

NkHd

Nk

å
k= 1

sk � cf
1
H

(P� Pk)g (2.9)

with H being the smoothing parameter,c a kernel, here the Epanechnikov kernel (the optimal
kernel for Mean Shift, see [CM02]),P the current vector,Pk, thekth vector from the data set,
andd the dimensionality. Finallysk = 1� pk, with pk being the p-value obtained by thewk

pair, during the statistical analysis performed in the previous step. This leads to the following
form for thesample mean shiftvector :

MH(P) =
1
nP

å
Pi2SH (P)

sk � (Pk � P) (2.10)

Here,SH(P) is thed-dimensional sphere of radiusH centered atP, with nP vectors inside. This
weighted version of Mean Shift will gather into the same cluster all the vectorsattracted by the
same local maximum of the statistics. As such, this version of Mean Shift is expected to gather
altogether the vectors corresponding to the same neural source, as these sources should be local
maximums of the statistics (see above).

It should be noted that making clusters according to the local maximums of the statistics
is essential when dealing with multiclass BCI based on sLORETA. Actually, when the number
of mental tasks performed increases, the number of brain regions involved increases as well.
Added to the fact that sLORETA is low resolution, this may lead to a high overlapping of
these regions, making classical clustering fail to recover the different sources. We observed
this problem experimentally, which led to the conception of this clustering strategy.

2.3.6 Third training step: fuzzi�cation of ROI and frequency bands

The last training step of FuRIA consists in fuzzifying the previously obtained ROI Wl and fre-
quency bandsF l . Actually, a ROI can be seen as a conventional (or “crisp”) set of voxels
whereas a frequency band can be seen as a crisp set of frequencies. However, it is clear that
in a ROI or in a frequency band, not all the voxels or frequencies havethe same discriminative
power. Nevertheless, all these elements still carry more or less information that could be used,
making it hard to choose which of them should be kept. Moreover, electrophysiologically, the
brain regions related to speci�c brain functions are not well de�ned fora speci�c user: their
boundaries are naturally “fuzzy”. Consequently, rather than selectinga few voxels and fre-
quencies within a ROI, we believe that all signi�cant voxels and frequencies should be used,
but the voxels and frequencies that are less discriminant should belong “less” to their ROI and
frequency band than the others. Thus, we propose to consider ROI and frequency bands as
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fuzzy sets [Zad96a] of voxels and frequencies, in which all voxels and frequencies are given a
degree of membership into the ROI or frequency band to which they belong.We denote such
kinds of ROI and frequency bands as fuzzy ROI and fuzzy frequency bands. Thus, a fuzzy
membership functionµ is associated to each ROI and each frequency band. To sum up, two
fuzzi�cations are performed: the fuzzi�cation of space and the fuzzi�cation of frequency.

2.3.6.1 Design of fuzzy ROI and fuzzy frequency bands from a given fuzzy membership
function

Algorithm: As mentionned above, a crisp ROIWl is a set of voxels which current density
is computed according to Eq. 2.3. A fuzzy ROIW̃l is not de�ned by a set of voxels anymore
but by a fuzzy membership functionµSl . This function provides the degree of membership, in
[0;1], of any existing voxel to the fuzzy ROĨWl . Contrary to crisp ROI for which all its voxels
are used equally (see Eq. 2.3), we de�ne the current densitygW̃l

(t) in a fuzzy ROI as follows:

gW̃l
(t) =

Nv

å
j= 1

µSl (v j )gv j (t) (2.11)

This leads to:

gW̃l
(t) = m(t)TQW̃l

m(t) with QW̃l
=

Nv

å
j= 1

µSl (v j )Qv j (2.12)

Similarly, we associate a fuzzy membership functionµFl to each frequency bandF l . The
function µFl provides the degree of membership, in[0;1], of any existing frequency to the
fuzzy frequency bandF l . We can note that this function has exactly the same form as the
magnitude response of a digital �lter. This means that to band-pass �lter a signal in a given
fuzzy frequency band we have to design a custom digital �lter that have the desired fuzzy
membership functionµFl as magnitude response.

Implementation: We used the window technique to automatically design FIR �lters from the
desired magnitude response, i.e., from a fuzzy membership function associated to a frequency
band [Smi97]. To automatically design the IIR �lters, we used the Yule-Walkermethod [FP84].
This explains why we used a windowed-sinc FIR �lter or a Yule-Walker IIR�lter for the �rst
training step of FuRIA (see section 2.3.4).

2.3.6.2 Setup of the fuzzy membership functions

Algorithm: In order to determine the kind of fuzzy membership functions to be used as well
as their parameters, we �rst compute the discrimination scoresdv j anddfi of each voxelv j and
frequencyfi respectively, for each pairWl = ( F l ;Wl ):

dv j =
1

Nf
å

fi2F l

sv j ; fi and dfi =
1
Nv

å
v j 2Wl

sv j ; fi (2.13)
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wheresv j ; fi = 1� p j ;i with p j ;i the p-value obtained during the statistical analysis step, for voxel
v j at frequencyfi . In order to highly emphasize the contribution of the most discriminative
voxels and frequencies we chose exponential fuzzy membership functions:

µSl (v j ) =

(
exp(� 1

2(
dvj � dvmax

sv
)2) v j 2 Wl

0 otherwise
with sv =

1
Nv

(2.14)

µFl ( fi) =

(
exp(� 1

2(
dfi � df max

s f
)2) fi 2 F l

0 otherwise
with s f =

1
Nf

(2.15)

wheredvmaxanddf max are the maximal scores among voxels and frequencies respectively.
This means that the voxel and frequency with the highest discrimination scores obtain the
highest degree of membership, i.e, 1.0, while other voxels and frequencies obtain a score that
decreases exponentially with their discrimination score. However, the valueof thes parameter
given above is only an initial value which may not be the optimal value to maximize thedis-
criminative power of the pairs̃Wl = ( F̃ l ;W̃l ). Consequently, we then optimize thes parameters
of each pairW̃l by using the adaptive gradient ascent procedure described in Algorithm 1.

Herel f andl v are positive learning rates, andev andef are small positive increments used
to estimate the derivatives of the functionF. This functionF is the �tness function that we
want to maximize and that evaluates the discriminative power of a given pairW̃l . This �tness
function is equal to the statistics obtained with a statistical test that compares the current density
in W̃l andF̃ l between the different classes. More precisely, for each training record m(t), this
record is �rst band-pass �ltered in thẽF l frequency band by using the corresponding IIR or
FIR �lter. Then, the current density iñWl is computed using Eq. 2.11, and averaged over
a given time window and log-transformed as in Eq. 2.7. One should note that the obtained
values< gW̃l ;F̃ l

> depend on the values ofsv ands f which are used to compute the band-pass
�lter and the ROI current density. These< gW̃l ;F̃ l

> are then arranged by class label. The
statistical analysis �nally compares the mean value of these< gW̃l ;F̃ l

> between the different
classes, the null hypothesisH0 being “the mean value of the< gW̃l ;F̃ l

> is not different between
the classes”. The obtained statistics is used as the value of the �tness function F. Thus,
algorithm 1 selects the values ofs f andsv that maximize the discriminative power of a given
W̃l . Naturally, this procedure is performed for each pairWl . It is worth noting that a gradient
ascent optimization seems appropriate as we experimentally observed that the�tness function
F was not monotonic. Rather, this �tness function generally had an optimum forsmall values
of thes parameter.

Implementation: For the �tness functionF, we used as the statistical analysis a t-test for
binary BCI and an ANOVA for multiclass BCI. These tests are the same ones as those used
during the �rst training step (see 2.3.4). Concerning the values ofef ;ev; l f andl v, we per-
formed extensive experimental tests and found thatef = ev = 0:0001 andl f = l v = 10� 5 were
appropriate values. We used these values in all our experiments.
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Algorithm 1 Adaptive gradient ascent algorithm (ef ,ev,l f ,l v)

1: newF F(sv;s f )
2: repeat
3: {dealing with the frequency domain}
4: oldF  newF
5: DFf  F(sv;s f ) � F(sv;s f + ef ) {estimating the partial derivative with respect tos f }
6: s f  s f � l f

DFf
ef

{gradient ascent}
7: newF F(sv;s f )
8: {Adaptation of the learning ratel f }
9: if newF< oldF then

10: l f  l f
2

11: else
12: l f  l f + 0:1l f

13: end if
14: {dealing with the space domain}
15: oldF  newF
16: DFv  F(sv;s f ) � F(sv + ev;s f ) {estimating the partial derivative with respect tosv}
17: sv  sv � l v

DFv
ev

{gradient ascent}
18: newF F(sv;s f )
19: {Adaptation of the learning ratel v}
20: if newF< oldF then
21: l v  l v

2
22: else
23: l v  l v + 0:1l v

24: end if
25: until j DFf

ef
j � 0:001 andj DFv

ev
j � 0:001

At the end of this of�ine training, a set of fuzzy ROĨWl associated to fuzzy frequency
bandsF̃ l has been identi�ed. They can now be used for feature extraction, possibly online.

2.3.7 Feature Extraction with FuRIA

Once the training is achieved, feature extraction with FuRIA consists in computing the current
density in each fuzzy ROI and fuzzy frequency band and in using thesecurrent density values
as features. More formally, it consists in �ltering the EEG signalsm(t), once for each one
of the Nw fuzzy ROI W̃l obtained, using the FIR or IIR �lter corresponding tõF l . Then,
< gW̃l ;F̃ l

> , the current density iñWl , is computed using Eq. 2.11 and averaged over a given
time window and log-transformed as in Eq. 2.7. TheNw current densities< gW̃l ;F̃ l

> are then
concatenated into aNw dimensional feature vector[< gW̃1;F̃ 1

>;< gW̃2;F̃ 2
>; : : : ;< gW̃Nw ;F̃ Nw

> ].
Such a feature vector can then be used as an input of any classi�er, e.g., a Support Vector
Machine, this classi�er being in charge of estimating the class ofm(t). Figure 2.2 summarizes
the principle of feature extraction using FuRIA.
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Figure 2.2: Feature extraction with FuRIA.

2.3.8 Model selection

The presented implementation of FuRIA has two hyperparameters: the threshold a used for
the statistical analysis and the smoothing parameterH of the Mean Shift clustering algorithm.
The values of these hyperparameters have an impact on the number of featuresNw and on the
extension and shape of the ROI and frequency bands. As this impacts the performance of the
recognition algorithm, we must select the most appropriate hyperparameters. A solution could
be to test several values forH anda and select the couple that enables the best classi�cation on
a training set, estimated using a given classi�er and cross validation. However, we noticed that
this method favors models with numerous features, which is not desirable. Furthermore, we
observed experimentally that there were generally models with a classi�cation accuracy only
slightly lower than the best one, but with much less features. Indeed, if we plot the number of
features versus the classi�cation accuracy, the resulting curve tends tobe relatively �at for large
numbers of features, and suddendly decreases for a smaller number offeatures (see Figure 2.3).

Ideally, we would like to use the model corresponding to the point of the curve situated
just before this sudden decrease of classi�cation accuracy (point A,in blue, on Figure 2.3),
as it would be the best tradeoff between a high classi�cation accuracy and a small number of
features. Indeed, we believe that such a model with few features shouldbe prefered as it is
probably more robust, less computationally demanding, more easily interpretable and it should
ease the training of the classi�er. Consequently, we propose a simple modelselection criterion
Cp:

Cp = 2� Acccv � Nw (2.16)

whereAcccv is the accuracy (in percent) obtained using cross validation on a training set. The
model with the highestCp is the one that should be prefered. Thus, this criterion is still based
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Figure 2.3: Example of a plot of the number of features versus the 10*10 fold cross validation
accuracy of several models obtained with FuRIA. The point A corresponds to the model we
would like to automatically select, as this model has the best tradeoff between a small number
of features and a good classi�cation accuracy. This plot corresponds to the data of subject S1
from the BCI competition 2005 (see Section 2.4.1.2).

on cross validation but it penalizes models with many features. We also consider that models
with a number of features lower than the number of mental states should be avoided. Actually,
we consider that a mental state is generated by at least one brain region. It should be noted that
we also tested model selection criterions such as the Akaike Information Criterion (AIC) or the
Bayesian Information Criterion (BIC) [Zuc00]. Unfortunatly, they werenot able to select the
desired model as described above. If needed, the terms in theCp criterion could be weighted
in a different way so as to favor either models with a high cross-validation accuracy or sparse
models. However, we observed that, as such, this criterion gave satisfactory results in practice.
This is shown in the next section which is devoted to the evaluation of FuRIA.

2.4 Evaluations of FuRIA

These evaluations have two objectives. First we want to assess the impactof the different hyper-
parameters as well as the contribution of the fuzzi�cation processes on theperformances. Then
we also want to globally assess the ef�ciency of FuRIA, by comparing a BCI based on FuRIA
with other state-of-the-art BCI systems used during BCI competitions.

In order to assess FuRIA, we evaluated it on four different subjects,available from two
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data sets of the BCI competitions 2003 and 2005. For all these evaluations, we worked with a
standard head model, composed of three concentric spheres and containing 2394 voxels. This
head model has been obtained using LORETA-Key, a software dedicatedto inverse solutions
which has been developed by Pascual-Marqui (see [PM] for more details on this software). For
the training of FuRIA, we considered the frequencies located in the 3-45 Hz frequency band
with a step of 1 Hz between two consecutive frequencies. Concerning theMCR tests, we used
a value of 1000 for the number of random permutations. The features were classi�ed using
a gaussian Support Vector Machine (SVM), as SVM is one of the most popular and ef�cient
classi�ers used for BCI [LCL+ 07] (see also section 1.6.2.2). When dealing with multiclass
problems, several SVM were combined using the One-Versus-the-Rest(OVR) scheme in order
to design a multi-class classi�er. The optimal SVM hyperparameters were selected using 10*10
fold strati�ed cross validation. The description of the data sets and the results obtained are
presented in the following sections.

2.4.1 EEG data sets

2.4.1.1 BCI competition 2003 - data set IV

The �rst data set used was the EEG data set IV of the BCI competition 2003 [BMC+ 04], pro-
vided by the Berlin group [BCM02]. These data contain EEG signals recorded while a subject
was performing self-paced left and right �nger tapping tasks. EEG signals were sampled at
100 Hz, recorded using 28 electrodes and comprised the 500 ms before the actual movement.
314 trials were available for training and 100 for testing. The goal of the competitors was to
forecast, for each trial, the hand that was used. For this data set, we used FuRIA to learn and
extract features on the last 250 ms time window of the data, i.e., we usedt0 = 25 andNs = 25
in Eq. 2.7. According to several studies, this time window should be the most informative
[BCM02, WZL+ 04, CLL06]. According to a previous study on the same data set [CLL06], we
chose a sLORETA regularization parameteraR = 1000. Here, we used FIR and IIR �lters with
24 points and an order 8 respectively.

2.4.1.2 BCI competition 2005 - data set IIIa

The second data set used was the EEG data set IIIa of the BCI competition 2005 [BMK+ 06],
provided by the Graz group [SLBP05]. These data were recorded while three subjects S1,
S2 and S3, were performing a 4-class motor imagery task. They were instructed to imagine
left hand, right hand, foot or tongue movements. For both training and testing, 60 trials were
available per class. Trials were sampled a 256 Hz and were recorded using 60 electrodes. Each
trial lasted 7 seconds, without taking into account the inter trial periods of random lengths. The
subjects were instructed to perform the motor imagery tasks during the last 3 seconds of each
trial. For all subjects, we subsampled the data at 128 Hz, and used as time window for FuRIA
these last 3 seconds, i.e., we usedt0 = 512 andNs = 384 in Eq. 2.7. For training FuRIA, we
ignored all trials contaminated by artifacts, leaving approximatly between 25 and 45 trials per
class, depending on the subject. We usedaR = 100 as the sLORETA regularization parameter.
Here, we used FIR and IIR �lters with 50 points and an order 10 respectively.
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2.4.2 Evaluation of the in�uence of hyperparameters and fuzzi�cation processes

In our implementation of FuRIA, two hyperparameters should be de�ned by the user: 1)a the
signi�cance threshold used in the statistical analysis of the �rst training step(see Section 2.3.4)
and 2)H, the smoothing parameters used in Mean Shift during the second training step(see
Section 2.3.5). In this section, we evaluated FuRIA for different values of the hyperparameter
a, among {0.01, 0.05, 0.1, 0.25, 0.5}, and different values of the hyperparameterH, among
{0.75, 1, 1.25, 1.5, 1.75, 2}. The goal was to assess the impact of these hyperparameters on
the classi�cation performances and on the number of generated features. Actually, we wanted
to assess how FuRIA would behave and how it would accomodate voxels and frequencies with
a very low discriminative power and how the fuzzi�cation concept could use the available
information. For all these data sets we also compared the results obtained when using FuRIA
without the fuzzi�cation process (i.e., using only crisp ROI and frequency bands), with only
the spatial fuzzi�cation, with only the frequential fuzzi�cation and with the full (spatial and
frequential) fuzzi�cation. In the following, these four conditions will be denoted as “Raw”,
“Freq”, “Space” and “All” respectively. We also computed the results for both FIR and IIR
�lters. For a matter of consiceness, only the results for the kind of �lter thatgave the best results
are presented in this chapter. However, the complete and detailled results for all methods,
subjects, conditions and �lter types are displayed in Annex C. For each data set, the SVM
classi�er was trained on the features learnt and extracted by FuRIA on the training set, and
used to classify the available test set using these features.

2.4.2.1 BCI competition 2003 - data set IV

Tables 2.1 and 2.2 display the mean classi�cation accuracies obtained on the test set when
using FuRIA with FIR �lters, for different values ofa andH respectively. The mean number
of features (denoted as “NbFeat”) is also displayed. In each table of thissection, the best result
for each condition and each subject is displayed in bold �gures. The differences between the
Raw condition and the fuzzy conditions, as revealed by a paired t-test, showed that all the fuzzy
conditions performed better than the raw condition on average. However,this difference is only
signi�cant for the “All” ( p < 0:05) and “Space” (p << 0:01) conditions.

Table 2.1: Data set IV, BCI competition 2003, test set: classi�cation accuracy (%) and number
of features for different values ofa, averaged over the different values ofH.

Average number
a of features Raw Freq Space All

0.01 10.17 80.5 81 82 80.33
0.05 10.17 79.5 80.67 82.67 82.5
0.1 9.17 77 78.17 84.67 81.83
0.25 9.67 76.67 77.17 83.17 76.17
0.5 8.83 72.17 74.83 78 77.33
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Table 2.2: Data set IV, BCI competition 2003, test set: classi�cation accuracy (%) and number
of features for different values ofH, averaged over the different values ofa.

Average number
H of features Raw Freq Space All

0.75 31.8 83.6 82 83.4 82.6
1 12.6 80.2 79.6 82.6 80.8

1.25 6.4 78.2 79 82.6 79.2
1.5 2.8 74.4 76.8 80 78.4
1.75 2 73.2 76.6 82 78.2

2 2 73.4 76.2 82 78.6

2.4.2.2 BCI competition 2005 - data set IIIa

Tables 2.3 and 2.4 display the mean classi�cation accuracies obtained for each of the three
subjects on the test set, for different values ofa and H respectively. Please note that, for
subject S2, no results are presented fora = 0:01 as no pairwk was found signi�cant with this
threshold. Here again, only the results obtained with the best �lter are displayed, that is IIR
�lters for S1 and S2 and FIR �lters for S3. The complete results can be found in Annex C.
The statistical differences between the Raw condition and the fuzzy conditions, obtained using
a paired t-test, are displayed in Table 2.5.

Table 2.3: Data set IIIa, BCI competition 2005, test set: classi�cation accuracy (%) and number
of features for different values ofa, averaged over the different values ofH.

Average number
Subject a of features Raw Freq Space All

0.01 9.17 75.28 76.02 74.26 73.15
0.05 9.33 77.96 79.63 76.76 78.46

S1 0.1 10.67 75.93 77.22 79.17 77.78
0.25 7.83 60.93 67.96 72.31 68.98
0.5 9 62.13 66.76 75.19 71.39
0.05 7.83 54.58 44.31 58.19 55.278
0.1 11.17 53.33 50.97 57.78 56.11

S2 0.25 11.67 50.97 43.89 47.22 45.69
0.5 14.67 50.83 47.92 50.69 51.39
0.01 6.17 71.67 69.72 71.94 68.75
0.05 9.83 73.06 76.94 70.42 77.78

S3 0.1 9.17 70.42 72.08 72.92 72.5
0.25 11.83 66.39 75 67.92 68.75
0.5 12.5 64.17 71.39 68.47 67.08
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Table 2.4: Data set IIIa, BCI competition 2005, test set: classi�cation accuracy (%) and number
of features for different values ofH, averaged over the different values ofa.

Average number
Subject H of features Raw Freq Space All

0.75 25.4 86.22 88.67 87.44 89.33
1 12.2 84.22 85.67 86.56 85.89

S1 1.25 7.2 77.44 79.33 79.11 77.66
1.5 5 70.89 73.67 76.11 72.66
1.75 3.2 58.56 62.33 68.11 63.56

2 2.2 45.33 51.44 55.89 54.56
0.75 23.6 61.39 49.44 60.83 56.94

1 13 58.96 51.46 58.33 56.25
S2 1.25 8.6 57.50 55.28 56.67 55.83

1.5 5.2 54.44 53.06 55.56 55
1.75 2.6 55.56 53.89 56.67 55

2 1.4 56.11 45.83 54.44 50
0.75 26 81.67 80.17 83.5 81

1 13.4 78.33 80 80 80.17
S3 1.25 7.6 76 78.5 78.17 79.5

1.5 5.6 74.33 78.5 77.83 79.83
1.75 4 55.5 63.83 51.83 58.33

2 2.8 49 57.17 50.67 47

2.4.2.3 Discussion

We performed a paired t-test to investigate the overall statistical differences between all the
conditions, across all subjects and all hyperperparameter values. Thisrevealed that globally,
all fuzzy conditions performed better than the “Raw” one, and that this difference was signif-
icant (p < 0:001). This suggests that for a given set of ROI and frequency bands, fuzzifying
them is likely to increase their classi�cation performances. However, both the “Space” and
“All” conditions performed signi�cantly better than the “Freq” one (p < 0:05). There was no
signi�cant difference between these two conditions (p > 0:05), even though the “Space” con-
dition gave slightly better results than the “All” one, on average. An interpretation is that the
spatial and full fuzzi�cations are quite robust, as they increase performances on all subjects
tested (except subject S2 for the “All” condition), even though this increase was sometimes
not signi�cant. On the contrary, the frequential fuzzi�cation increasesthe performances on
some subjects, sometimes more than the “Space” and “All” conditions (e.g., subject S3) and
decreases them on other subjects. As such, the frequential fuzzi�cation appears as less ro-
bust. We then suggest to use, by default, the spatial fuzzi�cation only, orto try the different
fuzzi�cations and select the most appropriate one for a given subject.

Concerning the effects of the thresholda, it can be noticed that the “Raw” condition
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Table 2.5: Data set IIIa, BCI competition 2005: comparison of the raw versus the fuzzy con-
ditions. A negative t-value indicates that the fuzzy condition is more ef�cientthan the raw
one.

subject value Freq Space All
S1 t-value -3.56 -2.81 -2.20

p-value < 0:001 < 0:01 < 0:05
S2 t-value 4.15 -0.69 0.20

p-value < 0:001 > 0:05 > 0:05
S3 t-value -2.82 -1.03 -1.61

p-value < 0:01 > 0:05 > 0:05

reached its best performances using the traditional valuesa = 0:01 or a = 0:05 whereas the
fuzzy conditions generally reached their best results for the valuesa = 0:05 ora = 0:1. This
suggests that the fuzzi�cation process enables to use ef�ciently the information contained in
less discriminant voxels and frequencies in order to improve the performances. Regarding the
results for the hyperparameterH, the best accuracy is almost always obtained for the lowest
value ofH. However, accuracies very close to these ones can be obtained with higher value
of H and hence, much less features. This supports the use of the previously proposed model
selection criterion which penalizes models with a large number of features (see section 2.3.8).

We noticed that, depending on the subject, either FIR or IIR �lters gave the best results.
This highlights the well known inter-subject variability in the BCI �eld. Hence,preliminary
tests must be performed in order to �nd the best �lter for a given subject.

2.4.3 Comparison with BCI competition results

In the previous section, we have assessed the effects of the differentfuzzi�cation processes.
In this section, we assess the global ef�ciency of the FuRIA features bycomparing a BCI
based on FuRIA features with BCI used by the BCI competition participants. To perform
this comparison, we needed to select some parameters without the knowledgeof the test set.
Consequently, we only relied on cross validation scores on the available training sets. Thus,
we selected the kind of �lter (FIR or IIR) and the kind of fuzzi�cation (spatial, frequential or
both) according to their average cross validation score on the training set.To select the optimal
hyperparametersH anda, we relied on the model selection criterion proposed in section 2.3.8,
Equation 2.16.

2.4.3.1 BCI competition 2003 - data set IV

Based only on the training set, the parameter selection procedure described above found that
H = 1:75, a = 0:05, FIR �lters and only the spatial fuzzi�cation was the most appropriate
con�guration. This resulted in only 2 features. These parameters led to anaccuracy of 84%
on the test set, that is, exactly the same score as the winner of the competition [WZL+ 04].
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This suggests that the method is ef�cient, especially when considering the fact that only two
features were used.

Fig. 2.4 displays the two ROI and frequency bands learnt by FuRIA. Interestingly, these
ROI lie in the left and right motor areas, and the frequency bands lie in theb (' 13-30 Hz)
band, which is consistent with the literature on the subject [WZL+ 04, CLL06, PdS99]. This
suggests that the FuRIA features are interpretable features, which canbe used to check what
has been learnt or even to extract knowledge about the brain dynamics.

14-31 Hz 14-28 Hz

Figure 2.4: The fuzzy ROI (in red) and their corresponding frequency bands that were auto-
matically obtained by using FuRIA for data set IV of BCI competition 2003. Thebrighter the
red color of the voxel, the higher the voxel degree of membershipµSl(v j ). The brain is seen
from the top, nose up. These pictures were obtained with the LORETA-Keysoftware [PM].

2.4.3.2 BCI competition 2005 - data set IIIa

Table 2.6 sums up the parameters used for each subject and selected usingonly the training set.
The resulting number of features is also displayed. Concerning this data set, the goal of the

Table 2.6: Parameters used for data set IIIa from BCI competition 2005 (%)

H a �lter kind fuzzi�cation feature number
S1 1 0.5 IIR fuzzy space 11
S2 1 0.05 IIR fuzzy space 12
S3 1.25 0.1 FIR all fuzzy 5

participants was to provide a continuous classi�cation, i.e., a class label foreach time point.
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However, this was still a synchronous BCI classi�cation task, as the motor imagery tasks were
performed during known time periods, here from second 4 to second 7 ofeach trial. Hence,
the FuRIA features were �rst learnt on the time window from second 4 to second 7 of each
trial. Concerning the classi�cation of the test set trials, we classi�ed each timepoint from
second 4 to second 7 of each trial, as requested by the competition rules. Weclassi�ed each
point by using the FuRIA features extracted from the 1 second window preceding this point.
Classi�cation outputs were also aggregated across time, which is known to improve accuracy
[LCL+ 07, LSC06]. In order to do so we used a different multiclass Gaussian SVM (made
of several binary SVM combined using the one-versus-the-rest scheme) for each single time
point of the trial period from second 4 to second 7. These SVM were trained on the FuRIA
features extracted on the 1 second window preceding their corresponding time point. Then, to
classify a given time point, the �nal outputOf (t) at timet was estimated by using the individual
outputsOi(t) of the SVM corresponding to the previous time points situated from second 4 to
the present time point:

Of (t) =
t

å
k= 0

wkOi(k) (2.17)

where the outputsOi are vectors containing the output of each SVM used in the one-versus-
the-rest scheme (i.e., one output per class). Here,t = 0 corresponds to the second 4 of the
trial. We de�nedwk = Acccv � 25 with Acccv being the 10*10 fold cross validation accuracy
(in percent) on the training set. Hence, this method is a weighted combination of classi�cation
outputs across time. These weights were chosen so as to ignore contributions from randomly
performing classi�ers (with a cross validation error of 25 %, as there are4 classes) and empha-
size contributions of well performing classi�ers. The �nal classCf attributed to a given pointt
was the one for whichCf = argmax(Of (t)) .

As continuous classi�cation was used, a classi�cation accuracy could becomputed for each
time point. The performance measure used was the maximal classi�cation accuracy. Perfor-
mances obtained using our methods as well as performances obtained by BCI competition 2005
participants on data set IIIa [Sch05] are reported for comparisons in table 2.7. All these par-
ticipants also used SVM as classi�ers (combined with other classi�ers for the2nd participant).
For feature extraction, they all used a frequential information (band-pass �lters or amplitude
spectra) combined with spatial �lters such as common spatial patterns, independant component
analysis, principal component analysis and/or surface Laplacian [BMK+ 06]. Results obtained
by Schlöglet al when using an SVM as classi�er and adaptive autoregressive parameters as
features on the same data sets are also displayed [SLBP05]. However, these results are the
leave-one-out cross validation accuracy over all the data, and not theclassi�cation accuracy on
the test set. As such they should just be used for information, and not forcomparison.

As shown by table 2.7, our method outperformed the one of the winner of the competition
on 2 subjects out of 3 and even reached the best score among all participants on subject 3. How-
ever, the winner reached a really impressive score on subject 2 (the “worst” subject according
to the general performances), leading him to the best overall results. Wehad to withdraw a
large part of the EEG data from subject 2, as they were contamined by artifacts. This small
amount of training data used may explain why FuRIA has been outperformedby the winner on
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Table 2.7: Maximal classi�cation accuracy for the test sets of data set IIIa from BCI competi-
tion 2005 (%)

S1 S2 S3 Mean
Winner 86.67 81.67 85.00 84.44

2nd 92.78 57.50 78.33 76.20
3rd 96.11 55.83 64.17 72.04

FuRIA 90.56 69.17 88.33 82.68
Schlöglet al [SLBP05] 77.2 52.4 53.9 61.17

this subject. Globally, our method reached the second position, with a score only slightly lower
than the one of the winner. This shows the ef�ciency of FuRIA, especiallywhen considering
the small number of features used.

Fig. 2.5 displays the fuzzy ROI and corresponding fuzzy frequency bands automatically
learnt by FuRIA for subject 3. What can be noticed here is that the fuzzy ROI identi�ed as
relevant are located in the left and right motor areas, for frequency bands clearly within theµ
(8-13 Hz) andb (13-30 Hz) rhythms. This is consistent with the literature on motor imagery
[PdS99, PBSdS06, EGN03] which, again, enhances the interpretability of the extracted fea-
tures. It should be noted that we have used, within sLORETA, a standardand non-realistic
head model. Indeed, this model represents the head as three concentric spheres. In order to
reach a more accurate and more exact source localization, and, as such, a better interpretabil-
ity, it would be interesting to use a realistic head model which corresponds to each subject's
anatomy. More precisely, it would be interesting to work with a head model generated from
MRI (Magnetic Resonance Imaging) scans of each subject's head. Unfortunately, such scans
were not available for these data.

2.5 Conclusion

This chapter has presented FuRIA (Fuzzy Region of Interest Activity), a trainable feature ex-
traction algorithm for Brain-Computer Interfaces which is based on inverse solutions. This al-
gorithm can be trained to automatically identify relevant regions of interest and their associated
frequency bands for the discrimination of mental tasks, in binary as well asin multiclass BCI.
To our best knowledge, FuRIA is currently the only method which can automatically identify
relevant brain ROI and frequency bands for mental state classi�cation in noninvasive BCI. This
chapter also introduced the concepts of fuzzy ROI and fuzzy frequency bands which enabled to
use ef�ciently the available information and, thus, to increase the classi�cation performances.

The evaluation of the proposed method, using sLORETA as the inverse solution and an
SVM as classi�er, showed its ef�ciency. Actually, the obtained results were comparable with
those of BCI competition winners. A possible interpretation is that the inverse solution, com-
bined with the FuRIA training, acts as a spatial �lter that removes the background activity and
the noise not correlated with the targeted mental tasks. As such it focuses on relevant, subject-
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Figure 2.5: The fuzzy ROI (in red) and their corresponding fuzzy frequency band (which is
equivalent to the �lter magnitude response) that were automatically obtained by using FuRIA,
on subject 3 from data set IIIa of BCI competition 2005. The brighter the voxel red color, the
higher the voxel degree of membershipµSl(v j ). The brain is seen from the top, nose up. These
pictures were obtained with the LORETA-Key software [PM].

speci�c, brain activity features. An additionnal advantage of FuRIA is the interpretability of the
learnt and extracted features, which simply correspond to the activity in speci�c brain regions
and frequency bands. As such FuRIA is a possible solution to a problem raised by the BCI
community, namely, the lack of insights and interpretation that can be gained from currently
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employed features [MAM+ 06]. The main drawback of FuRIA is its long training process. In-
deed, the discriminative power of several voxels and frequencies should be investigated, which
can be long if the number of voxels, electrodes or training data is large, andif time consum-
ing statistical analysis such as the ones based on permutation tests are used.However, as this
training is performed of�ine, this point does not seem critical. It should also be mentioned that
in order to use an inverse-solution based method such as FuRIA, a relatively large number of
electrodes is necessary.

By designing FuRIA, we have proposed a solution for building more ef�cient and inter-
pretable BCI systems by working at the preprocessing and feature extraction level. In order
to build a fully interpretable BCI system and possibly an even more ef�cient one, it is also
necessary to work at the classi�cation level. The next chapter of this manuscript is dedicated
to this point.
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Chapter 3

Classi�cation: Studying the Use of
Fuzzy Inference Systems for Motor
Imagery-based BCI

3.1 Introduction

The BCI community has stressed the need to explore signal processing techniques which could
lead to more ef�cient BCI from which we can extract knowledge [MAM+ 06]. The previous
chapter of this manuscript tackled the problem at the preprocessing and feature extraction lev-
els. In this chapter we focus on the classi�cation part. More precisely, thischapter focuses
on a classi�er known as a Fuzzy Inference System (FIS) and study its use for classi�cation in
EEG-based BCI. Indeed, as mentioned in the introduction of this manuscript,FIS have several
advantages which make them promising classi�ers for BCI design. In this chapter, we study
FIS for classifying popular EEG signals: motor imagery. More precisely, we study FIS on
four points: (1) the performances of FIS (Section 3.4), for which we conducted a comparative
analysis with other popular classi�ers, (2) the interpretability of FIS (Section 3.5), (3) the pos-
sibility to add a priori knowledge to the FIS (Section 3.6), and (4) the ability of FIS to reject
outliers (Section 3.7). The next two sections of this chapter describe respectively the speci�c
FIS that we used in these studies as well as the data (EEG signals and features) employed. The
four studies mentioned above are described in the four remaining sections.

3.2 Fuzzy Inference System employed: the FIS of Chiu

In the literature, numerous kinds of Fuzzy Inference Systems are available [Gui01, Nau97].
Among them, we chose the Chiu's FIS (CFIS) [Chi97a, Chi97b]. Indeed,CFIS is robust to
noise, which is fundamental when dealing with such noisy data as EEG signals. Moreover, ac-
cording to Chiu, the CFIS is generally more ef�cient than neural networkswhich are classi�ers
that have been succesfully used in numerous BCI studies [LCL+ 07]. Finally, it is a clustering-
based FIS, making it suitable for dealing with small training sets [Gui01], whichis also very
relevant for BCI design [LCL+ 07].

89
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3.2.1 Extraction of fuzzy rules

The fuzzy rules of a FIS are generally designed by hand or automatically extracted from data
(or both). With the CFIS, three steps are required to automatically extract thefuzzy “if-then”
rules from data: clustering of training data, generation of initial fuzzy rules and optimization
of fuzzy rules.

3.2.1.1 Clustering of training data

A clustering algorithm known as “substractive clustering” [Chi97b] is applied to the training
data of each class separately. The training data must be normalized in orderto be bounded by
a unit hypercube. The �rst step of the clustering algorithm consists in computing the potential
Pi of each data pointXi , using the following equation:

Pi =
n

å
j= 1

e
� 4

R2
a

jjXi � X j jj2

(3.1)

wheren is the number of training data for the considered class,Ra represents the normalized
radius of the clusters and must be speci�ed by the user, andjj :jj is the euclidean distance.

Then, the pointXk with the highest potentialP�
k is de�ned as the center of the �rst cluster.

This computation ensures that the center (i.e., a point with a high potential) is a point that has
many close neighbors. As such, it prevents outliers from being a center and/or modifying the
position of the center.

The second step consists in revising the potential of all the data points according to the
cluster centerXk obtained previously:

Pi ( Pi � P�
k e

� 4
(1:25Ra)2

jjXi � Xkjj2

(3.2)

The point with the highest revised potential is then selected to be the next cluster center.
The revising of the potentials prevents centers of clusters from being too close. This process of
revision/selection is repeated until the potentials of all the data points are belowa given thresh-
old. Such a method enables to �nd automatically the number of clusters and their positions.

3.2.1.2 Generation of the fuzzy rules

A fuzzy “if-then” rule is generated for each cluster found previously.For a given clusterj,
belonging to classCli , the generated fuzzy rule is:

if X1 is Aj1 and: : : and XN is AjN then class is Cli

whereN is the dimensionality of the data,Xk is thekth element of a feature vectorX andA jk is
a Gaussian membership function:

A jk(Xk) = e
� 1

2 (
Xk� xjk

s jk
)2

(3.3)
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wherex jk is thekth element of the vector representing the center of the cluster, ands jk is a
positive constant which is initially the same for allA jk. To increase accuracy, the membership
functions can be “two-sided” Gaussians with a plateau and a different standard deviation on
each side (see Fig. 3.1).

Figure 3.1: A two-sided Gaussian function, with meansxl andxr and standard deviationss l

ands r .

The degree of ful�llmentµ j (X) of a rule j is computed as follows:

µ j (X) =
N

Õ
k= 1

A jk(Xk) (3.4)

Thus, the standard multiplication is used here as theandoperator.

3.2.1.3 Optimization of the fuzzy rules

Last, each membership functionA jk is tuned according to gradient descent formulas [Chi97a]:

x jk ( x jk � l µ j
(1� µc;max+ µ: c;max)(Xk � x jk)

s2
jk

(3.5)

s jk ( s jk � l µ j
(1� µc;max+ µ: c;max)(Xk � x jk)2

s3
jk

(3.6)

wherel is a positive learning rate which must be de�ned by the user,c is the class of the feature
vectorX, µc;max is the highest degree of ful�llment among the rules that assignXk to the classc,
andµ: c;max the highest degree of ful�llment among the rules that do not assignXk to the class
c. Only the fuzzy rules corresponding toµc;max andµ: c;max are optimized. In Equations 3.5
and 3.6, the “+” sign is used for the rule corresponding toµc;max and the “-” sign for the one
corresponding toµ: c;max.
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3.2.2 Classi�cation

Once trained, the FIS can use its set of fuzzy rules to classify any new feature vectorX. The
class assigned toX corresponds to the class associated with the rulej for which µ j (X) of
Equation 3.4 is the highest.

3.3 Motor imagery EEG data

In order to evaluate the use of Fuzzy Inference Systems for BCI, we used popular EEG signals:
motor imagery data. This section describes both the data sets of EEG motor imagery that we
used and the features that we extracted from them.

3.3.1 EEG data

The data used for this study correspond to the EEG data set IIIb of the BCI competition 2005
[BMK + 06]. This data set gathers the EEG signals recorded from three subjectswho had to
imagine left or right hand movements. Hence, the two classes to be identi�ed were “Left” and
“Right”.

The EEG signals were recorded by the Graz group [PN01, SNP02], using bipolar elec-
trodes at positions C3 and C4, and were �ltered between 0.5 Hz and 30 Hz.We did not perform
additionnal preprocessing before feature extraction. Subject 1 took part in a virtual reality ex-
periment [LSL+ 04] in which the detection of left or right imagined hand movements triggered
a camera rotation towards the left or right respectively, in a virtual room. Subjects 2 and 3 took
part in a “basket” experiment in which the detection of left or right hand movements made a
falling ball displayed on the screen, move towards the left or the right. The aim was to reach
one of the two baskets located at the bottom left and bottom right of the screen [VSCP04].

For subject 1, 320 trials were available in the training set, whereas the test set was composed
of 159 trials. For subjects 2 and 3, both the training and the test sets were composed of 540
trials. Each trial was 8 seconds long, and was divided as follows: duringthe �rst two seconds, a
blank screen was presented to the subject. At second 3, a visual cue was presented to the subject
in order to tell him which imagined hand movement he should start performing immediately.
Finally, the data from second 4 to 8, for subject 1, or from second 4 to 7 for subjects 2 and
3, were used to provide feedback to the subject, according to the imagined hand movement
detected. This feedback was either the rotation of the virtual environment, for subject 1, or the
movement of the ball for subjects 2 and 3. More details about this data set can be found in
[BMK + 06].

3.3.2 Feature extraction method

For further classi�cation, it is �rst necessary to extract features from these EEG signals. In
order to do so, we chose to use Band Power (BP) features since such features are known to be
ef�cient for motor imagery classi�cation (see section 1.5.2.1) [PN01].

The main drawback of such features is that subject-speci�c frequencybands, in which the
BP is to be computed, must be identi�ed before use. Actually, the optimal frequencies for
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discriminating between left and right hand movements vary from subject to subject [PN01].
Moreover, and independently from the features used, it is necessaryto identify, for each sub-
ject, the optimal time window in which to extract the features in order to achieve maximal
discrimination. This time window is located, for each trial, after the start of the feedback pre-
sentation, i.e., after second 4. It is indeed the period in which the subject is performing motor
imagery.

3.3.2.1 Selection of optimal time window and frequency bands

In order to �nd the relevant time window and frequency bands, we used amethod based on
statistical analysis. It should be noted that these calibration steps were performed before enter-
ing the classi�cation procedures with the aim of identifying the frequency bands and the time
window to be used. Once identi�ed, these frequency bands and the time window were used
without modi�cation in the classi�cation procedure.

To identify the subject-speci�c frequency bands, we used a paired t-test which compared
the BP means between both classes, for every 2 Hz wide frequency bandbetween 1 Hz and 30
Hz, with a step of 1 Hz. As expected from the litterature [PN01], the frequencies for which the
BP achieved the best discrimination were found in theµ andb bands, which supports the use
of such features (see Figures 3.2 and 3.3).
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Figure 3.2: T statistics obtained with the BP features extracted for each frequency, from elec-
trode C3 with Subject 1, in the optimal time window (see below for the determination of this
time window). The dashed line represents the signi�cance threshold fora = 0:01.

Adjacent signi�cant frequencies (with probability of type I error belowa = 0:01) were
gathered into a single frequency band. Then, for every frequency band, ashrinkingstep was
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Figure 3.3: T statistics obtained with the BP features extracted for each frequency, from elec-
trode C4 with Subject 1, in the optimal time window (see below for the determination of this
time window). The dashed line represents the signi�cance threshold fora = 0:01.

performed which consisted in reducing the frequency band (making it 1 Hzshorter) and com-
puting a new statistics for this band. If the new statistics was higher than the previous one, the
shrunk frequency band was selected. The shrinking process was repeated until the statistics
could not be increased any further.

To identify the optimal time window in which to extract the BP features, we performed the
statistical analysis mentioned above for several time windows, and selected the one with the
highest mean value of signi�cant statistics.

3.3.2.2 Features extracted

The parameters used for BP feature extraction are summed up in Table 3.1. In this table, the
window start value is given in seconds after the start of the feedback presentation.

Thus, this BP feature extraction method represents each trial by a four dimensional feature
vector:[C3µ;C3b;C4µ;C4b] in whichCpy is the BP value for electrodeCpin they band. These
feature vectors will be used as input data for the following classi�cation step.

3.4 First study: Performances

In this section we study the performance of the CFIS for motor-imagery classi�cation. In
order to do so, we compared the performance of CFIS with that of three classi�ers widely
used in the BCI community. Two performance measures were computed: 1) accuracy, i.e.,
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Table 3.1: Parameters of band power feature extraction for each subject.

Subject C3 C3 C4 C4 window window
µ band b band µ band b band start length
(Hz) (Hz) (Hz) (Hz) (s) (s)

1 11 21-29 11-13 21-27 0.4 2.5
2 8-13 20-24 11-14 20-29 1.4 1.5
3 9-12 21-22 11-12 18-25 1.4 1.5

the percentage of correctly classi�ed feature vectors and 2) the mutual information, which
compares the amount of information carried by the classi�er output and by the true class labels
[SNP02, SKSP03].

3.4.1 Classi�ers used for comparison

To assess the performance of the CFIS algorithm, we selected three popular classi�ers widely
used in the BCI community and which were shown to be the most accurate classi�ers in several
BCI experiments (see Section 1.6) [LCL+ 07]. The �rst classi�er was a non-linear SVM using a
Gaussian kernel [Bur98]. The second classi�er was a MLP with one hidden layer and sigmoid
activation functions [Bis96]. The third classi�er was a Perceptron, i.e, aLinear Classi�er (LC)
equivalent to LDA [DHS01].

The implementation of these three classi�ers was achieved using the Torch C++ library
[CBM02]. The optimal values for the hyperparameters (radiusRa for the CFIS, regulariza-
tion parameterC for the SVM, etc.) of MLP, LC, SVM and FIS were chosen using 10-fold
Cross Validation (CV). Two-sided Gaussians were used as membership functions for the CFIS.
These functions were found to give the best generalization performance on the training data.
This generalization was also estimated using 10-fold CV. The four classi�ers were trained on
the training sets of the motor imagery data described in Section 3.3, using the features afore-
mentioned.

3.4.2 Accuracy and Mutual Information

Table 3.2 displays the average accuracy and Mutual Information (MI) [SNP02] obtained by
each classi�er on each subject's test set.

In terms of accuracy, the results showed that CFIS outperformed LC andreached similar
results as SVM and MLP. Concerning MI, the results showed that CFIS performed better than
SVM and LC and was outperformed by MLP.

3.4.3 Conclusion

The accuracy reached by the CFIS algorithm makes it suitable for motor imagery-based BCI
applications. Indeed, concerning accuracy, the CFIS reached the same level of performance as
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Table 3.2: Accuracy (%) and Mutual Information (MI) of classi�ers
Subject CFIS SVM MLP LC

1 86.7� 1.6 86.8� 0.0 86.6� 0.3 84.1� 0.9
Acc. 2 74.7� 1.5 75.9� 0.5 75.5� 0.1 71.8� 1.8

3 75.7� 0.6 75.4� 0.5 74.6� 0.1 72.7� 2.0
Mean 79� 1.2 79.4� 0.3 78.9� 0.2 76.2� 1.6

1 0.49� 0.07 0.37� 0.12 0.63� 0.03 0.45� 0.03
MI 2 0.17� 0.00 0.20� 0.00 0.29� 0.02 0.19� 0.00

3 0.26� 0.01 0.24� 0.03 0.29� 0.04 0.20� 0.03
Mean 0.30� 0.03 0.27� 0.05 0.40� 0.03 0.28� 0.02

the most popular classi�ers used for BCI design. It should also be notedthat, due to its relative
computational simplicity, the CFIS is suitable for real-time use.

3.5 Second study: Interpretability

As seen previously, FIS are classi�ers that are known to be interpretable, i.e., the rules they
automatically learn to classify data can be read and interpreted by the user. In this section, we
study this interpretability in to order to assess if it can be of practical use forBCI purposes. In
order to do so, we will focus on the fuzzy rules extracted by the CFIS on our motor imagery
data.

3.5.1 Extracted fuzzy rules

The rules automatically extracted by the CFIS from the EEG data of subject 1 are displayed in
Figure 3.4. In this Table, each row represents a fuzzy rule and each column represents a feature.
As such, the function displayed in rowj and columnk is the fuzzy membership functionA jk,
i.e., the membership function for rulej and featureXk. Interestingly enough, only two fuzzy
rules were extracted for each subject.

3.5.2 Interpretation

The interpretation of the extracted rules displayed on Figure 3.4 is that the power for electrode
C3 in theµ andb bands during imagined right hand movements is smaller than that during
imagined left hand movements. A symmetric behaviour can be observed for electrode C4. In
EEG research, this phenomenon is known as contralateral Event RelatedDesynchronisation
(ERD) [PK92]. Actually, it is known that when a subject imagines a movementof one of his
hands, there is a decrease of energy in his motor cortex from the oppositeside of the hand used
[PK92].
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Figure 3.4: Fuzzy rules automatically extracted by CFIS for subject 1.

3.5.3 Conclusion

The interpretability of the CFIS has been studied here on properties of brain dynamics that
have been known for a long time. Even though noa priori knowledge was used for the training
phase, the CFIS was still able to automatically extract relevant information about ERD and to
display it in an understandable way. Such a possibility could be used to automatically extract
novel knowledge about the brain dynamics in BCI experiments. As the brainis still far from
being fully understood, this property appears to be very interesting [MAM+ 06].

3.6 Third study: Adding a priori knowledge

As mentioned earlier, an interesting property of FIS is the possibility they offer to design and
use Hand-Made Fuzzy Rules (HMFR) [Men95]. Indeed, as FIS algorithms are made of a set
of fuzzy rules, it is possible to add any kind of supplementary fuzzy “if-then” rule to them.
For instance, hand-made rules designed by experts in the �eld can be used asa priori infor-
mation and added to the set of rules extracted automatically. This section reports the study we
conducted on this point.

3.6.1 Conception of “hand-made” fuzzy rules

Onea priori knowledge concerning hand motor imagery EEG data concerns the presence of
contralateral ERD in theµ andb bands [PK92]. Speci�c hand-made rules that re�ect the mean-
ing of ERD could state that if the activity in theµ andb bands is higher in one electrode (C3
or C4) than in the other, then it means that the subject is imagining a movement of the hand of
the same side. Such rules could be formalized by a human expert as follows:

Rule 1: ifC4µ > C3µ andC4b > C3b then class is Right
Rule 2: ifC3µ > C4µ andC3b > C4b then class is Left
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To describe(Cpy � Cqy) > 0 (i.e.,Cpy > Cqy) using membership functions, we could use
the following functionh:

h(x) =
�

0 x � 0
1 x > 0

(3.7)

However,h is a crisp function, i.e., it is not a fuzzy function. To use a fuzzy function which
range is in [0,1] and not in {0,1} it is possible to introduce the well-known sigmoid functiong:

g(x) =
1

(1+ e� l x)
(3.8)

This function describes the same relationship ash, but in a “fuzzier” way. Besides, when
l ! � ¥ theng ! � h. Finally, two HMFR usingg as membership functions can be designed
to discriminate left or right imagined hand movements as displayed on Fig. 3.5.

if (C3µ - C4µ) is and (C3b - C4b) is
then
class

is

Rule 1

 1

 0
 1 0-1

 1

 0
 1 0-1

Right

Rule 2

 1

 0
 1 0-1

 1

 0
 1 0-1

Left

Figure 3.5: Hand-made fuzzy rules to classify motor imagery data

Using schemes of trials and errors on the training sets, the optimal value forl was chosen
to be� 21500 in the four membership functions. It should be noted that such rulescannot be
learnt by the CFIS as they describe relationships between features and not the properties of the
features.

3.6.2 Performance

We computed the accuracy of the proposed HMFR, as well as the averageaccuracy of a CFIS
that contains both automatically extracted rules and HMFR (see Table 3.3). This last classi�er
is denoted as CFIS+HMFR in the following. One should note that the accuracy obtained with
HMR is not an average value. There is no need to train the classi�er when using HMR. Con-
sequently, the FIS classi�er with hand made rules will always reach the sameaccuracy on a
given data set.
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Table 3.3: Accuracy (%) of trained CFIS versus FIS made of HMFR
Subject 1 2 3
HMFR 87.4% 66.5% 72.6%
CFIS 86.7� 1.6 74.7� 1.5 75.7� 0.6
CFIS+HMFR 88.1� 0.4 72.4� 1.0 75.6� 0.6

These results �rst show that the HMFR accuracy is much higher than chance, which means
that ef�cient HFMR using a priori knowledge on motor imagery can be designed and can
classify imagined hand movements.

The performance of the CFIS+HMFR classi�er are contrasted. Indeed, it reached a higher
accuracy than CFIS on Subject 1. This score is even higher than any other classi�er used
in Section 3.4.2 such as MLP or SVM. The result is opposite on Subject 2, asaccuracy of
CFIS+HMR is smaller than that of CFIS. No signi�cant difference can be observed on Subject
3. These results can be related to the accuracy obtained by the HMFR alone. Actually, it seems
that the HMFR giving good results alone can lead to an even better classi�erwhen combined
with automatically extracted rules, as seen with Subject 1 for instance. On the other hand,
the HMR giving relatively poor results alone, would probably reduce the performance of the
classi�er when combined with automatically extracted rules, e.g., for Subject 2.

3.6.3 Conclusion

This study suggested that it was possible to design HMFR that represent apriori knowledge
on motor imagery and use them within a BCI. It also seems that if the designed HMFR are
ef�cient, they may increase the performance of a FIS by being added to automatically learnt
rules. This result should be relevant to BCI research as it means FIS maybe able to exploit
knowledge that is present in the vast literature about EEG [MAM+ 06].

3.7 Fourth study: rejection of outliers

Outliers are feature vectors that do not correspond to any of the targeted mental tasks. They are
commonly recorded during a BCI experiment. These outliers should not be classi�ed since they
are likely to be associated with a wrong class label. To reduce the error rate, outliers should be
rejected, i.e., identi�ed as not belonging to any one of the targeted classes.Rejecting outliers
can also be particularly important in asynchronous BCI experiments in whichthe subject can
think about anything but the targeted mental tasks during the so-called “non-control” state (also
known as “idle” state) [TGP04, MKH+ 06].

In this section, we study the outlier rejection capabilities of the CFIS algorithm ascompared
to other classi�ers used in previous BCI experiments: SVM, MLP and LC classi�ers described
in Section 3.4.1.
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3.7.1 Method

To evaluate the CFIS outlier rejection capabilities, we generated arti�cial outliers by randomly
placing new feature vectors at a large distance from the feature vectorsof the test sets. This
distance was selected randomly from 2 to 4 times the standard deviation of all feature vectors.
This technique ensures that outliers lied outside the pattern of each class, as a reference to the
de�nition of an outlier given by Mooreet al [MM99]. We added 25% of such outliers to each
test set. A third class label was assigned to the outliers to ensure their classi�cation would
increase the error rate.

For the CFIS, a feature vector was rejected if the highest degree of ful�llment was smaller
than a given threshold. For both SVM and LC, rejection occured if the absolute value of their
output was smaller than the given threshold. For the MLP, rejection was performed if the largest
output value was smaller than the threshold. All classi�ers were trained on the training set of
each subject. Then, we computed the error-reject curves for these classi�ers [JDM00] on each
subject's test set with added outliers. These curves were computed by gradually increasing the
value of the rejection thresholds and computing the error and reject rate for all these values.
The classi�cation error rate was de�ned as being the percentage of vectors assigned to a wrong
class.

3.7.2 Results

The error-reject curves for each subject are displayed on Figures3.6, 3.7 and 3.8. On these
curves, the X-absciss corresponds to the reject rate and the Y-ordinate to the classi�cation error
rate.
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Figure 3.6: The error-reject curves for each classi�er, on data of subject 1.
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Figure 3.7: The error-reject curves for each classi�er, on data of subject 2.
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Figure 3.8: The error-reject curves for each classi�er, on data of subject 3.

The error-reject curves for MLP, LC and SVM suggest that these classi�ers must reject a
lot of feature vectors before reaching a low error rate which means theycannot make a clear
distinction between outliers and regular vectors. On the contrary, the areabelow the CFIS
curves is much smaller than the one of any other classi�er. As an example, CFIS can reach an
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error rate of about 7% when rejecting 28% of the data of Subject 1. To reach the same error
rate, MLP, Perceptron and SVM have to reject nearly 93% of the data. This shows that CFIS is
able to identify and reject ef�ciently the ouliers, which makes its error rate drop dramatically.

These differences can be explained by the fact that CFIS is a generative classi�er whereas
MLP, LC and SVM are discriminative classi�ers (see section 1.6.1). Indeed, discriminant
classi�ers can only identify to which of the targeted classes the feature vector most likely
belongs to, and not if it actually belongs to one of these classes or not.

3.7.3 Conclusion

The results of the rejection tests suggest that the CFIS algorithm was able to identify the outliers
more ef�ciently than the MLP, LC and SVM classi�ers. In presence of outliers, CFIS could
reach a small error rate when rejecting only few feature vectors. Thesetests were performed
on arti�cial outliers, and as such, should be further con�rmed on real data. However, the clear
difference between the error-reject curves of CFIS and that of the other classi�ers makes CFIS
a very promising classi�er for outlier rejection in motor imagery-based BCI.

3.8 Conclusion

In this chapter we have studied the use of a Fuzzy Inference System (FIS) for motor imagery
classi�cation in BCI. We �rst studied the performance, in terms of classi�cation accuracy and
mutual information, of the Chiu's FIS (CFIS) [Chi97a]. It reached similar results than the
most popular classi�ers used in BCI. It should be mentioned that the interest of FIS in terms
of classi�cation performance for BCI has been noticed simultaneously by our group [Lot06]
and another group [HPM06]. Second, we stressed the interpretability ofthe CFIS, which could
be used for brain knowledge discovery. Third, we studied the possibility of adding a priori
knowledge to the CFIS under the form of Hand-Made Fuzzy Rules (HMFR). Suitable HMFR
were shown to improve the performance of a trained CFIS in some cases. Finally, the CFIS
capabilities of rejecting outliers were assessed on arti�cial data, showing itssuperiority over
classi�ers commonly used for BCI. Taken together, our results suggestthat FIS classi�ers are
promising for BCI as they address several issues raised in the community, such as the need for
interpretable classi�ers to which a priori knowledge could be added [MAM+ 06].

The fact that FIS are interpretable classi�ers, providing that their inputfeatures are also
interpretable, makes such a classi�er a very promising companion for the FuRIA features. In-
deed, combining interpretable features, such as FuRIA features, with aninterpretable classi�er,
such as CFIS, may lead to an ef�cient and fully interpretable BCI system. Such a system would
be able to recognize the different mental states while, at the same time, informingthe BCI de-
signer about the brain regions and brain rhythms (frequency bands) involved. This system
could also inform the BCI designer about which activity in these regions and rhythms corre-
sponds to which mental state. These points will be highlighted in the next chapter (Chapter
4).



Chapter 4

Towards a Fully Interpretable BCI
System: Combining Inverse Solutions
with Fuzzy Logic

4.1 Introduction

In Chapters 2 and 3, we have proposed and studied feature extraction based on inverse solutions
and classi�cation based on fuzzy inference systems. We have shown that both methods could
provide insights on how the brain works, and as such we suggested that they could be used to
design an interpretable BCI system. In this chapter we propose an algorithm,which is based on
inverse solutions and fuzzy inference systems, to design fully interpretable BCI systems. The
proposed algorithm goes beyond a combination between FuRIA and fuzzyinference systems.
Indeed, this algorithm also makes it possible to express the knowledge automatically extracted
by the BCI using simple words. As such, it should enable people not familiar with classi�ers
or fuzzy inference systems to understand what has been automatically learnt by the BCI. This
chapter is organized as follows: Section 4.2 investigates the limitations of methodscurrently
proposed to extract knowledge from BCI. Section 4.3 describes the algorithm we propose in
order to design a fully interpretable BCI. Finally, Section 4.4 reports on an evaluation of our
method on two kinds of EEG data.

4.2 Extracting knowledge from current BCI systems

Despite the promising possibilities offered by an interpretable BCI [MAM+ 06, KFP93], very
little has been done in the literature to design such a BCI. A few works have explored the pos-
sibility to extract knowledge about the brain from what the classi�ers havelearnt. Typically,
this has been achieved by studying the weights of a trained neural network[AS96], the nodes
of a decision tree [KFP93] or the weights of a trained support vector machine [BJL+ 08]. This
could give insights on what were the most relevant features, and indirectly, on what were the
most relevant channels and/or frequency bands. Although this information appears as interest-
ing, it requires the analysis of tens or hundreds (sometimes thousands) offeatures, and does
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not provide a concise, straightforward and easy to understand explanation of what has been
learnt by the BCI. Moreover, such methods can report on the most relevant features, but may
not explain which values for these features correspond to which mental state.

Similarly, feature selection techniques have been applied to interpretable BCIfeatures and
analyzed in order to gain some knowledge from the data analysis method [BCM02, dRMFM+ 02].
As in works previously mentioned, such methods can identify the most relevant features and,
as such, the most relevant channels and/or frequency bands. However, these methods cannot
explain the relationship between these feature values and the mental states performed. In other
words, such methods may not be used to give insights about what is happening in these relevant
channels or frequency bands.

4.3 An algorithm to design interpretable BCI

In this chapter, we propose an algorithm to design an interpretable and ef�cient BCI system.
The proposed method can report on what are the relevant brain regions and frequency bands
involved in the mental states used in the BCI, and can also report on which activity in these
regions and frequency bands corresponds to which mental state. Moreover, our method can
report on all this information in a synthetic way andby using simple words. In order to do so,
our method �rst combines ef�cient and interpretable features with an ef�cient and interpretable
classi�er. Then it relies on the “computing with words” framework of Zadeh[Zad96b] in order
to increase the interpretability of the system by using words instead of numbers. This section
�rst proposes an overview of our method, then it details the 3 steps composing this algorithm,
namely, extracting interpretable features, using an interpretable classi�erand improving the
interpretability.

4.3.1 Overview

Our method to design an interpretable BCI can be divided into three steps:

1. Feature extraction: To obtain an interpretable BCI, we �rst need to use interpretable
features. As interpretable and ef�cient features, we used inverse solution-based features
and more especially FuRIA features (see Chapter 2).

2. Classi�cation: Similarly, to obtain a fully interpretable BCI, the classi�er should also
be interpretable and should not behave as a black box. We need a classi�er which can
report on which input feature values correspond to which output class, i.e., to which
mental state. Consequently, we used as classi�er a Fuzzy Inference System (FIS) and
more precisely, the Chiu's FIS (CFIS) (see Chapter 3).

3. Improving interpretability: Interpreting means reasonning, and humans are more used
to reason with words than with numbers. Consequently, the last step of our method
consists in performing linguistic approximation, i.e., in presenting what has been learnt
by the system using words rather than numbers.

These three steps are described in more details in the next sections and areschematized,
along with an arti�cial example, in Figure 4.1.
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Figure 4.1: Schematic representation of the proposed algorithm towards thedesign of an inter-
pretable BCI. An arti�cial example is also provided to ease the understanding. In the example
tables provided, each row corresponds to an “if-then” rule, and eachcolumn to a feature. These
rules describe the feature values for the mental state they infer.

4.3.2 Feature extraction: FuRIA features

As interpretable and ef�cient features, we selected features learnt and extracted by the FuRIA
algorithm. As mentioned in Chapter 2, features extracted with FuRIA correspond to the activity
in a few brain regions and their associated frequency bands. This information corresponds to
a relevant physiological information which can already give insights on how the brain works.
Moreover, FuRIA generally extracts a small number of relevant features, i.e., a small number
of brain regions and frequency bands. This is also interesting as too manyfeatures would
mean too much information to be analyzed by the human, and as such, the interpretation would
become dif�cult. However, on their own, such features cannot reporton which values of these
features are related to which mental state. To obtain this information, it is necessary to input
these features into an interpretable classi�er.

4.3.3 Classi�cation: the Chiu's Fuzzy Inference System

In order to classify the FuRIA features we selected the CFIS classi�er. Let us recall that, as all
FIS classi�ers, the CFIS can automatically extract fuzzy “if-then” rules from data and can use
these rules to classify new input data. With the CFIS the form of thej th fuzzy rule is as follows
(see Chapter 3 for details):

If X1 is A j1 and . . . andXi is A ji and . . . andXN is A jN Then Class isCj
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In our BCI, theXi are the FuRIA features i.e., the activity in a given brain region and a given
frequency band, andCj is a given mental state. This formalism based on rules makes it possi-
ble to interpret what has been learnt by the classi�er. Indeed the extracted rules can report on
which activity in each relevant brain region and frequency band corresponds to which mental
state (see Chapter 3). Combining these FuRIA features and this CFIS classi�er leads to the
�nal BCI we used to classify the mental states. The resulting BCI could already be interpreted
by any BCI researcher who is familiar with fuzzy membership functions. However, despite
the interpretability already attained, it should be recognized that these fuzzy membership func-
tionsA ji do not provide the most simple and straightforward way to interpret the rules. Indeed,
these membership functions are mathematical functions and, as such, express knowledge with
numbers. In order to ease the interpretability of the system, we performed a last step in our
method: the linguistic approximation. This should enable us to display the automatically ex-
tracted knowledge in a way understandable by persons who do not knowanything about fuzzy
membership functions.

4.3.4 Improving interpretability: linguistic approximat ion

Zadeh, the creator of fuzzy sets and fuzzy logic, stated that “the main contribution of fuzzy
logic is a methodology for computing with words. No other methodology serves this purpose”
[Zad96b]. Interestingly enough, humans tend to reason with words, which words generally
correspond to a fuzzy de�nition. Fuzzy logic can express the fuzziness of these de�nitions
by using linguistic terms. A linguistic term is actually a fuzzy set that describes aword. In
[Zad96b], Zadeh de�ned the process which consists in replacing a setof rules based on non-
linguistic fuzzy sets (i.e., a set of rules based on numbers) by a set of rules based on linguistic
terms and their associated fuzzy sets. This process is known as a “linguisticapproximation”,
or, equivalently, as a “retranslation process”. The fuzzy sets used and learnt by the CFIS do
not correspond to linguistic terms. As such, performing a linguistic approximation of the learnt
rules would lead to a CFIS expressed with words, hence leading to a BCI system which should
be more easily interpretable.

In order to perform this linguistic approximation process, we followed Yager's framework
[Yag04]. Following this framework, we should �rst de�ne a vocabulary, i.e., a set of fuzzy
setsLk (k 2 [1::Nt ]). Each fuzzy setLk represents and describes the wordWk, i.e., theLk are
linguistic terms. Then, we would like to express each “Xi is A ji ” by “ Xi is Wk”. In other words,
we would like to replace each fuzzy set automatically learnt by an appropriate word, i.e., we
would like to express numbers by words. To do so, we �rst need to selectfrom the vocabulary
the linguistic termLk that best matchesA ji . Once this selection is done, we can replace “Xi

is A ji ” by “ Xi is Wk” as Wk is the word described byLk. The way we performed these steps
of vocabulary de�nition and linguistic terms selection is described in details in thefollowing
section.
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4.3.4.1 De�ning the vocabulary

The �rst step required to express the fuzzy rules using words is to de�ne the vocabulary of these
words (i.e., the linguistic terms) and their associated fuzzy sets. The CFIS classi�er can use
two kinds of membership functions for its fuzzy sets: simple Gaussian membership functions
or two-sided Gaussian membership functions (see Chapter 3). We chose touse the same kind of
membership function for de�ning the linguistic terms. Our vocabulary is composed of a set of
these fuzzy sets, regularly spaced in the [-1:1] interval and with the same standard deviations
s for all membership functions. Naturally, different levels of granularity could be used, by
selecting a different numberNt of linguistic terms. Here, we used only odd values forNt . In
order to de�ne a vocabulary withNt linguistic terms, based on simple Gaussian membership
functions, we used the following equations to de�ne the meanµk and the standard deviations
of thekth membership function:

µk = � 1+
2k

(Nt � 1)
(4.1)

s =
1

(Nt � 1)
p

2ln(2)
(4.2)

In order to de�ne a vocabulary withNt linguistic terms, based on two-sided Gaussian mem-
bership functions, we used the following equations to de�ne the left meanµLk, the right mean
µRk and the standard deviations (the left and right standard deviations are equal):

µLk = � 1+
2k

(Nt � 1)
�

1
2(Nt � 1)

(4.3)

µRk = � 1+
2k

(Nt � 1)
+

1
2(Nt � 1)

(4.4)

s =
1

2(Nt � 1)
p

2ln(2)
(4.5)

Once the fuzzy sets were de�ned, we associated the corresponding word to each of them.
For instance, forNt = 3, we used the words “Low”, “Medium” and “High”, whereas forNt =
5, we used the words “Very low”, “Low”, “Medium”, “High” and “Very high”. Figure 4.2
displays an example of a vocabulary withNt = 5 linguistic terms, based on two-sided Gaussian
membership functions.

Once this vocabulary has been de�ned, the actual linguistic approximation process can be
achieved. More particularly, this linguistic approximation consists in selecting alinguistic term
in order to replace each fuzzy set used in the fuzzy rules.

4.3.4.2 Selecting the appropriate linguistic terms

Various criteria can be used to select the appropriate fuzzy set from thevocabulary with which
a fuzzy set from the CFIS will be replaced. Among the different criteria proposed by Yager
[Yag04], we chose to use a single one, namely the “closeness”, which re�ects how close two
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Figure 4.2: A vocabulary of linguistic terms, with 5 terms (Very low, Low, Medium, High,
Very high). The fuzzy membership functions used are two-sided Gaussian functions.

fuzzy sets are from each other. In our system, we de�ned closeness with respect to the distance
between two fuzzy sets A and B:

closeness(A;B) =
1

1+ dist(A;B)
(4.6)

As the vocabulary we used is based on Gaussian membership functions with the same
standard deviation, we considered a simple de�nition for the distance between two fuzzy sets,
which does not take into account the standard deviation of their membership function. When
using simple Gaussian membership functions, this distance is:

dist(A;B) = jµA � µBj (4.7)

with µA andµB being the mean of the two Gaussian membership functions representing the
fuzzy setsA andB. When using two-sided Gaussian membership functions this distance is:

dist(A;B) = j
(µLA + µRA)

2
�

(µLB + µRB)
2

j (4.8)

with µLA, µRA, µLB andµRB being the left and right means of the two-sided Gaussian member-
ship functions representing the fuzzy setsA andB.

Once the closeness is de�ned, the remaining of the process consists in replacing “Xi is A ji ”
by “Xi is Lk” whereLk is the fuzzy set from the vocabulary for whichcloseness(A ji ;Lk) is the
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highest. Finally, it becomes possible to express “Xi is A ji ” by “ Xi is Wk” whereWk is the word
described byLk.

Before selecting these linguistic terms, a small normalization process is however necessary.
Indeed, the fuzzy sets from the vocabulary are de�ned on the [-1:1] interval, but the fuzzy sets
learnt by the CFIS can be de�ned on a different interval. Consequently, before computing the
closeness between the fuzzy sets, the means (µ, µL or µR) of the fuzzy sets from all rules should
be normalized in [-1:1], independently for each input feature. This meansthat the term “Low”
may represent different values for the �rst and for the third feature,for instance. In other words,
the labels used are relative to a given feature and not absolute.

This step of linguistic approximation is the last step of our method. After this process, what has
been learnt automatically by the BCI system can be expressed by a set of “if-then” rules. These
rules can report on which activity in relevant brain regions and frequency bands corresponds
to which mental state, all of this using only words. As such, it could be expected that this
tool would provide some valuable information on the brain dynamics while designing a BCI
system. This point is assessed in the next section of this chapter, dedicatedto the evaluation of
the proposed method.

4.4 Evaluation

In order to evaluate our algorithm, in terms of both performance and interpretability we worked
on two different kinds of EEG data. The �rst set of EEG data was the dataset IV of the BCI
competition 2003 [BMK+ 06], studied and described in Section 2.4.1.1. The second set of
data gathered brain signals related to visual spatial attention and eye movement preparation
[TLK04, TAA08]. The aim of this evaluation was �rst to assess if the rulesautomatically
extracted with the method were consistent with the physiological literature on these signals.
Additionally, we evaluated the performances of the designed BCI in terms of classi�cation
accuracy.

This section �rst presents the two EEG data sets used. Then, it presents the results obtained,
i.e., the classi�cation accuracies obtained and the linguistic rules extracted from the data.

4.4.1 EEG data used

4.4.1.1 BCI competition 2003, data set IV

EEG signals contained in this data set correspond to either left hand movement intentions
or right hand movement intentions, for one subject [BMK+ 06]. They have previously been
described in more details (see Section 2.4.1.1). The parameters of FuRIA weused for these
data are the ones presented in Chapter 2, and as such, the resulting ROI and frequency bands
obtained are the ones displayed in Figure 2.4.
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4.4.1.2 EEG signals related to Visual Spatial Attention

EEG signals from this data set were recorded by Dr. Areti Tzelepi fromthe Institute of Com-
munication and Computer Systems in Greece, and Dr. Ricardo Ron Angevin from Malaga
University in Spain [TAA08]. The aim of the experiment was to record EEGsignals corre-
sponding to visual spatial attention towards the left or the right. Hence, there were 2 classes
of signals, denoted as “left” and “right”. The data used were recordedon one subject who
participated to 3 sessions, each containing 25 trials from each class. During these sessions, the
subject was looking at a screen which displayed a virtual environment representing a road. The
timing and principle of a trial of these sessions is represented on Figure 4.3.More precisely, at
t = 0 s (start of a trial), a �xation cross appeared as well as a virtual car rendered in 3D. The
car was continuously moving along the road. Att = 2 s, a virtual wall appeared, either on the
left or on the right side of the virtual environment. The subject was askedto keep �xing the
�xation cross at that time. The cross disappeared att = 6 s. At that time, the subject had to
make an eye movement towards the wall.

Figure 4.3: Schematic representation of the timing of a trial (picture from [TAA08]).

EEG signals were recorded using 64 electrodes placed according to the extended 10/20 in-
ternational system. The initial sampling frequency was 512 Hz, but signals were downsampled
to 128 Hz before analysis. Signals were also �ltered in the 3-30 Hz frequency band before
any analysis. More details about the experimental procedure for recording these EEG signals
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can be found in [TAA08]. For our analyses, the �rst two sessions were used as the training set
whereas the last session was used as the testing set.

For these data, we used FuRIA based on IIR �lters (butterworth �lter order 4) and a stan-
dard head model composed of 2394 voxels which models the head as three concentric spheres.
In this BCI, we considered only spatial fuzzi�cation, and not frequentialfuzzi�cation as our
results presented in Chapter 2 suggested that spatial fuzzi�cation was themost robust. We
investigated for relevant frequency bands in the 8-30 Hz interval. As in previous experiments,
we used sLORETA as the inverse solution [PM02], and used a regularization parameter of 100
for this inverse solution. Concerning the CFIS, we used two-sided Gaussian functions as the
membership functions.

As with any synchronous BCI, it is necessary to identify the most appropriate time window in
which to extract the features and classify them. To do so, we extracted Band Power (BP) fea-
tures for several time windows of different sizes and positions, and estimated the ef�ciency of
each time window by 10*10 fold cross validation using an LDA classi�er. Thefrequency bands
in which to extract the BP features were selected using a statistical analysis-based method sim-
ilar to the one presented in Section 3.3.2.1. Using this method we analyzed the 4-7Hz (Delta
rhythm), 8-13 Hz (Mu rhythm) and 13-29 Hz (Beta rhythm) frequency bands. This method of
time window identi�cation was similar to what has been done by Tzelepi et al forsimilar data
[TAA08]. Indeed, BP features and LDA classi�ers are computationally very ef�cient, and as
such, very fast to train and to use. It appeared that the optimal time window was a 0.5 s time
window started approximatly at t=2.15 s (see Figure 4.3). This time window corresponds to a
few hundreds ms after the wall appearance, which is consistent with the literature [TAA08].

In order to make the system more robust to small time shifts, we extracted several seg-
ments in this optimal time window. From each 0.5 s time window we extracted 5 overlapping
segments, each segment being 40 samples long and starting 5 samples after thestart of the
previous one. A feature vector was extracted from each segment and then used for training or
testing.

4.4.2 Results

For each data set, we trained the feature extractor and the classi�er on theavailable training set
and tested the resulting BCI on the testing set. In order to evaluate the interpretability of our
system we investigated the rules that it automatically extracted from data, and confronted them
with that knowledge from the literature. These rules, as well as the classi�cation performances
of the system are presented below.

4.4.2.1 BCI competition 2003, data set IV

The raw rules (without linguistic approximation) extracted by our system aredisplayed in Fig-
ure 4.4, whereas Figures 4.5 and 4.6 display the rules after linguistic approximation, forNt = 3
andNt = 5 respectively. Let us recall that in these �gures, each row represents a fuzzy if-then
rule and each column represents a feature (i.e., the activity in the ROI and frequency displayed
on top). As such, the functions or words displayed in the tables describe the value of the activity
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in a ROI and frequency band for the mental state infered by the corresponding rule.

Figure 4.4: Rules extracted automatically by the BCI system on data set IV from the BCI
competition 2003, without using any linguistic approximation.

Figure 4.5: Linguistic rules extracted automatically by the BCI system on data set IV from the
BCI competition 2003, using a coarse vocabulary (3 terms: Low, Medium and High).

First, it should be noticed that even if a BCI researcher could easily understand the raw
rules (Figure 4.4), the linguistic approximations are more comfortable to read.Moreover, these
linguistic approximations are more accessible than the raw rules to persons such as clinical
employees who do not know what a fuzzy membership function is. Concerning the interpre-
tation of the system, Rule 1 suggests that, during an intention of left hand movement (mental
state “left”), the Beta band (here 14-28 Hz or 14-31 Hz, the standard Beta band being 13-30
Hz) activity is lower (label “Medium” or “Low”) in the right motor cortex areathan in the left
motor cortex area (label “High” or “Very High”). Rule 2 suggests a symmetric behavior, i.e.,
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Figure 4.6: Linguistic rules extracted automatically by the BCI system on data set IV from the
BCI competition 2003, using a medium vocabulary (5 terms: Very low, Low, Medium, High
and Very high).

that, during an intention of right hand movement (mental state “right”), the Betaband activity
is lower (label “Medium”) in the left motor cortex than in the right motor cortex (label “High”
or “Very High”). This behavior is consistent with the literature on movement intention. In-
deed, hand movement intention is known to trigger an event related desynchronisation, i.e., a
decrease of activity, in the motor cortex contralateral to the hand concerned, in the Beta band
[WZL+ 04, CLL06, PdS99]. The rules automatically learnt by our system actually re�ect such
a phenomemon.

Concerning the performance of the system, the resulting BCI (using the rawrules) reached
an accuracy of 85 % on the test set, i.e., a slightly better score than the one ofthe winner of the
competition on these data, who reached a score of 84 % [WZL+ 04].

4.4.2.2 EEG signals related to Visual Spatial Attention

Figure 4.7 displays the raw rules extracted from the data, without linguistic approximations,
whereas Figures 4.8 and 4.9 display the rules after linguistic approximation, for Nt = 3 and
Nt = 5 respectively.

In terms of performances, this BCI system reached an accuracy of 86 %on the testing set.
By comparison, we also used a classical BCI design based on band power features and an LDA
classi�er (as in [TAA08] on similar data). This design reached an accuracy of 74.8 %. This
also suggests that our BCI design can be ef�cient.

Concerning the interpretability of the system, we presented these rules to Dr.Areti Tzelepi
who is a neuroscience expert in visual spatial attention. According to her, there are numerous
evidences in the literature that a visual spatial attention task triggers an increase of activity
in the occipital, temporal and parietal areas, contralaterally to the side wherethe attention
is drawn. In addition to this contralateral activity, results from the literature suggest that the
temporal and parietal areas from the right hemisphere are also activatedduring spatial attention
tasks, independantly from the side of the stimulus (see also [LWV00]). Dr.Areti Tzelepi could
�nd this behavior in the rules we presented her. She could easily exploit these rules thanks to



114 chapter 4

Figure 4.7: Rules extracted automatically by the BCI system on visual spatial attention data
without using any linguistic approximation.

Figure 4.8: Linguistic rules extracted automatically by the BCI system on visualspatial atten-
tion data, using a coarse vocabulary (3 terms: Low, Medium and High).

the linguistic approximation, as she was not familiar with fuzzy inference systems and fuzzy
membership functions. Indeed, the contralateral increase of activity in theoccipital, temporal
and parietal areas was well re�ected by the �rst two features and the different rules, whereas the
activation of temporal and parietal areas from the right hemisphere was re�ected by the third
and �fth features and the rules. However, Dr. Areti Tzelepi could notexplain the meaning
of the fourth feature and of the fourth rule. Consequently, we removed this feature and this
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Figure 4.9: Linguistic rules extracted automatically by the BCI system on visualspatial at-
tention data, using a medium vocabulary (5 terms: Very low, Low, Medium, Highand Very
high).

rule from the fuzzy inference system, and tested it again on the test set in order to assess the
contribution of this rule and of this feature (see Figure 4.10, for the resulting set of rules).
Interestingly enough, we then obtained an accuracy of 87.2 % whereas we obtained previously
86 % with all rules and features. This seems to con�rm that this rule and this feature were not
necessary. More precisely, only removing the fourth rule left the accuracy unchanged (86 %),
whereas removing only the fourth feature already leaded to an accuracyof 87.2 %. This point
stresses that it is interesting to be able to interpret the learnt BCI, in order tocheck what has
been learnt, and, possibly, improve the system, as we have done on these data.

Figure 4.10: Linguistic rules used by the BCI system on visual spatial attention data, after
the removal of the fourth rule and the fourth feature. The vocabulary used here is a medium
vocabulary (5 terms: Very low, Low, Medium, High and Very high).

4.5 Conclusion

In this chapter, we have presented an algorithm towards the design of a fully interpretable BCI
system. This algorithm relies on the combination of an inverse-solution based feature extrac-
tion (here, FuRIA), a fuzzy inference system as classi�er, and a linguistic approximation. This
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system can explain which activity in which brain regions and frequency bands corresponds to
which mental state, thanks to if-then rules expressed using simple words rather than mathe-
matical functions. This algorithm aims at providing a tool for easily verifying what has been
learnt by the BCI and to compare it with the literature on the brain signals analyzed. The use
of linguistic approximations (employing words rather than numbers) aims at proposing a way
of displaying the knowledge automatically extracted by the BCI to persons whodo not know
what a fuzzy membership function is, such as a medical doctor or any otherclinical employee.

The evaluation of our algorithm on two kinds of brain signals (hand movementinten-
tion and visual spatial attention signals) suggested that knowledge from theliterature actually
seemed to be re�ected by the rules automatically learnt. Moreover, this evaluation suggested
that being able to interpret the BCI may help in improving it. Finally, the evaluationsalso
suggested that the proposed BCI was ef�cient in terms of classi�cation accuracy.

Concerning the limitations of the proposed algorithm, we should admit that this method
worked relatively well because FuRIA tends to extract few features. However, it may not
always be the case, and with too many features, the whole system of rules might become
complex to read and interpret. Further validations would also be required in order to validate
the approach on more subjects and more kinds of brain signals.

It would also be interesting to study other ways of representing the linguistic labels. For
instance, we could use color coding rather than words, and display a level of activity using a
given color for the corresponding brain regions. It could also be interesting to gather, in a single
�gure of the brain, the level of activity of the different regions and frequencies for a given rule.
This would make it possible to quickly understand the whole brain state corresponding to a
given mental task. Finally, it could be valuable to �nd methods to select features independently
for each fuzzy rule and/or to merge fuzzy rules, in order to obtain a more compact and simpler
set of rules, i.e., a more easily interpretable system.
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Self-Paced BCI Design: a Pattern
Rejection Approach

5.1 Introduction

In order to design a convenient BCI with a high information transfer rate, we have already
stressed the need to conceive ef�cient Self-Paced BCI (SPBCI). Let us recall that a SPBCI
is a BCI which enables its users to send commands at any time [MKH+ 06]. Designing a
SPBCI requires to continously analyse EEG signals [MKH+ 06]. Indeed, this analysis should
determine if the user is in an Intentional Control (IC) state, i.e., if he is producing one of
the brain activity patterns used to control the BCI, or, conversely, if he isin a Non Control
(NC) state, i.e., in any mental state except the targeted mental states used to control the BCI
[MKH + 06]. Finally, if the user is in an IC state, the system must also determine which kind of
brain activity pattern is being produced by the user [MKH+ 06].

In this chapter, we consider the design of a SPBCI as a pattern rejection problem [MA06b],
where NC states must be rejected by the BCI, whereas IC states must be accepted and properly
classi�ed.

So far, despite the need to design ef�cient SPBCI, relatively few algorithms have been ex-
plored to deal with the NC state. Moreover, to our best knowledge, no study has systematically
compared several reject options using several classi�ers in the �eld ofBCI. This lack of studies
prevents from identifying the desirable properties of reject options and classi�ers for SPBCI
design.

In this chapter, we �rst introduce two reject options that have not been used yet in the
BCI �eld: the rejection class strategy, and thresholds on reliability functionsbased on the
automatic multiple thresholds learning algorithm. Second, we assess and compare several
reject options using several kinds of classi�ers in order to study their behavior and identify the
most appropriate ones for SPBCI design.

This chapter is organized as follows: Section 5.2 focuses on a brief state-of-the-art of
self-paced BCI design. Section 5.3 describes the algorithms we used in this study, i.e., the
classi�ers and the pattern rejection techniques as well as the evaluation methodology. Section
5.4 presents the data we used for evaluation (i.e., EEG signals and features) and the results
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obtained. Finally, Section 5.5 concludes this chapter.

5.2 Self-paced BCI design

Even though most present EEG-based BCI systems are synchronous,some BCI groups are
investing research efforts in the design of EEG-based SPBCI. Pioneerworks have focused
on the design of 2-state SPBCI, that is, binary BCI which aim at distinguishing between the
NC state and a single IC state [BLH93, MB00, YTI03]. As this problem is still far from
being resolved, current research works are still addressing this topic[FWB08]. More recently,
multi-state SPBCI have been proposed [SSL+ 07, ZWG+ 07, dRMFB07]. Such BCI aim at
distinguishing the NC state from 2 or more IC states. As such, their design is generally more
complex and more advanced than those of 2-state SPBCI. The two following sections brie�y
review these two kinds of design.

5.2.1 2-state self-paced BCI

Designing a 2-state SPBCI can be seen as the design of a binary BCI whose classes are NC state
and IC state. A such, 2-state SPBCI have been designed using binary classi�ers, such as LDA,
SVM or kNN [FWB08, MB00, BMB06, LSFP07, YTI03] or a detection scheme in which a
threshold on a feature value was used to determine the IC or the NC state [YTI03, LFMP+ 07].
Such features could be a band power feature [LFMP+ 07] or a matched �lter feature [YTI03]
for instance. Such SPBCI provide a kind of “brain switch”, i.e., a single bitcommand, which
can be issued in a self-paced manner. Even if such BCI are self-paced, providing a single
command to the user may appear as relatively limited or not convenient. This is particularly true
for applications such as virtual reality applications in which the number of necessary degrees
of freedom is generally much higher. Consequently, designing multi-state SPBCI, which use
several IC states, appears as essential.

5.2.2 Multi-state self-paced BCI

Relatively recently, 3-state (1 NC state + 2 IC states) [TGP04, BWB07, ZWG+ 07, BKM+ 07b]
and 4-state (1 NC state + 3 IC states) [MM03, SLS+ 08, dRMFB07] SPBCI have been pro-
posed. As multi-state SPBCI deal with several IC states, their design appears as more complex
than the one of 2-state SPBCI. In the BCI literature, two main strategies are employed to design
multi-state SPBCI: the use of Thresholds on Reliability Functions (TRF reject option) or the
use of Specialized Classi�ers (SC reject option). Algorithms of the �rst category use one or two
thresholds, generally manually de�ned, on reliability functions [MM03, TGP04, dRMFB07].
If the reliability function, which is generally the classi�er output, is higher thanthe given
threshold, then the IC state is chosen. Otherwise, rejection is performed and the NC state is
chosen. In the second category, specialized classi�ers, known as reject classi�ers, are used to
distinguish IC from NC states [SLS+ 08, SSL+ 07, BWB07, ZWG+ 07, BKM+ 07b]. Another
classi�er, known as the recognition classi�er, is then used to distinguish between the targeted
patterns. Generally, a different set of features is used for the rejectclassi�er and for the recog-
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nition classi�er.

As our work focuses on pratical BCI applications such as virtual reality applications, this
chapter focuses on multi-state SPBCI, which are more �exible and more convenient for the
user. More precisely, the following sections present and evaluate several pattern rejection
strategies for the design of a 3-state SPBCI based on motor imagery.

5.3 Method

In this Section, we present the different classi�ers and reject options that we investigated,
including two reject options that have not been used so far in BCI, to our best knowledge. We
also present the evaluation criteria that we used in order to assess the designed SPBCI.

5.3.1 Classi�ers

For this study we used four different classi�ers, which exhibit different properties with regards
to classi�cation performances and rejection. Two of these classi�ers aregenerative classi�ers
and two are discriminant classi�ers (see Section 1.6.1). The generative classi�ers describe the
training data, which can be interesting to reject the NC state using reliability functions and to
generalize using noisy training data. The discriminant classi�ers have powerful classi�cation
performances. The classi�ers we used are a support vector machine,a radial basis function
network, a fuzzy inference system and a linear discriminant analysis. Their main properties are
brie�y described in the following.

5.3.1.1 Support Vector Machine

Support Vector Machines (SVM) are discriminant classi�ers, very popular and ef�cient for
BCI design [Bur98, LCL+ 07]. They use hyperplanes with maximal margins to discriminate
features from 2 classes (see Section 1.6.2.2 for more details). In this study, we used a nonlinear
SVM based on a Gaussian kernel.

5.3.1.2 Radial Basis Function Network

Radial Basis Function Networks (RBFN) are classical neural networkscomposed of three lay-
ers of neurons: an input layer, a single hidden layer and an output layer[Bis96]. The ac-
tivation functions used in the neurons of the hidden layer are Radial BasisFunctions (RBF)
[MA06a, DHS01]. The activation of these RBF is computed using the Mahalanobis distance
[DHS01, Bis96]. For the RBFN used in this study, the RBF were learnt using non supervised
clustering. The output layer neurons are a linear combination of the activiation value of hidden
neurons, learnt with the pseudo inverse method [Bis96]. Due to this architecture, RBFN em-
bed generative knowledge through their hidden layer and discriminant knowledge through their
output layer. Such an RBFN has been used successfully for handwritten character recognition
[MA06a, MA06b].
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5.3.1.3 Fuzzy Inference System

As seen in Chapter 3, Fuzzy Inference Systems (FIS) are a set of fuzzy "if-then" rules that
can be learnt from data in order to discriminate classes. FIS are nonlinearand generative
classi�ers. The FIS used in this study is the one described and studied in Chapter 3: the Chiu's
FIS [Chi97b].

5.3.1.4 Linear Discriminant Analysis

Linear Discriminant Analysis (LDA) classi�ers are most probably the most used classi�ers
for BCI design [LCL+ 07]. LDA classi�ers are simple linear and discriminant classi�ers that
use hyperplanes to separate classes [DHS01]. More details on this classi�er can be found in
Section 1.6.2.1.

All classi�ers have been trained on the same training data set (see section 3.3). The hyperpa-
rameters of each classi�er have been optimized for each data set separately, by splitting the
training data into a training set and a validation set. For LDA and SVM, when multiclass
classi�ers were needed, several LDA or SVM were combined using the one-versus-the-rest
scheme.

5.3.2 Reject options

In pattern rejection theory, two kinds of rejection tasks can be distinguished[MA06b]:

• Ambiguity rejection: In this kind of rejection, an input data is rejected if the classi�er
does not have enough con�dence in its decision. This input data could indeed be assigned
to two or more target classes. Thus, it may be better to reject this input data rather than
misclassifying it.

• Outlier rejection: With outlier rejection, an input data is rejected if this data is too
different from the classes learnt by the classi�er. As such, this input data is more likely
to be an outlier, i.e., a data from a class not learnt by the classi�er. It is therefore better
to reject this data, as it cannot be properly classi�ed.

As the NC state can be any existing mental state except the targeted mental statesused to
control the BCI, the NC rejection task is clearly an outlier rejection problem. Thus, data from
NC states are outliers and data from IC states are target class data.

In this study, we compared three reject options: specialized classi�ers, thresholds on relia-
bility functions and rejection class. They are described below.

5.3.2.1 Specialized classi�er (SC)

A specialized two-class classi�er, known as a reject classi�er, is trainedindependently from
the recognition classi�er to reject - or not - the input data. If this reject classi�er decides to
reject the input data, the output class will be NC state. Otherwise, if the reject classi�er accepts
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the input data, the recognition classi�er will classify this input data in order totry to ouput the
correct IC state.

Separating the recognition and the rejection classi�er allows the rejection classi�er to take
advantage of another family of classi�ers or a different set of features.

5.3.2.2 Thresholds on reliability functions (TRF)

A reliability function is a functionF in Â which aims at quantifying the reliability that a
classi�er has in its decisions [MA06b]. The reliability functions used depends on both the
classi�er and the rejection task targeted. The TRF reject option uses the knowledge of the
recognition classi�er through these reliability functions [MA06b]. TRF usethe interpretation
of reliability functions: the lower is the con�dence (i.e., the reliability function value), the more
the pattern must be rejected. Thus, the TRF reject option is de�ned with a setof N thresholds
s i , each one associated with a reliability functionF i . Rejection is performed if all functions
are lower than their respective thresholds, i.e., if:

8i = 1: : :N;F i � s i (5.1)

The main problem is to set the threshold values which is increasingly dif�cult as the number
of thresholds increases. Interestingly enough, most SPBCI based on TRF use a single threshold,
manually de�ned.

In this chapter, we introduce in the BCI �eld the Automatic Multiple-Threshold Learn-
ing algorithm (AMTL) developed by Mouchere and Anquetil [MA06a, MA06b]. AMTL is a
generic greedy algorithm based on empiric heuristics. It selects the threshold values using a
training setDex of data to be accepted (i.e., examples) and a training setDout of data to be
rejected (i.e., outliers). This algorithm has one parameterQ which is the desired True Accep-
tance Rate (TAR) onDex, i.e., the percentage of examples that have been actually accepted.
Selecting the thresholds values with the AMTL algorithm is achieved as follows:

1. Compute the value of the reliability functionsF i for all examples and all outliers. Then,
set the value of the thresholdss i so as to reject all examples and all outliers.

2. Repeat the next steps while the evaluated TAR onDex is lower thanQ.

3. Select the next thresholds i to be decreased, according to the function “choose” (see
below).

4. Decrease the value of the selected threshold so as to accept one more example (and, as
such, probably more outliers)

We used two variants of AMTL with different aims. These two variants are known as
AMTL1 and AMTL2 [MA06a, MA06b], and differ on the way they select the thresholds i to
be decreased, i.e., they differ in their function “choose”. The function “choose” of AMTL1
�nds the best trade-off between the rejection of the data from the target classes and the rejec-
tion of outliers. The function “choose” of AMTL2 �nds the best description of target classes
without using outliers. The AMTL algorithm has been successfully used for reject purposes
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in handwritten character recognition applications [MA06a]. More details onthe AMTL algo-
rithm, and its variants AMTL1 and AMTL2 can be found in [MA06a, MA06b].

We can note that TRF include classical approaches which only use the score of the best class
to make the reject decision. In the following, we denote as AMTL-MT, TRF using Multiple
Thresholds, and as AMTL-ST, TRF using a Single Threshold on the bestclass score.

5.3.2.3 Rejection class (RC)

The Rejection Class reject option uses an additional class dedicated to the rejection prob-
lem [MA06a]. Thus, for anNc class recognition problem, the RC reject option will use a
classi�er with Nc + 1 classes, the additional class representing all the outliers. As such, outliers
are treated as the other target classes with this reject option. To our best knowledge, despite its
simplicity, this method has not been considered yet for BCI purposes.

5.3.2.4 Implementation

The SC and RC reject options should take advantage of discriminant classi�ers because they
consider the rejection problem as a simple classi�cation task. Conversely, the TRF architec-
ture should take advantage of reliability functions representing generative knowledge for the
rejection of the NC state [MA06a]. For the SC reject options, we used different features for
the rejection and recognition classi�ers. However, the classi�er family wasthe same for both
classi�ers. For the TRF reject option, we used the classi�er output scores as reliability func-
tions. More precisely, we used the distances to the separating hyperplanefor SVM and LDA,
the values of the output neurons for RBFN and the degree of full�lment ofthe fuzzy rules for
FIS. With AMTL2, for RBFN, we used the activation of radial basis functions as reliability
functions in order to have a better target class description.

5.3.3 Evaluation criteria

Assessing the performances of a SPBCI system requires using appropriate evaluation criteria
[MKH + 06]. In order to evaluate the rejection capabilities of the SPBCI, the most popular
measures are the false positive rate and the true positive rate, as well as the area under the
receiver operating characteristic curve, which is a closely related measure. Finally, in order to
evaluate the classi�cation performances of the SPBCI, we used the accuracy. These measures
are described below.

5.3.3.1 Recall, precision, false positive rate and true positive rate

When evaluating the rejection performances of a given system, it is interesting to build what
is known as a confusion matrix [MKH+ 06]. Such a matrix contains the number of data from
a given class label that have been assigned to another given class label. As such, this matrix
contains the number of True Positive (TP, acceptance of an IC state), ofTrue Negative (TN, re-
jection on an NC state), of False Positive (FP, acceptance of an NC state) and of False Negative
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(FN, rejection of an IC state). For a SPBCI problem, this confusion matrix willbe as in Table
5.1

Table 5.1: A confusion matrix for a given SPBCI.

Real labels
IC state NC state

Estimated IC state TP FP
labels NC state FN TN

From this matrix, we can derive two interesting pairs of performance measures: Recall/Precision
and False Positive Rate (FAR)/True Positive Rate (TAR). These measures are de�ned as fol-
lows:

TAR= Recall=
TP

TP+ FN
(5.2)

FAR=
FP

FP+ TN
(5.3)

Precision=
TP

TP+ FP
(5.4)

FAR and TAR represent the rejection performances of the evaluated system as they are
independent from the proportion between IC and NC states. Precision is linked to the comfort
of the �nal user, as it summarizes how often the BCI system will respond correctly. Precision
depends on the proportion between IC and NC states. We used all these measures in our
evaluations.

5.3.3.2 Receiver Operating Characteristic (ROC) Analysis

An interesting tool related to TAR and FAR is the ROC analysis [Faw06]. For agiven rejection
system and a given data set, we can obtain a couple (FAR, TAR) which canbe displayed as
a 2D point. Performing a ROC analysis consists in repeatidely changing the parameters of
the rejection system (e.g., by changing the threshold values with TRF, or by changing the
proportions between outliers and examples with RC and SC), in order to obtaina set of points
(FAR, TAR). By arranging these points together, by increasing FAR, and by linking them, one
can obtain a ROC curve (see Figure 5.1 for examples). Such a curve summarizes the rejection
capabilities of the system.

The Area Under the Curve (AUC) is of particular interest. The higher the AUC for a given
classi�er, the better the rejection capabilities of this classi�er. As an example,on Figure 5.1,
the classi�er A has a higher AUC than classi�er B, and as such, it is better than classi�er B.
The AUC is a number between 0.0 and 1.0. An AUC of 0.5 corresponds to a random classi�er
which cannot distinguish outliers from examples (see Figure 5.1). In our evaluations, we also
considered the AUC as an evaluation measure. However, we computed the AUC for FAR lower
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Figure 5.1: Example of ROC curves for 3 different classi�ers.

than or equal to 0.2. We chose indeed to use the AUC for FAR� 0.2 rather than the total AUC,
because Masonet al highlighted that only the beginning of the ROC curves was relevant for
BCI [MKH + 06]. Actually, a high FAR tends to cause high user frustration which makes the
corresponding BCI not convenient to use. It should be noted that the AUC for FAR � 0.2
would be 0.02 for a randomly performing classi�er.

5.3.3.3 Accuracy

In addition to the rejection performances of the system, it is also interesting to evaluate the
classi�cation capabilities of the designed SPBCI. To do so we considered the accuracy of clas-
si�cation [MKH + 06] for a �xed FAR. The accuracy is de�ned as the percentage of accepted
IC states that have been correctly classi�ed.

5.4 Evaluation

This section deals with the evaluation of the previously mentioned classi�cation and rejection
algorithms on motor imagery EEG data sets. This section �rst describes the EEGdata used
and the features extracted from these data. Then, it presents the evaluation measures obtained
on these data.
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5.4.1 Motor imagery EEG data used

Evaluations were achieved on 4 EEG data sets of Motor Imagery (MI) acquired from 2 healthy
subjects (males, 24 and 23 year old). Subjects had very few or no previous experience in BCI.
During the experiments, subjects were asked to perform MI and more precisely imagination of
left or right hand movements [PN01].

For each subject, data were collected over 2 days during which 3 to 5 sessions were
recorded each day. A session was composed of 20 trials of each of the two classes (LEFT
or RIGHT), arranged in a random order. The timing of the sessions was organized according
to the Graz BCI protocol [PN01]. In this protocol, a trial lasted 8 seconds, during which the
subject received instructions the �rst 3 seconds and had to perform the required MI task during
the last 5 seconds (see Figure 5.2). Trials were seperated by periods of random length. We
speci�cally asked subjects not to perform MI nor real movements outside the 5 second periods
dedicated to MI. From second 4.125 to second 8, subjects were providedwith a continuous
feedback under the form of a bar with a changing length. This bar indicated to the subject what
was the mental state recognized by the BCI.

Figure 5.2: Timing of a trial. Trials are separated by rest periods of random length.

EEG signals were sampled at 512 Hz, and were recorded using electrodes FC3, FC4, C5,
C3, C1, C2, C4, C6, CP3, CP4, with the reference electrode placed on the nose. The EEG data
acquisition machine used was a Nexus 32b from the Mind Media company. These electrodes
cover the motor cortex area, and correspond to standard electrode positions, placed according
to the international 10-10 system [AES91] (see Figure 5.3). For each subject and each day, the
�rst half of the sessions was used to build a training set whereas the remaining sessions were
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used to build a test set. Hence, we used a total of 4 data sets, each one being composed of
a training set and a test set. EEG signals from the training sets were visually inspected and
periods of MI polluted by artifacts were removed. No artifact was removedfrom the test sets.

Figure 5.3: Placement of electrodes in the 10-10 international system. The electrodes we used
in the experiment are displayed in red.

5.4.2 Data labelling

We labelled as belonging to the LEFT or RIGHT class the samples that were in theMI period
of each trial, according to the imagined movement the subject was asked to perform. Samples
from the �rst 0.5 s of each MI period were labelled as NC in order to take intoaccount the
user's reaction time. All other samples were also labelled as belonging to the NCstate. Then,
EEG signals were segmented into 1 s segments with 93.75 % (15/16) of overlap between con-
secutive segments. Each segment was labelled according to the most represented label among
the samples composing it. Then, a feature vector was extracted from each segment and labelled
with this segment label. As such, 16 feature vectors were extracted for each second.

5.4.3 Preprocessing

As the preprocessing step, we applied temporal and spatial �lters to EEG signals. More specif-
ically, EEG signals were band-pass �ltered in 3-45 Hz, using a butterworth�lter of order 4,
in order to attenuate slow variations of EEG as well as 50 Hz power line interference. Then,
from the 10 initial EEG channels, 2 new channels were designed by applying a discrete surface
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Laplacian spatial �lter over channel C3 and C4 [WBM+ 02, MMDW97] (see Section 1.4.1.2).
More precisely, these 2 new channelsC30andC40were obtained as follows (see [MMDW97]
for details):

C30= 4C3� FC3� C5� C1� CP3 (5.5)

C40= 4C4� FC4� C6� C2� CP4 (5.6)

Features were extracted from these two virtual channelsC30andC40.

5.4.4 Feature extraction

In order to build the classi�er inputs, we extracted logarithmic BP features from the two Lapla-
cian channels [PN01] (see Section 1.5.2.1). As already mentioned, BP features are popular and
ef�cient features for MI classi�cation [PN01].

Two sets of BP features were generated: features for rejection and features for recognition.
The features from the �rst set aimed at discriminating the IC state from NC states, whereas
the features from the second set aimed at discriminating the two IC states i.e., left or right
MI. The �rst set was obtained by extracting BP features in the frequencybands that best dif-
ferentiated IC from NC, whereas the second set was obtained using frequency bands that best
differentiated left MI from right MI. For each subject, these frequency bands were identi�ed
using a statistical analysis-based method similar to what has been presented inSection 3.3.2.1.
The only differences are that 1) we used here a multi-comparison randomization paired t-test
instead of a simple paired t-test, i.e., we used a more powerful test, and that 2)we did not
perform any “shrinking” step as we realized this step did not always increase the performances
and sometimes even decreased them. The statistical analysis compared the BP mean values
for the two corresponding conditions (NC versus IC or left MI versus right MI) for different
frequencies in the 4-35 Hz frequency band, with the aim of selecting the most discriminative
frequency bands. We performed this analysis for the 4-7 Hz (Delta rhythm), 13-15 Hz, 15-18
Hz, 18-30 Hz (low, middle and high Beta rhythm) and 30-35 Hz (Gamma rhythm) frequency
bands. Features for rejection were used as input of the reject classi�ers whereas features for
recognition were used for the recognition classi�ers.

5.4.5 Results and discussion

This section presents the results obtained for all reject options and classi�ers. Table 5.2 displays
the Area Under the ROC Curve (AUC), for FAR lower than or equal to 0.2,obtained by all
methods. Table 5.3 displays the accuracy, precision and TAR obtained by each classi�er and
reject option, averaged over the four data sets, for a �xed FAR of 10%. This FAR is similar
to the FAR used in the work of Schereret al [SLS+ 08]. For the complete details of accuracy,
precision and TAR for each data set, please refer to Annex D.

Results showed that using a nonlinear classi�er within the RC reject option ledto the most
ef�cient SPBCI. Independently from the reject option used, nonlinearclassi�ers, i.e., FIS,
RBFN or SVM, provided the best rejection results. Using TRF, LDA provided the highest
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Table 5.2: Rejection capabilities: area under the ROC curves for FAR� 0.2, for all data sets
and methods. The best result for each data set is displayed in bold characters.

reject Classi�er Subject 1 Subject 2
option Day1 Day 2 Day 1 Day 2

SVM 0.105 0.077 0.057 0.046
SC FIS 0.102 0.075 0.052 0.039

RBFN 0.103 0.074 0.055 0.044
LDA 0.102 0.071 0.041 0.035

SVM 0.102 0.077 0.056 0.062
RC FIS 0.102 0.072 0.055 0.052

RBFN 0.095 0.075 0.054 0.058
LDA 0.095 0.072 0.053 0.048

SVM 0.025 0.040 0.028 0.033
TRF FIS 0.057 0.039 0.04 0.036

AMTL1 RBFN 0.053 0.043 0.033 0.026
ST LDA 0.02 0.036 0.047 0.036

SVM 0.025 0.041 0.028 0.032
TRF FIS 0.082 0.06 0.037 0.042

AMTL1 RBFN 0.066 0.047 0.030 0.028
MT LDA 0.038 0.039 0.038 0.037

SVM 0.025 0.040 0.028 0.032
TRF FIS 0.058 0.044 0.041 0.042

AMTL2 RBFN 0.065 0.050 0.030 0.028
MT LDA 0.021 0.027 0.039 0.035

accuracy, but this has to be moderated by the low TAR it provided. Actually,it is very likely
that LDA was in fact performing ambiguity rejection [MA06b] and not outlier rejection, which
could explain the results.

Concerning the reject options, the obtained AUC and TAR may appear as modest, but it
should be noted that they are in line with results found in the literature. For instance, the 3-
class SPBCI presented in the work of Schereret al obtained an averaged FAR of 16.9 % and
an average TAR of 28.4 % [SLS+ 08].

The most ef�cient methods in terms of rejection capabilities are RC and SC. However, RC
outperformed SC in terms of accuracy for a �xed FAR of 10 %. TRF had thelowest rejection
capabilities, even if with a low resource cost the use of multiple thresholds improved the results
as compared to a single threshold, especially for generative classi�ers.Indeed, regarding the
AUC in Table 5.2, it can be noticed that discriminant classi�ers, i.e., SVM and LDA, obtained
scores that are close to random classi�cation scores with TRF. However, it is interesting to note
that TRF provided the highest accuracy. This suggests that, implicitely, TRFalso performed
ambiguity rejection in addition to outlier rejection. It is also interesting to note that when
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Table 5.3: Classi�cation capabilities: average Accuracy (Acc), TAR andPrecison (Prec), in
percent, for a �xed FAR of 10%. The best results are displayed in bold characters.

SVM FIS RBFN LDA
SC Acc 74.1� 8 73.2� 5.2 73,9� 9 72.0� 4.7

TAR 38.2� 15.2 34.3� 16.6 37.0� 15 33.1� 17.7
Prec 69.1� 8.3 65.7� 11.6 68.3� 8.8 64.6� 12.1

RC Acc 83.4� 7.7 79.4� 7.3 80.2� 8.3 81.1� 7.3
TAR 40.0� 12.2 38.7� 15.2 38.2� 10.5 36.1� 12.3
Prec 70.8� 6.2 69.5� 7.8 70.0� 5.8 68.4� 7.4

AMTL1 Acc 84.1� 5.7 92.6� 7.1 82.7� 9.1 94.5� 5
ST TAR 16.3� 3.6 22.8� 4.9 20.1� 6.4 17.2� 8.8

Prec 50.5� 5.5 58.7� 5 55.0� 8.3 48.9� 16.5

AMTL1 Acc 84.1� 5.8 77.6� 8.1 83.5� 8.1 93.2� 4.8
MT TAR 16.2� 3.4 28.5� 11.1 22.2� 6.5 19.3� 2.2

Prec 50.4� 5.3 62.8� 8.8 57.6� 7.4 55.0� 3.2

AMTL2 Acc 83.8� 5.8 92.1� 6.4 75.9� 6.6 94.1� 3.9
MT TAR 16.2� 3.6 24.1� 4.7 22.5� 9.8 13.6� 6.3

Prec 50.4� 5.5 60.1� 4.7 56.8� 11.1 44.3� 12.9

considering only TRF, FIS reached the best rejection performances. As such, this con�rms
results obtained in Section 3.7, where FIS showed very good outlier rejection capabilities when
using TRF, as compared to other classi�ers. However, it seems that, overall, TRF may not be
the most appropriate method for SPBCI design.

The fact that non-linear classi�ers perform the best on this problem can be stressed. In-
deed, linear classi�ers, and especially LDA, are widely used in the BCI community, and they
are considered as the most ef�cient for a number of BCI problems [MAB03, BMK+ 06]. Cur-
rently, most BCI are synchronous, and linear classi�ers actually seem tobe appropriate for
this problem [LCL+ 07]. However, when it comes to SPBCI design, things seem to be dif-
ferent, and non-linear classi�ers seem to be the most ef�cient. Indeed,while linear methods
could be appropriate for discriminating two or three classes, they are veryunlikely to be able
to discriminate the IC states from all the possible mental states that compose the NCstate.

5.5 Conclusion

This chapter proposed to consider self-paced BCI design as a pattern rejection problem. As
such, it aimed at introducing new rejection techniques in the BCI �eld as well as identifying
the most appropriate ones for self-paced BCI design. More precisely,this chapter �rst intro-
duced two pattern rejection strategies for self-paced BCI design: the Reject Class (RC) and
the Thresholds on Reliability Functions (TRF) based on the Automatic Multiple Thresholds
Learning (AMTL) algorithm. Then, it compared the Specialized Classi�ers (SC), RC and TRF
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reject options using a Gaussian Support Vector Machine (SVM), a Fuzzy Inference System
(FIS), a Radial Basis Function Networks (RBFN) and a Linear Discriminant Analysis (LDA)
classi�ers, on left and right hand motor imagery data.

Our results �rst showed that using non linear classi�ers such as Gaussian SVM, FIS and
RBFN reached the best rejection performances. Our results also showed that using multiple
thresholds with TRF led to better performances than when using a single threshold, as done in
most current self-paced BCI based on TRF [dRMFB07]. Finally, they suggest that generative
classi�ers give the best performances when using TRF. Concerning the reject options, RC
outperformed SC which outperformed TRF. To conclude, we could thus recommend using the
RC reject option with nonlinear classi�ers for ef�cient self-paced BCI design. Future works on
this topic could consist in combining ef�ciently these different reject options. It would be also
interesting to study confusion rejection techniques in order to reduce the number of erroneous
classi�cations in BCI, and as such possibly increase the information transfer rate of the system.
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Chapter 6

Brain-Computer Interaction with
Entertaining Virtual Worlds: A
Quantitative and Qualitative Study
“out of the lab”

6.1 Introduction

Currently, a lot of Brain-Computer Interfaces studies are conducted inside laboratories, in
highly controlled conditions, and with relatively few subjects trained over a number of ses-
sions which may be large. A notable exception is the work of Gugeret al which evaluated a
BCI with 99 naive subjects during an exposition [GEH+ 03]. This work focused on the per-
formances of subjects who had to control a synchronous, 2-class BCIbased on 2 bipolar EEG
channels and a trained classi�er. Subjects were asked to imagine movements of their right-hand
or their feet and were provided with a simple 2D visual feedback. Their results showed that
93% of the subjects were able to reach an accuracy equal or greater than 60%. Besides, most
current studies are focused on the BCI performances and not on the subjects' preferences.

In the work presented in this chapter, we studied both the performances and the preferences
of 21 naive subjects during an exhibition. These subjects used a self-paced BCI, based on a
single EEG channel, which does not use machine learning of the mental state tobe detected.
The subjects could interact with an entertaining virtual reality application inspired from the
“Star warsTM” movie.

This Chapter is organized as follows: Section 6.2 describes the method employed for
this study. It presents the BCI system used (Section 6.2.1), the entertainingVR application
employed (Section 6.2.4) and the experiments conducted (Section 6.2.6). Then, Section 6.3
presents the results obtained, i.e., the subjects' performances (Section 6.3.1) and preferences
(Section 6.3.2). A concluding section ends this chapter.

133
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6.2 Method

During our experiments, subjects had to interact with a virtual reality application using a BCI.
This section describes the BCI we used, the virtual reality application and theorganization of
the experiments.

6.2.1 The BCI system

We have designed a simple self-paced BCI system based on real or imagined foot movements.
This BCI is based on a single EEG channel, located at position Cz and aims at detecting a
Beta Event Related Synchronisation (ERS), appearing posterior to the real or imagined foot
movement [Pfu99].

6.2.2 Preprocessing and feature extraction

In order to detect the post-movement Beta ERS, the EEG signal was �rst band-pass �ltered
in the 3-45 Hz band. Then, a single Band Power (BP) feature was extracted in the Beta band
(16-24 Hz) for the last second of data. This feature was extracted every 100 ms and the last
four consecutive features were averaged (with a moving average) in order to produce a smooth
Control Signal (CS).

6.2.3 Classi�cation

To detect the Beta ERS, and hence, the foot movement, we used a simple threshold Th. If
the computed CS was higher than this thresholdTh, a foot movement was detected (intentional
control state) and a command was sent to the application. If the CS was lower than the threshold
Th, the non-control state was detected and no command was sent to the application. This design
enables the user to control the BCI in a self-paced way. The value ofThwas simply determined
according to the meanµ and standard deviations of a CS epoch obtained while the subject was
relaxed, according to Equation 1.

Th= µ+ 3s (6.1)

This threshold determination procedure is similar to the one used in another virtual reality
application based on BCI [LFMP+ 07]. It should be noted thatTh is determined without using
any example of real or imagined foot movement. A such, this BCI does not learn the mental
state to be detected.

6.2.4 The Virtual Reality application: “Use the force!”

We have developed an entertaining Virtual Reality (VR) application, in orderto provide the
subjects with an engaging and motivating experiment. Our virtual environmentcorresponds
to the inside of a “Star WarsTM” mother ship, in which the subject could see a virtual space-
ship (a Tie-Fighter) and a static character (Darth Vader) (see Figure 6.1). The purpose of the
application was to lift the Tie-Fighter up by using the BCI. This task establishedan analogy
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between the use of the BCI and the use of “the force” in the Star WarsTM movie. As such, the
application was named “Use the force!”. More precisely, the Tie-Fighter was lifted-up when
the VR application received the corresponding command from the BCI. TheTie-Fighter was
lifted-up at a speed proportional to the value of the CS. When no command was received, the
Tie-Fighter went down.

Figure 6.1: View of the virtual environment of the “Use the force!” application.

6.2.5 Implementation

The VR application was developed with the OpenMASK VR platform [MAC+ 02, LCAA08]
and the BCI was developed with the OpenViBE BCI platform [RGC+ 07, Ope06b]. This BCI
platform enables a fast and �exible design of BCI scenarii by assemblingseveral modules. The
VR application and the BCI system were easily connected using the VRPN protocol, thanks to
dedicated modules of OpenViBE.

6.2.6 The experiment

Subjects participated in an experiment with a duration of approximately 45 minutes. This ex-
periment was divided into seven successive steps: electrode montage, signal visualization,
baseline, free interaction, real movement game, imagined movement game, questionnaire.
These steps are described in the following sections.

6.2.6.1 Electrode montage

The �rst step of the experiment consisted in �xing the electrodes on the subject's head. For
this experiment, only three electrodes were used: a ground electrode (located on the forehead),
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a reference electrode (located on the nose) and the Cz electrode, whichis located over the
foot motor representation area of the brain (see Figure 1.2). Electrode Cz was �xed using an
adhesive paste instead of a cap, for a faster setup. The EEG data acquisition machine used was
a Nexus 32b from the Mind Media company. A view of the setup of the whole experiment is
displayed on Figure 6.2.

Figure 6.2: Experimental setup.

6.2.6.2 Signal visualization

During the second step, subjects were shown their own EEG signal recorded at Cz (band-pass
�ltered in 3-45 Hz) while they were clenching their teeth or blinking. This aimed at showing
them the need to be as relaxed as possible during the experiment and the need to avoid blinking.
During the next steps, subjects were regularly reminded to stay as relaxedas possible.

6.2.6.3 Baseline

During this step, subjects were only asked to stay relaxed. Once they wererelaxed, 20 seconds
of EEG signal were recorded and converted into a CS which was used to computeTh using
Equation 6.1.

6.2.6.4 Free interaction

During this step, subjects could interact freely with the VR application by usingreal foot move-
ments. When the BCI detected a Beta ERS, the Tie-Fighter was lifted-up. Alternatively, the
CS was shown to the subjects so that they could see the impacts of real foot movements on the
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Beta power. This step aimed at making subjects familiar with the application and with the task.
If a subject seemed unable to lift the spaceship, the baseline step was performed again, in order
to obtain a new ThresholdTh. Then, the next steps followed.

6.2.6.5 Real movement game

Subjects were invited to participate in a video-game-like experiment. During this game, sub-
jects had to lift the Tie-Fighter up, by performing real foot movements duringspeci�c periods
instructed by the application. These instructions were used to evaluate the system but were not
used by the BCI for classifying the input data. Actually, the user could lift the Tie-Fighter up at
any time and all the game long, independently from the instructions. In other words, we used a
"paced test environment" to evaluate this self-paced BCI [MKH+ 06].

The game was composed of 10 trials. Each trial lasted 10 s, and was dividedinto 3 phases
(see Figure 6.3): 1) A resting phase lasting 4 seconds during which no speci�c task was given
to the subject. 2) A “move” phase, lasting 3 seconds, during which the subject was instructed to
perform real foot movements. The instruction was given using a green text “move” appearing
on the screen. 3) A “stop” phase lasting 3 seconds, during which the subject was instructed to
stop performing the movement in order to lift the Tie-Fighter up. The instructionwas given
using a red text “stop moving” appearing on the screen. If the subject managed to lift the Tie-
Fighter up during this third phase, his score was increased and displayedusing a yellow gauge
located on the left corner down the screen.

Figure 6.3: Temporal structure of a trial of the VR game.

6.2.6.6 Imagined movement game

This game was identical to the previous one except that subjects were instructed to perform
imagined foot movements instead of real foot movements. We instructed subjects to perform
kinaesthetic motor imagery rather than visual motor imagery [NSRP05]. Indeed, it has been
shown that kinaesthetic motor imagery triggered higher ERS/ERD than visual motor imagery,
over the sensori-motor areas. As such, it leads to better classi�cation performances [NSRP05].
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6.2.6.7 Questionnaire

After the experiment, subjects were asked to �ll in a subjective questionnaire. This question-
naire gathered various questions related to their feelings during the BCI experiment. They were
also encouraged to give free comments and remarks regarding the whole BCI system and the
VR application. An excerpt of the questionnaire can be found in Annex E.

6.3 Results

The experiments took place during the Laval Virtual 2008 VR exhibition, on abooth. As
such, the environment was a noisy environment with people moving and talkingaround. 21
naive subjects (mean age: 33.48� 9.14), 18 males and 3 females, participated voluntarily to the
experiment. No selection was performed and all volunteers were accepted. All subjects gave
their written informed consent before the experiment. Detailed information about subjects
can be found in Annex F. This section describes the subjects' performances as well as the
qualitative and quantitative data extracted from the questionnaires �lled by the subjects.

6.3.1 Subjects' performances

We assessed the subjects' performances by computing the number of TruePositives (TP) and
False Positives (FP) they obtained during the games [MKH+ 06]. We counted a single TP when
the CS value became higher than the thresholdThonce or more times during the “stop moving”
phase (see section 6.2.6). We counted a single FP when the CS value becamehigher than the
thresholdThonce or more times during the “move” phase, during which a Beta Event Related
Desynchronisation (ERD) should be observed and not a Beta ERS. What happened during the
resting phase was not taken into account in the performance analysis. From the FP and TP,
we computed the Hit-False (HF) difference, which corresponds to the number of TP minus
the number of FP [MKH+ 06]. Performances obtained by subjects are summarized in Figures
6.4, 6.5 and 6.6, under the form of absolute frequency diagrams for TP and HF difference.
They show the number of subjects who obtained a given performance, for real and imagined
movement games separately. The detailed performance results are gathered in Annex F.

These diagrams show that about half of the subjects (12 subjects out of 21) reached an HF
difference� 3 using real movements, and that about a quarter (5 subjects out of 21) reached
an HF difference� 3 using imagined movements. According to simulations performed as
described in [MPP08], a system which reach an HF difference� 3 with 10 trials per class, is
better than a randomly performing system (one-tailed test) with a probability of type I error
� 0:054. This suggests that roughly half of the subjects had at least a small control over
the Tie-Fighter using real movements and that a quarter had at least a small control using
imagined movements. The mean HF difference was 3:14� 2:24 for real movements and 1:33�
2:03 for imagined movements while the mean TP was 4:95� 2:18 for real movements and
2:67� 2:08 for imagined movements. These results may appear as modest but one should
consider the fact that subjects were naive and untrained and that a very simple BCI design
was used. Actually, we used a single EEG channel, placed at a standard location (i.e., a non-
optimized location) and we used a single feature, based on a standard frequency band (i.e., a
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Figure 6.4: Absolute frequency diagrams for True Positives (TP), forreal or imagined move-
ments.

Figure 6.5: Absolute frequency diagrams for False Positives (FP), forreal or imagined move-
ments.

non-optimized frequency band), with a simple threshold. This enhances theneed to use feature
extraction and classi�cation algorithms that can learn subject speci�c information (such as
FuRIA or FIS) in order to design a more optimal and ef�cient BCI.
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Figure 6.6: Absolute frequency diagrams for HF difference, for realor imagined movements.

6.3.2 Subjective questionnaires

The structured questionnaire �lled by the subjects enabled us to extract twokinds of data (see
Annex E for more details):

• quantitative data as subjects were asked to grade questions related to their feelings.

• qualitative data as subjects were also asked to answer several open questions.

The data gathered and their analysis are described in the following sections. The raw data can
be found in Annex F.

6.3.2.1 Quantitative data

Subjects were asked to grade questions by giving a mark between 1 and 7.Table 6.1 dis-
plays the average marks given by the subjects for the two conditions (realmovement game and
imagined movement game) according to various criteria.

Our results �rst showed that the experiments did not seemtiring for the subjects. The exper-
iments with imagined movements seemed however moretiring than that with real movements.
However, this difference is not statistically signi�cant (Wilcoxon testW = � 28, p > 0:1). De-
spite the use of paste and gel to �x the electrodes, subjects found the experimentcomfortable
(global mean for question 2: 5:19� 1:23). According to oral discussions with subjects, it
seemed that their curiosity and will to test a BCI was stronger than their apprehension to have
gel in their hair.
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Answer for Answer for
Question real movements imagined

movements

Q1- Did you get tired because of the experiment? 1:76� 1:04 2:05� 1:40
(1: not tired at all, 7: very tired)

Q2- Did you �nd the experiment comfortable? 5:10� 1:26 5:29� 1:23
(1: not comfortable at all, 7: very comfortable)

Q3- Did you feel that you could control the spaceship
(that is, that you could lift it voluntarily?) 3:95� 1:80 2:81� 1:86
(1: you didn't feel you could control it at all,
7: you controlled it perfectly)

Q4- Did you feel frustration or annoyance during the
experiment?
(1: neither frustration nor annoyance, 2:33� 1:56 3:29� 1:65
7: a lot of both frustration and annoyance)

Table 6.1: Average marks given by the subjects in the questionnaire, for the two conditions.

Concerning thecontrol, it seems that subjects felt to have an averagecontrol over the
spaceship using real movements whereas they felt to have a lowercontrol using imagined
movements. As expected, subjects had signi�cantly more troublecontrolling the spaceship
using imagined movement than using real movements (W = 79, p < 0:01). Globally, subjects
were able to assess properly their performances, as the marks they gavefor question 3, related to
their feeling ofcontrol, are signi�cantly correlated with the HF differences obtained (Spearman
correlationrs = 0:63, p < 0:00001). Concerning only imagined movement games, the marks
given by subjects to question 3 are signi�cantly correlated with both the HF difference and
the TP rate they obtained (p < 0:05). Interestingly enough, this correlation is slightly higher
between the marks and the TP rate (rs = 0:56, p < 0:01) than between the marks and the HF
difference (rs = 0:51, p < 0:05). This is not the case for real movement games for which
there is no correlation between the marks and the TP obtained (rs = 0:31, p > 0:05). This
might suggest that for a dif�cult task such as lifting the spaceship using imagined movements,
subjects paid more attention to the fact that the spaceship went up when it should have (TP)
than when it should not have (FP).

Finally, questionnaire answers showed that subjects found real movement games not really
frustrating or annoyingwhereas imagined movement games where morefrustrating andan-
noying. The difference between the two conditions is signi�cant (W = � 64, p < 0:05). This
frustrationmight be due to the increased dif�culty to lift the spaceship with imagined move-
ment. However and surprisingly, there is no correlation between thefrustrationfelt by subjects
during the imagined movement games and their performance, i.e., the HF difference they ob-
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tained, (rs = � 0:11, p > 0:05) nor between thefrustration felt and the subject impression of
control (rs = 0:26, p > 0:05). One explanation could be related to the absence or lack of visual
feedback. Indeed, during imagined movement games, subjects had generally less feedback as
the spaceship was lifted up less often or it was lifted up less high and stayed inthe air a shorter
time. This may suggest that less feedback leads to more frustration, whatever the performance.
This seemed to be con�rmed by oral discussions with subjects.

6.3.2.2 Qualitative data

Thanks to the use of open questions, the questionnaire enabled us to investigate which kinds of
imagined movements the subjects performed, as well as to obtain their remarks andcomments
concerning the application itself.

Regarding the kinds of movement imagined by the subjects, it is interesting to notethat
a large variety of strategies where employed. For instance, subjects reported that they imag-
ined themselves swimming, running, taping their feet, braking and accelerating, walking or
using stairs. A subject even reported that he was “imagining putting his feetbehind the head”.
Unfortunately, this strategy did not enable him to control the spaceship (HFdifference = -
2). 33 % of the subjects (7/21) reported they imagined the same foot movementas the one
they did in the real movement game, whereas 48 % (10/21) reported they imagined a different
movement. On average, subjects for whom the real and imagined movements were the same
obtained better results (mean HF=3� 2:67) than the others (mean HF=0:8� 1:75). However,
this difference is not statistically signi�cant (Mann-Whitney testU7;10 = 20, p = 0:16), but
it would be interesting to study this point further in the future, by using a dedicated experi-
ment. The questionnaires also revealed that 33 % of the subjects (7/21) imagined themselves
as performing a sports movement. Interestingly, 62 % of the subjects (13/21)reported they
used a single strategy during the experiments whereas 33 % (7/21) reported they used several
strategies. However, there is no difference between these two groups interms of performances
(U13;7 = 41, p = 0:75).

Concerning the free remarks of subjects, it is interesting to note that 3 subjects complained
about the dif�culty to concentrate considering the environment they were in, i.e., an exhibi-
tion. They would have prefered to be in a more isolated place. This point appears as a strong
problem which is independent from algorithms and it would have to be resolved, in a way or
another, in order to use BCI in public places. Most subjects reported thatthey found the ap-
plication and the interface well designed, enjoyable and motivating. These remarks are in line
with previous studies that showed that VR could increase the motivation of subjects for BCI
[LSF+ 07]. Finally, another valuable comment made by 2 subjects concerned the frustration
they felt due to the absence or lack of feedback when they did not succeed to lift the spaceship.
They suggested that an additional or more complete feedback could be used in order to give
them more information and, possibly, improve their learning.

6.4 Conclusion

This chapter reported on an evaluation of a self-paced BCI application conducted with 21 naive
subjects. We studied both performances and preferences of subjects placed voluntarily in a
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challenging situation: �rst-time session, no human learning, no machine learning of the mental
state to be detected, “out of the lab”, use of a single EEG channel. Subjectsinteracted with an
entertaining Virtual Reality application and were asked to control the take-off and height of a
virtual spaceship by using real or imagined foot movements.

Results showed �rst that, without training, roughly half of the subjects were able to control
the application by using real foot movements, and a quarter were able to control it by using
imagined foot movements. These relatively modest performances enhancethe need for algo-
rithms that can learn and use subject speci�c information, such as FuRIA or FIS, in order to
increase performances. It should also be recalled that the context waschallenging for the sub-
jects, as it was their �rst BCI use, they were in a noisy environment and they used a BCI based
on a single channel and a single feature.

Taken together, the results of the subjective questionnaire stressed the importance of the
mental strategies and the visual feedback. More precisely, results suggested that a lack or an
absence of feedback during the detection of the non-control state couldlead to an increased
frustration for the subjects. Results also suggested that subjects could give more attention to
true positives than to false positives during games based on imagined movements. Thus, when
designing a self-paced BCI, we recommend to provide subjects with a continuous feedback,
and to provide feedback (possibly a different one) even when the non-control state is detected.
For instance, we could imagine a feedback indicating the subject how close he is from the
intentional control state. This may be likely to reduce the subject frustration,to improve his
motivation and possibly accelerate his learning. In addition, results of this evaluation showed
that subjects enjoyed their BCI experience with the VR application, thus con�rming that VR
could indeed increase the motivation of BCI users [LSF+ 07].

This �rst study of brain-computer interaction with virtual worlds has enabled us to gather
some relevant information for further designs. First, concerning the BCIitself, it is clear that
we should use trainable algorithms in order to obtain better performances. Second, concern-
ing the VR application, we should pay a particular attention to the feedback provided to the
user. Indeed, this feedback should be continuous, provided at any timeand as informative as
possible. These guidelines have enabled us to design a second BCI application that enables a
user to visit a virtual museum by thoughts. The related BCI, VR application and the associated
experiment are described in the next and last chapter of this manuscript.
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Chapter 7

Exploring a Virtual Museum by
Thoughts with Assisted Navigation:
First Steps

7.1 Introduction

In the �eld of BCI-based interaction with VR, the works achieved so far (see Section 1.7.2) have
shown that brain-computer interfaces could be used as promising interaction devices for explor-
ing virtual environments. However, current interaction techniques usedfor navigating Virtual
Environments (VE) by thoughts remain relatively basic and do not compensate for the small
number of commands available for the subject. Indeed, interaction techniques presented so far
are mostly based on very low-level commands, with generally a direct association between Mo-
tor Imagery (MI) tasks and turning left or right, or moving forward in the VE. We believe that
high-level commands should be more exploited in order to provide a more �exible, convenient
and ef�cient system (in terms of speed of task execution). In such a system, most of the com-
plex tasks would be carried out by the system whereas the user would onlyhave to provide a few
and very high-level commands to accomplish the desired tasks. Such a principle is currently
being applied to brain-computer interactions with robots [dRMRMG04, VML+ 07, RBG+ 07].
We believe that appropriate interaction techniques in VR should be designedin order to use
more ef�ciently the few commands provided by a BCI.

In this chapter, we present a BCI-based application of Virtual Reality (VR) which enables
a user to visit a virtual museum by using thoughts only. In order to exploit ef�ciently the
small number of commands provided by a BCI, we propose here a novel interaction technique
for BCI-based VR applications. This interaction technique enables the user to send high-level
commands, leaving the application in charge of most of the complex and tedious details of the
interaction task. Indeed, our interaction technique proposes the user to explore the museum
by selecting points of interest such as artworks or navigation points (i.e., cross roads, room
entrance, etc). The user can select these points thanks to successivebinary choices. Once a
given point of interest is selected, the application will be in charge of performing the interaction
task such as navigating from the current point to the selected point or observing a given artwork.
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In addition, we present a self-paced BCI system which can provide its users with 3 different
commands. This BCI is used as the interaction device of our VR application.

A �rst evaluation of our system is achieved in order to assess if a subjectcan navigate in
the museum by using our interaction technique and in order to compare performances with the
state-of-the-art techniques.

This chapter is organized as follows: Section 7.2 presents the interaction technique we
proposed in order to explore a virtual museum. Then, Section 7.3 presentsthe design of the self-
paced BCI used to interact with this VR application. Section 7.4 describes the �rst evaluation
achieved and the obtained results. Finally, Section 7.5 discusses the resultsand concludes.

7.2 The VR application and the interaction technique

The aim of our VR application is to enable a user to visit a virtual museum by using thoughts
only. This application should enable this user to navigate in the virtual museum and to look
at the artworks displayed in this museum. This VR application should be controlled by a self-
paced BCI system which can provide its user with 3 commands, respectivelyassociated to left
hand, right hand and foot Motor Imagery (MI). In order to provide theuser with a �exible
interface and several possible choices of tasks though using only 3 mental commands, we
propose a new interaction technique which relies on a binary tree approach. This technique is
described in the following.

7.2.1 Selection of interaction tasks

In our application, the tasks available to the user at a given instant are organized according to a
binary tree structure. This means that the possible tasks are recursivelydivided into two subsets
of tasks and are placed at the node and leaves of a binary tree. In order to select a speci�c task,
the user should �rst select one of the two subsets of tasks displayed, byusing either left hand
motor imagery (to select the �rst subset) or right hand motor imagery (to select the second
subset). This choice done, the selected subset of tasks is again dividedinto two subsets and
displayed to the user who shoud make another choice. This means that the current node of
the binary tree has been changed to the root node of the left or right subtree. This process is
repeated until the selected subset contains only a single task (i.e., until a leafof the binary tree
is reached), which task is then carried out by the system.

BCI systems are not perfect mental state recognizers and they tend to makemistakes by
recognizing a mental state instead of another one. Moreover, the user can also make human
mistakes and select the wrong task or subset of tasks. The user may also change his mind, and
may �nally want to do another task. Thus, we also provided the user with an “undo” option.
At any time, the user can perform foot motor imagery in order to cancel the last choice he took.
As a consequence, the current choice will be changed to a choice whichcorresponds to the
previous node in the binary tree.

Based on this task selection principle, two navigation modes are provided to theuser: the
free navigation mode and the assisted navigation mode. The user can switch from one mode
to the other by using the task selection principle described above. In otherswords, at the top
of the binary tree, the user can select the free navigation mode by using right hand MI, and
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the assisted navigation mode by using left hand MI. When the user leaves a given mode by
using the undo option (foot MI), the other mode is automatically selected in order to save time.
Figure 7.1 displays the architecture of this binary tree.

Figure 7.1: Architecture of the binary tree used for task selection. It should be noted that the
architecture of the subtree surrounded by a red line is dynamic. Indeed,the number of nodes
in this subtree and their arrangement depend on the user's view point (see Section 7.2.2 for
details).

It is worth noting that, thanks to the binary tree selection principle, any numberof new
modes or tasks can be easily added to the interface. The section hereafterdescribes the two
modes implemented in our current application, the core of our contribution being the assisted
navigation mode which provides high-level commands to the user.

7.2.2 Assisted navigation mode

In the assisted navigation mode, the user can select points of interest by using the binary tree
selection mechanism presented before. The points of interest that the user can select at a given
instant depend on his position and �eld of view, as the user can only selectvisible points of
interest. The points of interest located the farthest on the left of the user's �eld of view are
placed on the left leaves of the binary tree whereas the points located the farthest on the right
are placed on the right leaves. As such, the user can naturally use left hand MI to select the set
of points on the left, and right hand MI to select the set of points on the right.The points of
interest could be either artworks or navigation points.
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Artworks represent any object exposed in the museum that is worthy of interest, such as
a painting, a picture or a statue. To be identi�ed by our application as artworks, these objects
have to be listed in an XML �le. This �le should contain the name, position, orientation and
3D model of each of these objects. It should also contain the kind of artwork each object
is. Indeed, different kinds of interaction can be proposed to the user according to the kind
of artwork. For instance, concerning a painting, the user could need to focus and zoom on
some parts of the painting in a 2D manner (a painting being generally 2D). On theother hand,
concerning a statue, the user could need to turn around the statue to observe it from various
points of view. As such, a different kind of interaction is needed for a statue or for a painting,
for instance.

Navigation points are points that the user can navigate to. More precisely, inorder to walk
in the virtual museum, the user just needs to select the next navigation point from the available
navigation points, using the binary tree selection technique. The application automatically
drives the walk from the current point to the selected one. This relieves the user from all the
cumbersome details of the trajectory to go from one point to the other. During this assisted
walk, the user can perform foot MI at any time (i.e., undo) in order to stop the walking where
he is. This could be useful if the user changes his mind or if, during the walk, the user spots an
interesting artwork, not visible previously. Interestingly enough, these navigation points can be
generated automatically by our application, by extracting topographical information from the
geometry of the virtual museum (see Section 7.2.5).

7.2.3 Free navigation mode

This navigation mode is a simple mode which provides low-level commands to the user. It
enables the user to rotate the camera towards the left or towards the right byusing left hand
or right hand MI respectively. As such, this navigation mode is equivalent to what has been
proposed in [FLG+ 07, LSL+ 04, FTH08]. In our application, this mode enables the user to look
around its current position, in order to localize his next destination or to lookfor a given art-
work. Once this destination or artwork is localized, the user can employ the assisted navigation
mode in order to reach quickly the corresponding point.

7.2.4 Graphical representation and visual feedback

Providing relevant feedback to any VR user is essential (e.g., see [SLMA06]). This is partic-
ularly important for BCI-based applications as the user can only rely on thefeedback to know
whether he correcly performed a given mental task [WBM+ 02]. Moreover, our results from
Chapter 6 have suggested that, for self-paced BCI-based VR applications, providing a contin-
uous and informative feedback at any time may reduce the user's frustation and improve his
learning.

In our application, various colored icons are displayed dynamically on screen (see Figure
7.2). Among these icons, 3 are continuously displayed: these icons provide feedback on the
mental states identi�ed by the classi�er. These 3 icons represent a left hand (in blue), a right
hand (in yellow) and feet (in green) and are naturally associated to left hand MI, right hand MI
and foot MI, respectively. When the VR application receives a given mental state from the BCI
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classi�er, the size of the corresponding icon increases. As long as the same mental state is being
received, the size of the icon keeps increasing until the number of consecutive states required
is reached. Indeed, to make the control of our VR application more robust, we require that
the same mental state is received several times in a row in order to execute the corresponding
command. In other words, we used a dwell time (see Section 7.3 for details). Dynamically
changing the icon size depending on the classi�er output enables us to provide feedback to the
user even when the non-control state (any mental state except the targeted MI states) is �nally
detected, as our results from Chapter 6 suggest. When the icon reachesits maximum size,
the corresponding command is executed. This command is also represented on screen under
the form of an icon placed next to the corresponding mental state icon, anddisplayed with
the same color. This aims at informing the user of what will happen if he performs a given
mental command. As the available commands depend on the mode used (e.g., assisted or free
navigation mode), the icons representing the commands are also dynamically changed.

Figure 7.2: Graphical representation of the BCI-based virtual museum application.

The visible points of interest are displayed in the museum using colored pins (see Figure
7.2). When using the assisted navigation mode, the user can select these points to go automat-
ically from point to point. In this mode, the point or the set of points that can beselected using
left hand MI are displayed in blue (the left hand icon is also displayed in blue) whereas the
point or the set of points that can be selected using right hand MI are displayed in yellow (the
right hand icon is displayed in yellow). The other points, which cannot be selected anymore,
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are displayed in red and black. Figure 7.3 displays an example of selection of navigation points,
on which we can see these colored pins. When selecting these points of interest, no command
icon is displayed on screen, as the points of interest are colored themselves according to the
mental command needed to select them.

Figure 7.3: Example of use of the assisted navigation mode, with navigation points. Here, the
user �rst selects the assisted navigation mode by using left hand MI from the starting node of
the binary tree. Then, he selects the set of two navigation points located on the left by using
again left hand MI. From these two points, he �nally selects the one on the right by using right
hand MI. The application automatically drives the walk to this point. Picture 4. displays the
user's view during this walk.

7.2.5 Implementation

Various tools have been used in order to design this application. In this section, we �rst present
the tool and the algorithm used to generate the navigation points and to compute automatically
trajectories between these points, i.e., to perform path planning. Then we present the general
software architecture of our VR application.
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7.2.5.1 Generation of navigation points and path planning

In order to generate the navigation points, and to automatically compute the trajectories be-
tween two of these points, our application relies on the TopoPlan (Topological Planner) al-
gorithm, developped by Dr. Fabrice Lamarche. TopoPlan is a computer software dedicated
to the automatic processing of 3D virtual environments in order to enable entitiesto navigate
automatically in these environments. Using the non-organized 3D geometry, TopoPlan �rst
computes an exact 3D spatial subdivision of the corresponding environment. From this subdi-
vision, and using various morphological information on the navigating entity (e.g., size, width,
. . . ), Topoplan can extract a 3D topology of the environment. This topology de�nes the areas
that can be navigated and their accessibility. From this 3D topology, different constraints are
extracted, such as the boundaries of the obstacles or the borders of stair-steps. These constraints
are used to compute a set of 2D topologic maps. Such 2D topologic maps are spatial subdivi-
sions of the environment plane (in 2D). For 3D environments with multiple levels,several 2D
maps are extracted so as to cover the whole environment. These topologic maps are computed
using a slightly modi�ed version of the constrained Delaunay triangulation [LD04]. Two kinds
of constraints are used in this triangulation: obstacles or steps. The generated triangulation is a
partition, in triangles, of the convex hull of the environment. This partition contains three kinds
of segments: obstacle, step and free segments. As an example, Figure 7.4 displays the result of
the subdivision of the building of the museum used in Section 7.4.1 (see Figure7.9 for a view
of the 3D model of this museum).

Figure 7.4: Example of the subdivision map of the building of a museum. The obstacles (here
walls) are displayed in red lines whereas the results of the subdivision aredisplayed in green
lines.
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Each segment with the type “step” or “free” can be crossed in order to navigate between
the triangles. In order to automatically compute a path within the environment, a roadmap is
generated for each topological map. Such a roadmap is composed of a setof points representing
good con�gurations for the navigating entity. We denote as a con�gurationa 2D point on which
an entity can be located without colliding with the environment. As such, a con�guration takes
into account the size of the entity. In the roadmap, these con�gurations areconnected by
straight line paths along which the entity can navigate. Each con�guration is generated on a
segment with the type “step” or “free”. The con�gurations are generated so as to maximize the
distance to the surrounding obstacles. Then, a path is generated betweentwo con�gurations if
and only if these two con�gurations are generated on two different segments which delineate
the same triangle, and only if the path which connects them is free of collision. Figure 7.5
displays, as an example, the roadmap extracted from the museum building by using TopoPlan.

Figure 7.5: Example of a roadmap, in black lines, extracted using TopoPlan from a museum
building.

By using these different data structures, it is possible to plan and to follow apath in order
to navigate automatically from one con�guration of the environment to the other.

Concerning the assisted navigation mode of our application, the challenge was to �nd a
small number of signi�cant navigation points that enable the user to navigate the VE by se-
lecting these points. To this end, we propose to �lter the roadmap in order to extract a subset
of relevant con�gurations. To do so, all the con�gurations from the roadmap are �rst given a
mark. This mark corresponds to the distance between the con�guration andthe nearest obsta-
cle. In other words, the highest a con�guration mark, the more this con�guration maximizes
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the coverage of the environment. The different con�gurations are thenanalysed by decreasing
order of their associated mark. Let us de�neS(p), a function which associates to each con-
�guration p its successors in the graph representing the roadmap. A con�gurations2 S(p) is
removed from the roadmap if and only if for all con�gurationsx 2 S(s), the path(x; p) is valid.
If a con�guration s is removed, the paths(x; p) such thatp 2 S(s) are added to the roadmap.
This process is repeated until the algorithm converges. This algorithm enables us to �lter the
roadmap by keeping, in priority, the con�gurations which maximize the visibility onthe VE.
As such, it can greatly simplify the roadmap while ensuring that there is at least another visi-
ble con�guration which can be selected to navigate the VE. The navigation points used in our
virtual museum application correspond to the con�gurations that have been selected after the
�ltering.

However, even if these points appeared as functional, some of them did not have an optimal
position. For instance, some navigation points were located in the corners ofthe rooms, which
made it inconvenient to go from one room to the other or to observe the room.As such, after
this automatic generation of points, we can perform a manual optimization of theirpositions
and eventually remove/add some points. However, it is worth noting that Topoplan can still
generate automatic trajectories from point to point, be the points generated automatically or by
hand.

7.2.5.2 General software architecture

In order to use our BCI-based VR application, some of�ine operations are required beforehand.
The main requirement is to have a 3D model of the virtual environment. For ourevaluations,
we used the Google SketchUp1 modeling tool in order to create the 3D model of the virtual
museum. In addition, an XML �le, which contains the pathname of the artwork 3Dmodels
and the positions and orientations of these models in the museum, should be written. From the
museum 3D model and the XML �le, our application uses Topoplan to automaticallygenerate
the topology, the roadmap(s) and the points of interest of the virtual museum.Optionally,
these points of interest can be manually optimized. Concerning the BCI system,we used the
OpenViBE2 platform [RGC+ 07]. OpenViBE is indeed used to generate the self-paced BCI
using a set of training EEG signals recorded previously from the subject.The general software
architecture of these of�ine operations is displayed in Figure 7.6.

Concerning the online use of our VR application, the corresponding software architecture
is displayed in Figure 7.7. Within this architecture, OpenViBE is used to implement the BCI,
here used as an interaction device for the VR application. Indeed, OpenViBE sends commands
to the VR application via VRPN (Virtual Reality Peripheral Network) [THS+ 01]. The kernel
of our VR application is the interaction engine. This software module processes the commands
received from the BCI in order to perform the corresponding interaction tasks. It is also in
charge of automatically generating the dynamic part of the binary tree, according to the user's

1http://sketchup.google.com/
2http://www.irisa.fr/bunraku/OpenViBE
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Figure 7.6: Software architecture for of�ine operations.

view point in the museum. The interaction engine uses the Ogre3 3D engine to render the
museum and to display the visual feedback. Finally, the interaction engine uses Topoplan in
order to perform the automatic navigation between two points of interest.

It is worth noting that any virtual museum could be used within our application.Indeed, gen-
erating the navigation points can be done completely automatically using only the geometry
of the VE, thanks to Topoplan. Alternatively, the points can be generated by hand simply by
providing their coordinates. Moreover, the generation of the trajectoriesfrom point to point is
done completely automatically, still thanks to the analysis of the VE geometry by Topoplan.
In this chapter, we focused on interaction tasks in a virtual museum. However, as our appli-
cation has been designed in a generic way, it should enable users to interact with other virtual
environments such as virtual apartments for instance.

7.3 The Self-Paced BCI

As mentioned earlier, our VR application is controlled by a self-paced BCI based on MI which
can provide its user with 3 mental commands. As such, this BCI is a 4-state self-paced BCI. It
can indeed recognize the 3 mental states associated to each command - the Intentional Control
(IC) states - plus the Non-Control (NC) state, i.e., any mental state that doesnot correspond

3http://www.ogre3d.org/
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Figure 7.7: Software architecture for online operations.

to a control command. In this chapter, we describe the design of a 4-state self-paced BCI
based on MI. The following sections describe the electrodes used in our BCI as well as the
preprocessing, feature extraction and classi�cation methods we used to design it.

7.3.1 Electrodes used

In order to record the MI brain signals, we used 13 EEG electrodes, located over the motor
cortex areas. These electrodes were FC3, FCz, FC4, C5, C3, C1, Cz, C2, C4, C6, CP3, CPz
and CP4 according to the 10-10 system [AES91] (see Figure 7.8).

7.3.2 Preprocessing

As the preprocessing step, we �rst band-pass �ltered the raw EEG signals in the 4-45 Hz
frequency band as this frequency band is known to contain most of the neurophysiological
signals generated by MI [PN01]. Moreover, performing such a �ltering can reduce the in�uence
of various undesired effects such as slow variations of the EEG signal (which can be due, for
instance, to electrode polarization) or power-line interference (50 Hz in France). To achieve
this �ltering, we used a Butterworth �lter of order 4. In order to enhance the brain signals of
interest, we also used a Surface Laplacian (SL) spatial �lter [MMDW97] over C3, C4 and Cz,
leading to three Laplacian channels C3', C4' and Cz' obtained as follows:

C30= 4C3� FC3� C5� C1� CP3 (7.1)

C40= 4C4� FC4� C6� C2� CP4 (7.2)
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Figure 7.8: Placement of electrodes in the 10-10 international system. The 13 electrodes we
used in our BCI are displayed in red.

Cz0= 4Cz� C1� C2� FCz� CPz (7.3)

Indeed, channel C3', Cz' and C4' are respectively located over theright hand, foot and left
hand motor cortices. Features were extracted from these three new channels.

7.3.3 Feature extraction

For feature extraction we used Band Power (BP) features. To obtain a more ef�cient BCI, we
extracted several band power features for different frequency bands for the different Laplacian
channels and selected the most relevant ones using the Sequential Forward Floating Search
(SFFS) feature selection algorithm [PFK94]. This algorithm is indeed one of the most popular
and ef�cient feature selection techniques [JZ97]. More precisely, weinvestigated BP features
extracted in 2 Hz wide frequency bands between 4 and 34 Hz, with a 1 Hz step, and selected
the 12 most ef�cient features using the SFFS algorithm. We indeed observed that using more
than 12 features did not increase signi�cantly the performance whereasit increased the com-
putational burden. As our BCI is a self-paced BCI, it requires continuous classi�cation of EEG
signals. Consequently, we extracted a BP feature vector 16 times per second, over the last 1 s
time window (i.e., using a sliding window scheme).
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7.3.4 Classi�cation

For classi�cation we used the Fuzzy Inference System (FIS) presented in Chapter 3, i.e., the
Chiu's FIS [Chi97b]. Indeed, as presented in Chapter 5, non-linear classi�ers such as FIS
have been shown to be the most ef�cient ones for self-paced BCI design. In order to design a
self-paced BCI we relied on a pattern rejection approach (see Chapter 5). More precisely, we
used the reject class technique, as this seemed to be the most ef�cient methodaccording to our
results from Chapter 5. With this technique, our FIS classi�er will have to deal with 4 classes:
one for each mental state used for control (IC states), and one class for all other mental states
(NC state).

In order to make our self-paced BCI more robust, we also used a dwell time and a refractory
period [TGP04]. When using a dwell time, a given control command is generated only if the
classi�cation identi�es the same classND times in a row. Similarly, when using a refractory
period, theNR classi�cations which immediatly follow the identi�cation of an IC state will
be forced to the NC state. These two techniques lead to less False Positives (FP), i.e., to less
identi�cations of an IC state instead of an NC state. In our system we usedND = NR = 7 (these
values were de�ned experimentally).

7.4 Evaluation

We performed a �rst evaluation of our application in order to know whetherthe interaction
technique we proposed was usable and ef�cient. To do so, we studied theperformances of
one subject who used our interaction technique to navigate from room to room in the virtual
museum. As a comparison, the subject also had to perform the same task by using the current
state-of-the-art navigation technique in VR when using a BCI: the technique of Schereret al
[SLS+ 08], i.e., turning left, turning right or moving forward by using left hand, right hand and
foot MI, respectively (see [SLS+ 08] or Section 1.7.2 for more details about this work). This
enabled us to compare our high-level approach to a low-level one. It should be noted that we
used the same BCI design (the BCI presented in Section 7.3) for both interaction techniques.
Consequently, this BCI design is different from the one used by Scherer et al [SLS+ 08], as
we used a different classi�cation algorithm, different electrodes, different signal processing
techniques, etc. Moreover, in this chapter we aim at comparing the interaction techniques, but
not the BCI designs. It should also be mentioned that we did not use a refractory period with
the interaction technique of Schereret al. Indeed, this enabled the user to maintain the MI task
in order to maintain the movement in the museum (rotation or forward translation) and as such
to move continuously rather than by periods. During such continuous forward translations, the
user moved by about 25 cm for each corresponding classi�er output, the classi�er providing an
output 16 times per second.

As a measure of performance, we evaluated the time needed by the subject toperform
different navigation tasks. As this evaluation was dedicated to navigation tasks, artworks were
not considered during this experiment, which means they could not be selected by the user.
However, artworks were still displayed in order to provide an engaging VE. The next sections
describe the virtual museum used, the population and apparatus, the task the subject had to do,
the experimental procedure and �nally the results obtained.
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7.4.1 Virtual museum

As the virtual environment used in our evaluation, we developed a �ctionalvirtual museum.
This museum contains several pictures of landmarks from various countries as well as some
statues (see Figure 7.2). This museum is composed of 8 different rooms each one containing
either several pictures or a statue. The architecture of this museum is displayed on Figure 7.9.

Figure 7.9: 3D model of the virtual museum used in our experiment.

7.4.2 Population and apparatus

For the experiment, EEG signals were recorded using a Nexus 32b EEG machine from the Mind
Media company, at a sampling frequency of 512 Hz. One subject participated to this experiment
(male, 25 years old), who had a previous MI-based BCI experience. The experimental setup is
displayed on Figure 7.10.

7.4.3 Task

For this evaluation, the subject had to navigate from one room to another asfast as he could.
The navigation tasks were categorized into three groups according to the distance between the
starting room and the �nishing room: short, medium or long. A short navigation task consisted
in passing through 3 rooms, e.g., going from Room A to Room D (please refer to Figure 7.9
for the room names and positions) ; a medium navigation task consisted in passing through 4
rooms, e.g., going from Room A to Room H ; and �nally a long navigation task consisted in
passing through 5 rooms, e.g., going from Room A to Room E, i.e., by passingthrough Room
G.
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Figure 7.10: Setup of the experiment.

7.4.4 Procedure

Before participating to the virtual museum experiment, the subject participatedin three sessions
following the protocol of the 3 class Graz BCI (see [KFN+ 96]), in order to record training data
for selecting the features and training the FIS classi�er. These sessionswere recorded on a
different day than the virtual museum experiment. During a session, the subject had to perform
10 trials for each class (left hand, right hand and foot MI). As no classi�er was available, the
subject was not provided with any feedback. Once the three sessions were completed, the
features were selected using SFFS and the FIS classi�er was trained on these data (see Section
7.3).

The subject had to perform each kind of navigation task twice for each one of the two
interaction techniques. The order of the tasks was arranged in blocks. Within a block, the
subject used a single interaction technique and had to perform once eachkind of navigation
task (short, medium or long - the actual order being randomized within the block). The subject
performed �rst a block using Scherer's method, then 2 blocks using ourmethod and �nally
another block using Scherer's method. These blocks were achieved over three different days as
the tasks were too tiring for the subject to be carried out in a single day. Each day, the duration
of the experiment was approximately between 2 and 2.5 hours, including the time required for
electrode montage. At the beginning of each day, the subject participated inthree sessions of
the protocol of the 3 class Graz BCI (see above). During these sessions, the user was provided
with a feedback thanks to the classi�er trained during the beginning of the previous day of
experiment, or trained using the initial training data if it was the �rst day of experiment with
feedback. It should be noted that the BCI used for these sessions wassynchronous, which
means that the NC state was not recognized by the BCI. However, the subject was instructed
not to perform any MI nor real movement during the inter trial periods as the data in these
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periods would be used as examples of the NC state for training the �nal self-paced BCI. Once
the three sessions were completed, the FIS classi�er was re-trained on these new data, in order
to adapt to the user's current EEG signals and in order to design the self-paced BCI. Then the
experiment with the virtual museum could begin.

7.4.5 Results

First, it should be mentioned that the user managed to reach all the rooms he was instructed by
using any of the two interaction techniques. This suggests that the user could actually control
the application and explore the virtual museum by using the proposed BCI system. As the
BCI is self-paced and as the user sends commands at his free will, it is not possible to report
on the online classi�cation performances of the BCI. Indeed, we cannotcompare the mental
state recognized by the BCI with the mental state performed by the subject as we did not know
what the user intented to do at a given instant. However, in order to evaluate whether our BCI
system works better than a randomly performing BCI (i.e., a BCI which is unable to properly
identify any mental state), we simulated a random BCI. More precisely, we sent randomly
selected mental states to the application as if it was the mental state identi�ed by the classi�er.
We performed these simulations twice for each interaction technique, the “objective” of the
random classi�er being to perform a short navigation task. For each task, even after 30 minutes
of simulation (i.e., 1800 seconds), the random BCI was not able to reach thetargeted room. By
comparison, the average time required to go from one room to another (situated at a distance of
3 rooms or more) with our BCI, independently from the interaction technique or the navigation
task, was 331.5 seconds, i.e., approximatly 5.5 minutes (see tables below). This suggests that
our BCI indeed provided control to the user.

Table 7.1 displays the time needed by the user to accomplish the different navigation tasks
(short, medium or long), according to the interaction technique.

Table 7.1: Time (in seconds) needed by the user to accomplish the differentnavigation tasks
using the two interaction techniques.

interaction technique navigation task 1st block 2nd block mean overall mean
long 176 140 158

Proposed technique medium 174 235 204.5 165.8� 35.5
short 130 140 135

long 574 830 702
Scherer's technique medium 486 623 554.5 497.2� 228.4

[SLS+ 08] short 364 106 235

These results show that, for our subject, navigating from one room to another by using the
interaction technique we proposed is about three time faster, on average,than when using the
interaction technique of Schereret al. This difference is however smaller for short navigation
tasks. A paired t-test comparing the time needed to navigate using our techniqueand the one of
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Schereret al, over all blocks and navigation tasks, revealed that our technique was signi�cantly
faster (p < 0:05).

It is also interesting to note that our technique has a small variance for the time needed to
accomplish the task, contrary to the method of Schereret al. This suggests that the time needed
to go from one place to another with our technique may not vary too much with thedistance to
cover. Indeed, it takes approximatly the same time to select a point of interestwhich is close
and a point of interest which is far, providing that they are both visible.

The time needed to navigate was of course related to the number of commands that the user
had to send. Table 7.2 displays the number of commands needed by the user toaccomplish the
different navigation tasks, according to the interaction technique.

Table 7.2: Number of commands needed by the user to accomplish the different navigation
tasks using the two interaction techniques.

interaction technique navigation task 1st block 2nd block mean overall mean
long 36 29 32.5

Proposed technique medium 33 33 33 28.5� 8.2
short 13 27 20

long missing data 142 142
Scherer's technique medium missing data 131 131 97.3� 68.1

[SLS+ 08] short missing data 19 19

This table shows that the user sent on average 97.3 commands to go from oneroom to
another (situated at a distance of three rooms or more) using Scherer's interaction technique,
and only 28.5 commands to do the same thing using our interaction technique. Thus, as we
expected, navigating using points of interest enables the user to send onlya few high-level
commands while leaving most of the work to the application itself. In addition, the user re-
ported that navigating using points of interest was less tiring than with Scherer's technique, as
he could relax and rest during the automatic navigation periods from one point of interest to
the other.

7.5 Conclusion and discussion

In this chapter we presented a VR application which enables a user to explore a virtual museum
by thoughts only. In order to design this application, we proposed a new interaction technique
based on points of interest. This technique enables the user to send only a few high-level
commands to the application in order to navigate from one point of interest to theother. The
actual navigation between two points of interest is carried out by the application itself, leaving
the user free to rest or to observe the museum. Interestingly enough, the computation of these
points and the navigation between these points can be achieved completely automatically using
an algorithm called TopoPlan. In order to select these points of interest, theuser can employ a
selection mechanism which relies on a binary tree and depends on the user's view point. This
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binary tree mechanism provides a uni�ed framework for BCI-based interaction in VR. Indeed,
it enables, for instance, to select navigation commands or object manipulationcommands in
the same way. In addition, we also proposed a design of a self-paced BCIwhich can issue three
different commands, these commands being associated to left hand, right hand and foot motor
imagery, respectively.

A �rst evaluation of our application, using one subject, has been conducted. The �rst results
suggest that our method was ef�cient as it was faster to navigate using our interaction technique
than using the state-of-the-art navigation technique in BCI-based interaction with VR. Natu-
rally, these results should be moderated by the fact that the evaluations were performed with
only one subject. It is indeed necessary to further validate our results byevaluating the appli-
cation on more subjects. However, the results presented here seem promising. They also stress
the importance of designing interaction techniques for BCI-based interaction with VR.

Future works could deal with evaluating this application with disabled people, inorder to
assess if the application can enable them to visit virtually various museums or even other build-
ings, which they might not be able to do for real. It should also be interestingto further improve
the self-paced BCI. Indeed, even if this BCI seemed much better than a random classi�er, the
time needed to perform a navigation task by using it was also far from what we can do by
using classical interaction devices such as keyboards or mice. To this end, we could study, in
this online context, other feature extraction or classi�cation techniques andusing, for instance,
the FuRIA algorithm presented in Chapter 2. It could also be valuable to explore new �ltering
techniques to select the relevant points of interest provided by TopoPlan. Finally, it could be
interesting to explore and add various interaction commands to our binary treemechanism.
For instance, interaction techniques such as Navidget [HDKG08] could be adapted for BCI
purposes in order to easily observe the museum virtual statues.
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In this manuscript, we have studied EEG signal processing and classi�cation techniques in
order to design BCI systems and to use them in virtual reality applications, with three main
objectives: 1) increasing the information transfer rate of current BCI,2) designing interpretable
BCI systems, and 3) developing BCI systems for VR applications.

In order to reach these objectives, we have �rst proposed contributions at the EEG sig-
nal processing and classi�cation level. Concerning feature extraction,we have proposed an
algorithm named FuRIA, which is based on inverse solutions and fuzzy sets(see Chapter 2).
This algorithm can learn and extract a small number of interpretable and discriminant fea-
tures, these features corresponding to the activity in Regions Of Interest (ROI) and frequency
bands. We also proposed the concept of fuzzy ROI and fuzzy frequency bands which revealed
to improve the classi�cation performances of the features extracted by FuRIA. Our evaluations
suggested that the learnt FuRIA features re�ected knowledge consistent with the literature on
the analyzed signals. They also revealed that FuRIA features could be used to design BCI with
performances comparable to the ones of BCI competition winners.

Concerning classi�cation, we have studied Fuzzy Inference Systems (FIS) for BCI de-
sign (see Chapter 3). More particularly, we studied FIS for classifying motor imagery signals.
The results of our studies have �rst shown that FIS classi�ers could obtain classi�cation per-
formances similar to the state-of-the-art classi�ers used in BCI research, e.g., support vector
machines. Our studies have also shown that FIS were interpretable classi�ers, from which we
can extract knowledge on the signals used for training. FIS also offer the possibility to use a
priori knowledge for classi�cation. Finally, our studies have shown thatFIS can reject outliers
ef�ciently.

We have combined the FuRIA feature extraction and the FIS classi�cation techniques,
along with linguistic approximation methods, in order to build a fully interpretable BCI sys-
tem which can express what it has learnt from data using words only (see Chapter 4). Our
evaluations suggested that the designed BCI actually re�ected knowledgeexpected from the
literature when used on movement intention or visual spatial attention EEG signals. The anal-
ysis of these last signals has been possible thanks to a collaboration with Dr.Areti Tzelepi
from the Institute of Communication and Computer Systems in Greece, and Dr. Ricardo Ron
Angevin from Malaga University in Spain. Our results suggest that the proposed algorithm
could be used to check the BCI system learnt from data, to present the automatically extracted
knowledge to persons without knowledge on classi�ers or fuzzy sets and, possibly, to extract
knowledge about the brain dynamics.

Finally, we proposed to design self-paced BCI based on a pattern rejection approach (see
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Chapter 5). To this end, we �rst introduced and studied two pattern rejection techniques that
have not been used before for BCI research: the reject class, andthe thresholds on reliability
functions based on the multiple threshold learning algorithm. This has been possible thanks to
a collaboration with Dr. Harold Mouchère, from INSA Rennes, in France. We also compared
various classi�ers and rejection techniques. Our results showed that using a reject class with
non-linear classi�ers led to the most ef�cient self-paced BCI. Consequently, this study provided
guidelines to increase the information transfer rate of current self-paced BCI.

In order to put these results in relation with our initial objectives, we could mention that
objective 1) (increasing the information transfer rate of current BCI) has been addressed by the
proposition of FuRIA and the FIS which both reached state-of-the-art results in terms of clas-
si�cation performances. Moreover, both methods can deal with multiple mentalstates, hence
possibly improving the information transfer rate. Our study on pattern rejection techniques
�nally made it possible to design self-paced BCI with improved classi�cation performances,
by using a reject class and non-linear classi�ers instead of currently used methods. Concerning
objective 2) (designing interpretable BCI systems), it has also been addressed by FuRIA and
the FIS, these two methods being also interpretable. Moreover, the results of the evaluation of
the method based on FuRIA and FIS that we proposed suggested that the resulting BCI was
indeed interpretable.

In a second part, we have proposed contributions for the design of BCI-based VR applica-
tions, which addressed our third and last objective, i.e., developping BCIsystems for concrete
VR applications.

For this purpose, we �rst studied the performances and preferencesof 21 naive subjects
who used a BCI to interact with an entertaining VR application in close to real-lifeconditions
(see Chapter 6). Our results �rst highlighted the need to use subject-speci�c BCI thanks to
machine learning techniques. They also highlighted the increase in motivation triggered by
VR. Moreover, this study stressed that when using a self-paced BCI, subjects should be pro-
vided with a complete and continuous feedback at any time, even when the non-control state is
detected by the BCI, in order to reduce the user's frustration and improvehis learning.

Finally, we have developed a VR application which enables a user to visit a virtual museum
by using only a BCI (see Chapter 7). To this end, we proposed a novel interaction technique
which provides high-level commands to the user, leaving the low-level and tedious aspects of
the interaction task to the application itself. The development of this VR applicationhas been
possible thanks to the considerable engineering work of Thomas Ernest and Yann Renard from
INRIA Rennes. We also proposed a self-paced BCI design which can provide three different
commands, based on motor imagery. A �rst evaluation of our application showed that a subject
was able to explore a virtual museum by using our BCI. This �rst evaluation also suggested
that the proposed interaction technique seems to enable the user to navigate from one room of
the museum to the other faster than with the current state-of-the-art navigation techniques used
in BCI-based VR application.

Taken together, these results suggest that BCI can actually be used as interaction devices
for complex VR applications despite the few commands they can provide. Moreover, these
results also highlight that BCI are promising tools also for the general publicwho can enjoy
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entertaining VR applications based on a BCI.

Most of the algorithms used and studied in this PhD manuscript have been implemented in the
BLiFF++ library (see Annex A), which will be soon available with an open source license.
Some of these algorithms (e.g., LDA, FIS, band power features, . . . ) have also been imple-
mented for real-time operation within the OpenViBE BCI platform [RGC+ 07], which will also
be released soon with an open source license. Please refer to the websiteof the project for more
details:www.irisa.fr/bunraku/OpenViBE .

Future work

The work presented in this manuscript left some questions unanswered and, as such, some
future works.

Concerning the FuRIA algorithm, it would be interesting to study the in�uence of both the
spatial resolution (number of electrodes used, number of voxels in the chosen head model) and
the frequential resolution (number of frequencies investigated) on the performances, in order
to possibly reduce the training times and/or improve the quality of the feature extraction. It
would also be interesting to take into account the temporal information in FuRIA.To this end,
an attractive possibility would be to replace the classical band-pass �lters by wavelets, which
have proven to be particularly adpated for neuroelectric signals and especially EEG [SBRS99].

Concerning our work on fuzzy inference systems, future work could deal with the ex-
ploration of different FIS such as NEFCLASS [Nau97], on differentEEG data and with the
comparison of FIS with other interpretable classi�ers such as decision trees.

Concerning our study of rejection techniques, we focused so far on distance rejection (also
known as outlier rejection). It could also be interesting to study confusion rejection, in order to
increase the �ability of BCI systems by not outputing a command if this command is likely to
be erroneous.

Finally, concerning the virtual museum application, future works are dedicated to more
evaluations. Similarly, assessing the application with disabled people could leadto the design
of entertaining and/or engaging VR applications adapted to their needs and preferences.

Perspectives

In addition to the future works mentioned above, the PhD thesis work also paved the way to
further long-term research. Some of these aspects are described below.

Towards a uni�ed approach using implicit surfaces

Implicit surfaces [Blo00, OM95, CG06] are powerful tools designed to manipulate and design
complex geometric shapes. In this manuscript we have proposed to use inverse solutions and
Fuzzy Inference Systems (FIS) for BCI design. It appears that these two methods could be
represented using the same formalism, namely, the implicit surface formalism. Indeed, fuzzy
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membersip functions used in FIS can be exactly seen as implicit surfaces whereas inverse so-
lutions use brain Region Of Interest (ROI), which regions, being geometric shapes, can also be
modelized using implicit surfaces. We believe that such a modeling could lead to interesting
results and may enable us to use new and ef�cient algorithms from the geometric modeling
community in order to design ef�cient BCI or to design new and insightful brain activity visu-
alization techniques. We invite the interested reader to refer to annex B for some hints on how
to perform this modeling.

Combining rather than selecting

Concerning the signal processing and classi�cation part of BCI design, we believe that an inter-
esting path to follow could be denoted as the “combining rather than selecting” path. Currently,
numerous preprocessing, feature extraction and classi�cation methods have been proposed and
explored for BCI design. Even if some of them sometimes proved more ef�cient than others,
no method has been identi�ed as the best. Consequently, we believe that rather than trying to
�nd a single best method, we should go towards combining together existing methods. Indeed,
the different methods proposed so far exploit different aspects and properties of the EEG data,
and/or rely on different processing and classi�cation schemes. As such, these methods could
be used together in a complementary way, and would probably lead to better results when used
together, than when using “the best” method alone.

Recent results in the literature have highlighted that combining different kinds of features
together could lead to better performances [DBCM04a]. Similarly, severalpapers have re-
ported that combining several classi�ers leads to better BCI performances than when using a
single classi�er [RG08, Sun07, HdS07]. Thus, it would be interesting to explore which kinds
of preprocessing, feature extraction and classi�cation methods are the most complementary
when used together, in order to design more ef�cient and stable BCI. Naturally, studying how
ef�ciently combining these methods should also prove valuable. In this manuscript we studied
pattern rejection techniques for self-paced BCI designs, and we showed that the reject class
reject option with non-linear classi�ers was the most ef�cient. However, itremains an open
question whether better results could be obtained by properly combining the various reject
options studied.

Combinations of models could also be a solution towards the design of universal BCI,
i.e., BCI that can be used by anybody without requiring the use of subjectspeci�c features,
classi�ers, etc. Indeed, recent results have suggested that combiningclassi�ers [RGMA05b,
RG08] or spatial �lters [KTBM08] trained on EEG signals recorded at different days could
be a solution to the problem of non-stationarities of EEG signals. By extendingthis idea,
combining classi�ers and/or features learnt on different subjects might lead to a universal BCI.
It could also be imagined that categories of users with similar EEG signals properties could
be identi�ed, and that a BCI model could be learnt for each category. Then, by combining
these models together, we might obtain a universal model. Possibly, if the resulting model is
not ef�cient enough, it would be possible to incrementaly adapt this globalmodel to a speci�c
user, as it is sometimes done for handwritten character recognition [MAR07].

Still following the moto “combining rather than selecting”, it should prove very interesting
to combine different kinds of brain signals within the same BCI application. Indeed, cur-
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rent BCI applications are based on a single kind of brain signal such as evoked potentials or
spontaneous signals, but never use both at the same time. However, the different properties
of these signals make them suitable for being used together. For instance, for VR applica-
tions, spontaneous signals (e.g., motor imagery) could be used for navigating the virtual world
whereas evoked potentials could be used to select virtual objects. In this latter case, the virtual
objects that can be selected would be responsible for sending the stimulus necessary to use
evoked potentials. For instance, these objects would be randomly �ashing (for using the P300)
or �ickering (for using SSVEP), and would be selected when the user draws his attention on
them. Moreover this mode of operation may prove more natural than currentapplications, as
navigation with evoked potentials is not really natural for instance. Naturally, combining dif-
ferent signals would also lead to interesting signal processing and classi�cation challenges, as
different detectors or classi�ers would have to be used in parallel.

BCI-based VR applications for disabled subjects

In this PhD manuscript, we proposed entertaining VR applications (the “Use-the-force” appli-
cation and the “virtual museum”) controlled using a BCI, and evaluated them using healthy
subjects. These BCI-based VR applications hold great promises for such users, for instance
concerning video game applications for the general public. However, it should not be forgotten
that BCI systems are also a promising communication channel for severely paralyzed persons.
We believe that VR applications could also prove really useful for these disabled people.

First, as anyone, disabled people need entertainment, and unfortunately,only few video
games are available for them. As such, BCI-based video games in VR could be proposed to
these persons. Second, paralyzed persons may not be able to travel or do some sightseeing.
As such, BCI-based VR application can be seen as a very promising tool for helping them in
having access to numerous cultural experiences. For instance, using BCI technology, paralyzed
persons could be able to visit, in VR, various cities, museums or parks. To thisend, the interac-
tion technique we proposed in Chapter 7 may prove useful. We indeed usedit on a toy museum,
but it could be used as well with a virtual representation of any real museum. Proposing VR
applications to paralyzed persons would probably require to adapt the interaction techniques
and the feedback to their situation and needs.

An advantage of VR, not speci�c to BCI, is that it allows to perform tests in safe and care-
fully controlled conditions. Concerning BCI and paralyzed persons, VRcould be very useful
to test any rehabilitation device controlled using a BCI, such as a wheelchairor a prosthesis.
Recently, the Graz group has performed a simple wheelchair simulation in VR for a tetraplegic
patient [LFMP+ 07]. This was a preliminary step, as the wheelchair simulated was very simple
and far from being like a real one. However, we believe that such a work is very promising and
that such advantages of VR should be more exploited.

Finally comes the issue of using BCI in real-life applications for disabled people. Could
we transfer the interaction techniques proposed in VR to the real world? Itis indeed a dif�cult
problem, as numerous stimuli or feedback information are displayed in the virtual environment
and used for interaction. To translate them into real-life, the patient would need an additional
screen to display these feedbacks. This may be inconvenient and, more importantly, this pre-
vents the user from focusing his attention on the real world as he would need to look at this
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screen. Consequently, in the long term, we will have to �nd solutions in orderto still provide
feedback and stimuli to the user without this user needing to constantly focushis attention on
a computer screen. A possible solution could be to use non-visual stimuli, such as audio or
haptic stimuli.

Naturally, a lot of work needs to be done in order to achieve the applicationsmentioned above.
As BCI is still a young research �eld, there is no doubt that the next years will witness tremen-
dous advances in the �eld and, at the same time, will open the way to new and exciting research
challenges.



Appendix A

The BLiFF++ library: A BCI Library
For Free in C++

A.1 Introduction

The work presented in this PhD manuscript has lead to a considerable amount of programming,
mainly in C++. In order to produce reusable programs, most of the code produced has been
gathered and organised as a C++ library. This library is known as BLiFF++, which stands for
“A BCI Library For Free in C++”. With the aim of having this library being useful for the BCI
community, BLiFF++ will be soon provided for free under the terms of the open source license
GPL. This annex brie�y describes the library and some of its functionalities.

A.2 Library features

BLiFF++ aims at providing to the BCI community a set of tools, implemented under theform
of C++ classes, in order to design, test and evaluate BCI systems, mainly for of�ine analysis.
These classes may be gathered into two main categories: classes for designing BCI and classes
for analyzing brain data.

A.2.1 Classes for BCI design

Such classes enable the BLiFF++ user to process brain signals in order toidentify mental states.
As such, BLiFF++ provides the necessary tools to manipulate brain signals and especially EEG
signals. It also makes it possible to apply signal processing techniques to such signals, such as
frequency �ltering (FIR, IIR, FFT), inverse solutions or various feature extraction techniques.
From these signals, BLiFF++ proposes to extract and manipulate features, which features could
be used as input of a variety of classi�cation algorithms provided by the library. Among these
classi�cation algorithms we can quote support vector machine (SVM), lineardiscriminant anal-
ysis (LDA), neural networks such as multilayer perceptron (MLP), fuzzy inference systems
(FIS), mahalanobis distance-based classi�ers, etc. It is worth noting that various tools are also
provided in order to grant these classi�ers with reject options or to combineseveral of these
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classi�ers together in order to build a meta-classi�er. Finally, BLiFF++ also provided various
evaluation metrics such as classi�cation accuracy, error rate, confusion matrix, mutual informa-
tion, ROC analysis, . . . Figure A.1 displays some tools offered by BLiFF++ inorder to design
a BCI, as well as the architecture of the corresponding classes, using the Universal Modeling
Language (UML).

Figure A.1: Classes provided by the BLiFF++ library for designing BCI

A.2.2 Classes for data analysis

In addition to these tools for BCI design, BLiFF++ proposes tools for analyzing brain data.
Such tools aim at investigating recorded data and at �nding patterns or anyother relevant infor-
mation in them. For such a purpose, in addition to signal processing tools, BLiFF++ provides
classes that perform data clustering (fuzzy C means, mean shift, . . . ), various statistical anal-
ysis methods (ANOVA, t tests, . . . ), feature selection techniques such asSequential Forward
Floating Search, . . . Figure A.2 displays tools offered by BLiFF++ in order to analyze brain
data, as well as the corresponding class architecture in UML.

This library has been used for most studies presented in this manuscript.
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Figure A.2: Classes provided by the BLiFF++ library for EEG data analysis.

A.3 Test case: designing a motor imagery based BCI

As an example of how this library works and how simple it is, this section describes the design
of a simple motor imagery based BCI. In order to design this BCI, the programbelow �rst
band-pass �lters the data in the 3-35 Hz frequency band, then applies a surface Laplacian
spatial �lter as preprocessing. Then, it extracts band power featuresfrom the signals, in the
Mu and Beta bands. The resulting features are classi�ed using a linear discriminant analysis
(LDA) classi�er.

//reading EEG signals
//we assume that the read EEG are recorded using electrodes:
//FC3, C5, C3, C1, CP3, Cp4, C2, C4, C6, FC4
//training data
vector<Trial> EEGsignalsTrain =

EEGReader::readData(TRAIN_SIGNAL_FILE, TRAIN_STIMULA TION_FILE, SAMPLING_FREQ);
//testing data
vector<Trial> EEGsignalsTest =

EEGReader::readData(TEST_SIGNAL_FILE, TEST_STIMULATI ON_FILE, SAMPLING_FREQ);

//creating the coefficients of a butterworth band pass filt er of order 4 in 3-35 Hz
ButterworthFilter butter(bandPass, 3, 35, SAMPLING_FREQ , 4);
vec B = butter.getBCoeff();
vec A = butter.getACoeff();

//creating the coefficients of a surface laplacian spatial filter
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mat laplacian = "4 0 -1 0 -1 -1 0 0 -1 0 ; 0 4 0 -1 0 0 -1 -1 0 -1";

//preprocessing: applying the temporal and spatial filter to the EEG signals
for(unsigned int i=0; i < EEGsignalsTrain.size(); i++)
{

EEGsignalsTrain[i].applyIIRFilter(A,B); //temporal fi lter
EEGsignalsTrain[i].applySpatialFilter(laplacian); // spatial filter

}
for(unsigned int i=0; i < EEGsignalsTest.size(); i++)
{

EEGsignalsTest[i].applyIIRFilter(A,B); //temporal fil ter
EEGsignalsTest[i].applySpatialFilter(laplacian); //s patial filter

}

//defining and extracting band power features
//in the mu and beta bands
BandPower featureExtractor;
featureExtractor.addFreqBand(8,13); //Mu band
featureExtractor.addFreqBand(16,24); //Beta band

//creation of the training set of FeatureVector for further classification
FeatVecSet trainFeatureSet = featureExtractor.createDa taSet(EEGsignalsTrain);

//defining and training an LDA classifier
CLDAClassifier lda;
lda.train(trainFeatureSet);

//testing the resulting BCI
FeatVecSet testFeatureSet = featureExtractor.createDat aSet(EEGsignalsTest);
lda.test(testFeatureSet);
cout << ``accuracy on test set: `` << lda.getAccuracy() << `` %'' << endl;

This relatively small program makes it possible to design a BCI for of�ine analysis.

A.4 BLiFF++ dependencies

BLiFF++ is based on several well known and very useful C/C++ libraries which are free and
open-source. Indeed, it is based on IT++1 for dealing with algebra (vector, matrix, matrix
decomposition, . . . ) and for some signal processing tools. BLiFF++ also uses Torch 32, which
notably provides an interesting implementation of Support Vector Machines. Finally, BLiFF++

1http://itpp.sourceforge.net/
2http://www.torch.ch/
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also uses some functionalities of GSL3 (GNU Scienti�c Library) and Boost4.

A.5 Conclusion

BLiFF++ is a C++ library that enables a fast and easy design of BCI. To achieve this goal,
BLiFF++ builds BCI systems by combining several different kinds of signal processing meth-
ods, feature extractors and classi�ers. It also provides various toolsfor analyzing brain data,
such as statistical analysis tools or clustering algorithms. This results in a �exible platform
which can be easily extended and manipulated. BLiFF++ will be soon availablefor free under
the terms of the GPL (GNU Public License) license. Our hope is that this librarywill prove
useful for the BCI community.

3http://www.gnu.org/software/gsl/
4http://www.boost.org/
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Appendix B

Towards a uni�ed approach using
implicit surfaces

B.1 Introduction

Implicit surfaces [Blo00, OM95, CG06] are powerful tools designed to manipulate and create
complex geometric shapes. Formally, implicit surfaces are surfaces described implicitely by an
equation of the following form:

F(X1;X2; : : : ;XN) = Iso (B.1)

where theXi are the coordinates of a N-dimensional point, and Iso, a constant value.Different
values for Iso would lead to different surfaces.

In this manuscript we have proposed to use inverse solutions and Fuzzy Inference Systems
(FIS) for BCI design. It appears that these two methods could be represented using the same
formalism, namely, the implicit surface formalism. Indeed, fuzzy membersip functions used in
FIS can be exactly seen as implicit surfaces whereas inverse solutions are using brain Region
Of Interest (ROI) which regions, being geometric shapes, can be implicitelymodelized. In
this annex we only present some hints on how performing this uni�ed modeling and further
research is needed to achieve this goal. However, we believe that such amodeling could lead
to interesting results and may enable us to use new and ef�cient algorithms from the geometric
modeling community in order to design ef�cient BCI or to design new and insightful brain
activity visualization techniques.

B.2 Modeling FuRIA using implicit surfaces

First, let us propose some modeling of FuRIA using implicit surfaces, and letus start this
modeling by the FuRIA training phase. The �rst step of FuRIA training consists in performing
a statistical analysis for all voxels and frequencies, in order to identify which ones are the
most discriminant. During this �rst step, each discriminant couple (voxel, frequency) can be
modeled using a sphere-like implicit primitive such as a blob or a metaball [OM95]. For the
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moment, as no fuzzi�cation has been performed, each one of these primitives have the same
weight i.e., the same in�uence radius. For a metaball, this leads to:

f (X) =

8
<

:

dv(1� 3 r
b

2) 0 � r � b
3

3d
2 (1� r

b)2 b
3 � r � b

0 b � r
(B.2)

wherer is the distance between a pointX and the center of this metaball,b is the radius of this
metaball andd is its weight.

The next step is the clustering step, which aims at gathering voxels and frequencies in
clusters. Thus, for each cluster, we would obtain an implicit surfaceF (for a given level-set
value) resulting from the fusion (“blending”) of all implicit primitivesf corresponding to each
couple (voxel, frequency) belonging to this cluster:

F(X) =
[

f (X) (B.3)

It should be noted that this implicit surface lies in a 4-dimensional space (3 dimensions for
the spatial coordinates - the voxels - and 1 dimension for the frequency coordinate). We could
then project this 4D implicit surface in the spatial domain (3D) in order to obtain an implicit
surface delimiting a ROI. We could also project the same 4D implicit surface on the frequency
domain (1D) in order to obtain an implicit surface delimiting the frequency band associated to
this ROI. These two elements (ROI and frequency band) can be visualizedusing a rendering of
the corresponding implicit surface.

The last step is the fuzzi�cation step, which associates a fuzzy membership function to each
ROI and frequency band. These membership functions weigh the contribution of the voxels and
frequencies within a ROI or frequency band. As such, this amounts to changing the in�uence
radius (or weight)d of the primitives that compose the implicit surface of ROI and frequency
bands. This in�uence radious could be a function (possibly the identity) ofthe membership
degree of the voxels and frequencies in their ROI and frequency bands respectively. It is still
possible to visualize these elements (fuzzy ROI and fuzzy frequency band), by rendering the
implicit surface for different values of the level-set. This enables us to focus on the core of a
ROI or on all its voxels, for instance.

This modeling using implicit surface could be useful from the point of view ofreal-time
visualization of brain activity and/or for neurofeedback. Indeed, such a modeling can be used
to show the user the ROI involved by a given mental task. Moreover, the real-time variation of
the activity in these ROI could be represented either by a color change of the implicit surface,
or by a change of the level-set value (the higher the activity, the more the voxels displayed to
the user), or even both at the same time.
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B.3 Modeling FIS with implicit surfaces

Similarly its is possible to model the Chiu's FIS (CFIS) by using implicit surfaces,either during
the training of the FIS or during its use for classi�cation. For matter of clarity,let us recall that
a CFIS uses fuzzy “if-then” rules of the following form:

If X1 is A1 andX2 is A2 and . . . andXn is An then class isC

where theXi are features andAi are fuzzy membership functions.

B.3.1 Training

Training a CFIS consists in performing a clustering step on the training feature vectors from
each class, and in associating a fuzzy rule to each cluster (i.e., to each class prototype). Each
one of these clusters could be represented by an implicit surface, by associating an implicit
surface to each feature vector and in merging these implicit surfaces. These different implicit
surfaces would then represent each class prototypes. However, these prototypes are not the
one used by CFIS for classi�cation. Indeed, for each cluster, a fuzzy membership function is
generated for each dimension (i.e., the prototype is projected on each axis).

B.3.2 Classi�cation

It should be noticed that a fuzzy membership function, such as a functionAi , can be seen as a
1D implicit function as it simply associates a value to any feature value. Thus, we can de�ne
the functionfR such that:

fR(X) = µR(X) =
N

Õ
k= 1

Ak(Xk) (B.4)

As such,fR is still an implicit function. Let us consider the following equation:

fR(X) = T (B.5)

This equation represents the implicit surface that delineate one of the clusters belonging to
class C, and more particularly the cluster corresponding to the fuzzy rule R. TheT constant
(which de�nes the isosurface), can here be seen as a rejection threshold [MA06b] (see also
Chapter 5). For this threshold value, we can consider that a feature vector X which is outside
of this isosurface does not belong to the corresponding cluster. We canalso de�ne the following
function fC:

fC(X) = fR1(X) [ fR2(X) [ : : : [ fRm(X) (B.6)

Then, let us consider the following equation:

fC(X) = T (B.7)
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This equation de�nes the implicit surface that delineate the whole classC, by considering
a rejection thresholdT. This is due to the fact that in both the fuzzy set theory and the implicit
function theory, union can be achieved using the max operator. Finally, a point X is assigned
to the class for which it is “the most” in the associated implicit volume.

However, those de�nitions cannot be used to deal with multiple rejection thresholds, as did
in [MA06b] and in Chapter 5. As such, we associate to each fuzzy ruleRthe following implicit
function:

fR(X) = µR(X) � TR =
N

Õ
k= 1

Ak(Xk) � TR (B.8)

whereTR is the rejection threshold of each ruleR. We then de�ned still de�nefC(X) as
follows:

fC(X) = fR1(X) [ fR2(X) [ : : : [ fRm(X) (B.9)

As such, if fC(X) > 0, thenX belongs to classC (it should be noted that, thanks to the
fuzzy formalism,X can belong to several classes at the same time), otherwise, it is rejected
from this class. The �nal classCX of X is then:

CX = argmaxC2f C1;:::;CNcg( fC1(X); : : : ; fCNc
(X)) (B.10)

if this maximum is greater than 0, otherwiseX is rejeted.

B.4 Conclusion

This annex has presented some evidences that implicit surfaces have a similar mathematical
formulation as brains regions of interest and fuzzy logic. As such we suggested that the FuRIA
and FIS algorithms that we proposed might be modeled using a uni�ed formalism,potentially
leading to interesting �ndings. The �rst steps of this modeling presented here are only hints
for starting using implicit surfaces for BCI, and a considerable further work is necessary to
really achieve this. However, we believe that these formulations could lead toan interesting
and uni�ed theory which could enable us to apply algorithms from the geometricmodeling
�eld into BCI and potentially obtain interesting results.



Appendix C

Chapter 2 annex: Complete
classi�cation results for the evaluation
of FuRIA

In the tables presented hereafter, the column named “NbFeat” displays the number of features
extracted using the corresponding hyperparameters.
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Table C.1: Data set IV, BCI competition 2003, test set: classi�cation accuracy using FIR �lters
(%)

H a NbFeat Raw Freq Space All
0.75 0.01 28 80 82 80 84

0.05 33 86 85 82 84
0.1 31 84 79 84 80
0.25 33 85 84 87 85
0.5 34 83 80 84 80

1 0.01 16 83 82 83 84
0.05 14 81 82 85 82
0.1 12 77 80 82 80
0.25 12 78 78 83 83
0.5 9 82 76 80 75

1.25 0.01 8 81 83 83 85
0.05 7 82 81 83 77
0.1 6 77 81 85 81
0.25 7 78 76 79 79
0.5 4 73 74 83 74

1.5 0.01 5 81 81 81 78
0.05 3 81 80 79 83
0.1 2 74 74 86 82
0.25 2 73 74 83 71
0.5 2 63 75 71 78

1.75 0.01 2 79 80 83 72
0.05 2 77 77 83 84
0.1 2 73 77 85 85
0.25 2 73 76 84 70
0.5 2 64 73 75 80

2 0.01 2 79 78 82 79
0.05 2 70 79 84 85
0.1 2 77 78 86 83
0.25 2 73 75 83 69
0.5 2 68 71 75 77

mean 77.17 78.37 82.1 79.63
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Table C.2: Data set IV, BCI competition 2003, test set: classi�cation accuracy using IIR �lters
(%)

H a NbFeat Raw Freq Space All
0.75 0.01 10 67 67 67 67

0.05 19 76 77 77 77
0.1 16 76 77 77 75
0.25 19 78 78 78 77
0.5 21 76 73 79 74

1 0.01 8 68 68 67 68
0.05 13 75 75 74 75
0.1 12 75 73 78 72
0.25 14 76 75 78 78
0.5 12 75 67 73 66

1.25 0.01 9 63 68 68 69
0.05 10 74 73 74 75
0.1 10 75 76 75 77
0.25 11 78 77 80 80
0.5 8 72 70 82 66

1.5 0.01 6 67 67 67 67
0.05 8 73 76 76 77
0.1 7 75 75 78 80
0.25 7 77 75 79 67
0.5 6 74 69 77 65

1.75 0.01 5 66 68 67 62
0.05 7 69 71 78 66
0.1 5 75 76 80 82
0.25 5 78 64 77 80
0.5 5 71 65 80 65

2 0.01 4 70 66 69 66
0.05 5 71 68 76 69
0.1 5 76 76 82 83
0.25 4 72 66 79 78
0.5 5 57 64 61 57

mean 72.5 71.33 75.1 72
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Table C.3: Data set IIIa, BCI competition 2005, test set, S1: classi�cation accuracy using FIR
�lters (%)

H a NbFeat Raw Freq Space All
0.75 0.01 40 85.56 85.56 85 86.67

0.05 31 87.78 83.89 88.89 86.11
0.1 21 89.44 89.44 90 92.22
0.25 33 79.44 83.33 83.89 83.33
0.5 28 80.56 82.22 83.89 82.22

1 0.01 22 87.22 88.33 87.78 88.33
0.05 18 87.22 88.33 90.56 87.78
0.1 13 83.33 84.44 90 82.22
0.25 17 87.22 88.89 87.78 85.56
0.5 16 82.22 83.89 83.89 80.56

1.25 0.01 8 68.33 68.33 70 68.89
0.05 10 83.89 82.22 86.11 71.67
0.1 8 82.22 78.33 76.11 80
0.25 4 56.11 67.78 77.22 72.78
0.5 6 60.56 77.78 80.56 69.44

1.5 0.01 4 65.56 66.67 71.11 65
0.05 4 72.78 73.33 66.67 66.67
0.1 6 73.89 81.11 78.33 80.56
0.25 6 56.67 74.44 78.89 69.44
0.5 3 52.78 53.33 75 71.11

1.75 0.01 2 69.44 65 68.89 62.78
0.05 4 76.11 73.33 66.11 62.22
0.1 3 45.56 50 63.33 55.56
0.25 3 44.44 47.78 61.67 65
0.5 2 43.33 43.89 57.22 57.22

2 0.01 2 65.56 63.33 65.56 69.44
0.05 2 56.67 59.44 58.89 53.33
0.1 2 50 43.89 64.44 62.22
0.25 2 46.11 52.78 57.22 62.78
0.5 1 29.44 33.89 38.89 39.44

mean 68.31 70.5 74.46 72.02
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Table C.4: Data set IIIa, BCI competition 2005, test set, S1: classi�cation accuracy using IIR
�lters (%)

H a NbFeat Raw Freq Space All
0.75 0.01 24 85 86.67 85.56 85

0.05 26 85.56 85.56 84.44 86.11
0.1 27 90 93.33 90.56 92.78
0.25 23 86.67 90.56 87.22 93.33
0.5 27 83.89 87.22 89.44 89.44

1 0.01 15 85 85 84.44 82.22
0.05 11 80.56 87.22 85.56 85.56
0.1 12 86.11 86.11 90 90
0.25 12 84.44 86.11 83.89 81.67
0.5 11 85 83.89 88.89 90

1.25 0.01 7 83.89 87.78 83.89 89.44
0.05 8 85 83.89 85.56 86.11
0.1 9 81.11 77.78 78.89 82.22
0.25 5 68.33 80 75.56 62.78
0.5 7 68.89 67.22 71.67 67.78

1.5 0.01 4 69.44 71.11 71.11 67.22
0.05 4 78.89 82.22 81.67 86.11
0.1 8 81.67 81.67 84.44 70
0.25 4 57.22 65 68.89 70
0.5 5 67.22 68.33 74.44 70

1.75 0.01 3 71.67 71.11 63.89 62.78
0.05 3 70.56 73.89 65.56 66.11
0.1 5 67.22 68.33 70.56 70.56
0.25 2 38.33 43.89 66.11 56.11
0.5 3 45 54.44 74.44 62.22

2 0.01 2 56.67 54.44 56.67 52.22
0.05 4 67.22 65 57.78 60.56
0.1 3 49.44 56.11 60.56 61.11
0.25 1 30.56 42.22 52.22 50
0.5 1 22.78 39.44 52.22 48.89

mean 70.44 73.52 75.54 73.94
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Table C.5: Data set IIIa, BCI competition 2005, test set, S2: classi�cation accuracy using FIR
�lters (%)

H a NbFeat Raw Freq Space All
0.75 0.01 12 37.5 36.67 40.83 38.33

0.05 16 55.83 57.5 52.5 56.67
0.1 23 56.67 61.67 58.33 64.17
0.25 28 56.67 60 61.67 63.33
0.5 30 57.5 60 66.67 66.67

1 0.01 7 32.5 36.67 29.17 30.83
0.05 13 57.5 58.33 55.83 55.83
0.1 11 52.5 55 55.83 57.5
0.25 10 59.17 55 60.83 55.83
0.5 11 46.67 44.17 50 55.83

1.25 0.01 4 39.17 36.67 40 38.33
0.05 8 56.67 55 55 54.17
0.1 8 48.33 48.33 49.17 45.83
0.25 8 50.83 53.33 59.17 53.33
0.5 9 52.5 52.5 55.83 55

1.5 0.01 4 31.67 44.17 35.83 35.83
0.05 6 52.5 51.67 49.17 51.67
0.1 6 42.5 46.67 58.33 53.33
0.25 5 50.83 47.5 53.33 55.83
0.5 6 42.5 36.67 55 51.67

1.75 0.01 3 37.5 38.33 40.83 31.67
0.05 6 55 55.83 52.5 54.17
0.1 5 48.33 47.5 57.5 50
0.25 3 47.5 42.5 41.67 40.83
0.5 3 50.83 40.83 47.5 43.33

2 0.01 3 36.67 28.33 38.33 38.33
0.05 5 35.83 37.5 43.33 40
0.1 2 37.5 41.67 47.5 40.83
0.25 2 43.33 40 42.5 36.67
0.5 2 45 40.83 42.5 42.5

mean 47.25 49.89 48.61 48.19
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Table C.6: Data set IIIa, BCI competition 2005, test set, S2: classi�cation accuracy using IIR
�lters (%)

H a NbFeat Raw Freq Space All
0.75 0.05 17 65 56.67 60.83 54.17

0.1 29 60.83 63.33 60 65
0.25 32 67.5 61.67 60 61.67
0.5 40 62.5 62.5 65.83 58.33

1 0.05 12 63.33 40 63.33 57.5
0.1 14 66.67 56.67 65 60
0.25 17 54.17 51.67 54.17 53.33
0.5 22 51.67 57.5 50.83 54.17

1.25 0.05 7 57.5 50 61.67 57.5
0.1 13 57.5 54.17 57.5 53.33
0.25 10 53.33 33.33 44.17 39.17
0.5 13 53.33 45 52.5 55.83

1.5 0.05 4 52.5 43.33 48.33 47.5
0.1 7 50.83 49.17 54.17 60
0.25 7 45 44.17 52.5 39.17
0.5 8 49.17 40.83 53.33 47.5

1.75 0.05 4 45.83 38.33 58.33 56.67
0.1 2 44.17 43.33 53.33 42.5
0.25 3 48.33 47.5 42.5 49.17
0.5 4 47.5 40 53.33 56.67

2 0.05 3 43.33 37.5 56.67 58.33
0.1 2 40 39.17 56.67 55.83
0.25 1 37.5 25 30 31.67
0.5 1 40.83 41.67 28.33 35.83

mean 52.43 46.77 53.47 52.11
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Table C.7: Data set IIIa, BCI competition 2005, test set, S3: classi�cation accuracy using FIR
�lters (%)

H a NbFeat Raw Freq Space All
0.75 0.01 16 80 79.17 84.17 77.5

0.05 26 80 75.83 84.17 77.5
0.1 26 85 83.33 85.83 83.33
0.25 29 84.17 80.83 80.83 83.33
0.5 33 79.17 81.67 82.5 83.33

1 0.01 8 83.33 83.33 84.17 79.17
0.05 11 77.5 81.67 75.83 79.17
0.1 13 75.83 71.67 84.17 84.17
0.25 16 76.67 81.67 77.5 76.67
0.5 19 78.33 81.67 78.33 81.67

1.25 0.01 6 79.17 82.5 80 80
0.05 7 75.83 80.83 78.33 81.67
0.1 5 76.67 75 84.17 82.5
0.25 10 70.83 79.17 70 77.5
0.5 10 77.5 75 78.33 75.83

1.5 0.01 3 77.5 80 80 82.5
0.05 6 79.17 78.33 81.67 81.67
0.1 5 75 73.33 80.83 79.17
0.25 7 68.33 80.83 74.17 77.5
0.5 7 71.67 80 72.5 78.33

1.75 0.01 2 55 51.67 50 59.17
0.05 5 64.17 70.83 60 68.33
0.1 3 57.5 70.83 46.67 55
0.25 6 55.83 72.5 55 58.33
0.5 4 45 53.33 47.5 50.83

2 0.01 2 55 41.67 53.33 34.17
0.05 4 61.67 74.17 42.5 78.33
0.1 3 52.5 58.33 55.83 50.83
0.25 3 42.5 55 50 39.17
0.5 2 33.33 56.67 51.67 32.5

mean 69.14 73.02 70.33 70.97
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Table C.8: Data set IIIa, BCI competition 2005, test set, S3: classi�cation accuracy using IIR
�lters (%)

H a NbFeat Raw Freq Space All
0.75 0.01 16 79.17 74.17 84.17 77.5

0.05 28 75 76.67 74.17 74.17
0.1 30 80 72.5 79.17 72.5
0.25 32 79.17 78.33 80.83 80
0.5 37 76.67 71.67 79.17 70

1 0.01 11 81.67 72.5 79.17 83.33
0.05 16 72.5 75.83 77.5 74.17
0.1 18 75 70.83 71.67 71.67
0.25 13 59.17 63.33 68.33 72.5
0.5 16 53.33 60 61.67 74.17

1.25 0.01 6 75.83 81.67 75.83 81.67
0.05 8 65.83 76.67 73.33 77.5
0.1 12 65.83 75.83 75 80.83
0.25 10 52.5 63.33 70 70.83
0.5 8 40.83 65 55.83 67.5

1.5 0.01 4 76.67 82.5 76.67 80
0.05 8 65 75.83 65.83 76.67
0.1 8 60 67.5 65 76.67
0.25 7 57.5 60 55 60.83
0.5 9 46.67 68.33 69.17 72.5

1.75 0.01 3 70 77.5 70 78.33
0.05 6 51.67 65 37.5 54.17
0.1 8 60.83 66.67 50.83 54.17
0.25 5 43.33 47.5 30.83 50
0.5 6 44.17 54.17 42.5 48.33

2 0.01 2 50 55.83 59.17 56.67
0.05 5 47.5 63.33 30 63.33
0.1 5 35.83 63.33 33.33 50.83
0.25 3 36.67 36.67 26.67 47.5
0.5 2 33.33 48.33 25.83 32.5

mean 60.39 67.03 61.47 67.69
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Appendix D

Chapter 5 annex: Detailed
classi�cation and rejection results for
each data set

Table D.1: Data set of subject 1, Day 1: average Accuracy (Acc), TAR and Precison (Prec), in
percent, for a �xed FAR of 10%.

SVM FIS RBFN LDA
SC Acc 63.82 72.52 64.99 69.26

TAR 58.34 54.35 56.54 56.15
Prec 79.01 77.81 78.48 78.37

RC Acc 73.36 72.14 70.95 71.84
TAR 56.5 59.51 52.04 51.68
Prec 78.47 79.37 77.05 76.93

AMTL1 Acc 75.64 82.03 69.29 87.32
ST TAR 12.5 29.96 28.02 5.07

Prec 44.64 65.90 64.38 24.67

AMTL1 Acc 75.64 70.71 72.78 87.31
MT TAR 12.5 43.36 30.08 20.72

Prec 44.64 73.67 65.99 57.21

AMTL2 Acc 75.41 82.5 66.22 89.11
MT TAR 12.54 30.8 34.33 5.6

Prec 44.72 66.52 68.89 26.54
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Table D.2: Data set of subject 1, Day 2: average Accuracy (Acc), TAR and Precison (Prec), in
percent, for a �xed FAR of 10%.

SVM FIS RBFN LDA
SC Acc 73.87 75.22 77.20 76.19

TAR 40.89 40.96 39.9 37.81
Prec 72.51 72.55 72.02 70.92

RC Acc 81.97 77.71 77.56 79.66
TAR 41.82 40.47 40.62 40.3
Prec 72.96 72.31 72.38 72.22

AMTL1 Acc 86.68 96.48 87.92 98.95
ST TAR 21.16 20.6 22.14 18.69

Prec 57.72 57.06 58.82 54.67

AMTL1 Acc 87.59 71.43 88.51 98.95
MT TAR 20.59 30.42 24.82 21.45

Prec 57.05 66.25 61.56 58.05

AMTL2 Acc 86.38 94.28 77.52 98.72
MT TAR 21.06 23.5 26.73 11.76

Prec 57.60 60.26 63.30 43.14

Table D.3: Data set of subject 2, Day 1: average Accuracy (Acc), TAR and Precison (Prec), in
percent, for a �xed FAR of 10%.

SVM FIS RBFN LDA
SC Acc 83.38 78.78 84.94 75.88

TAR 29.24 24.28 29.21 20.79
Prec 64.63 60.28 64.61 56.51

RC Acc 91.36 89.5 90.83 89.01
TAR 28.94 28.43 29.54 27.09
Prec 64.40 63.99 64.87 62.87

AMTL1 Acc 88.26 97.05 88.67 97.04
ST TAR 15.08 21.51 16.93 26.01

Prec 48.52 57.34 51.41 61.91

AMTL1 Acc 88.33 87.65 90.79 92.86
MT TAR 14.84 19.07 16.31 16.7

Prec 48.12 54.37 50.48 51.07

AMTL2 Acc 88.33 96.32 79.38 94.02
MT TAR 14.84 22.21 15 18.81

Prec 48.12 58.13 48.39 54.04
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Table D.4: Data set of subject 2, Day 2: average Accuracy (Acc), TAR and Precison (Prec), in
percent, for a �xed FAR of 10%.

SVM FIS RBFN LDA
SC Acc 75.46 66.38 68.51 66.81

TAR 24.13 17.45 22.16 17.67
Prec 60.28 52.32 58.22 52.64

RC Acc 86.73 78.43 81.36 83.95
TAR 32.78 26.53 30.47 25.51
Prec 67.34 62.53 65.71 61.60

AMTL1 Acc 85.90 94.81 84.92 94.72
ST TAR 16.64 19.05 13.29 18.92

Prec 51.14 54.51 45.53 54.34

AMTL1 Acc 84.63 80.65 82.06 93.51
MT TAR 17.02 21.17 17.53 18.43

Prec 51.70 57.11 52.44 53.68

AMTL2 Acc 85.23 95.25 80.63 94.38
MT TAR 16.52 19.83 13.87 18.4

Prec 50.96 55.5 46.59 53.64
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Figure E.1: Excerpt of the �rst page of the questionnaire �lled by subjects at the end of the
“Use the force!” experiment (Chapitre 6).
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Figure E.2: Excerpt of the second page of the questionnaire �lled by subjects at the end of the
“Use the force!” experiment (Chapitre 6).
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Chapter 6 annex: Detailed information
extracted from the questionnaires

Table F.1: General information about the 21 subjects who participated in the experiment de-
scribed in Chapter 6.

Subject Age Gender Nationality Preception problem Hand
1 26 M Czech glasses right
2 23 M French right
3 44 M French right
4 26 M French right
5 38 M French left
6 42 M French right
7 30 M French glasses right
8 39 M French contact lens right
9 27 M French left
10 29 M French right
11 29 M French glasses right
12 27 F French right
13 39 F French right
14 31 M French right
15 43 M French right
16 34 M French right
17 24 M French glasses not speci�ed
18 60 M French not speci�ed not speci�ed
19 27 M French glasses + lens right
20 40 M French weak myopia right
21 25 F French weak hypermetropia both
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Table F.2: Feelings of subjects as measured by the questionnaire. R standsfor Real movement
experiment and I stands for imagined movement experiment.

Q1: Tireness Q2: Comfort Q3: Control Q4: Frustration
Subject R I R I R I R I

1 2 1 5 5 3 1 2 3
2 1 1 4 4 5 4 2 4
3 2 2 5 5 5 5 1 1
4 1 2 6 6 6 2 1 4
5 2 1 4 4 1 1 3 3
6 1 1 6 6 5 2 1 2
7 3 4 3 3 4 5 5 5
8 1 2 3 3 2 1 1 1
9 5 5 5 5 4 1 1 2
10 1 1 5 6 5 3 3 5
11 1 1 6 6 1 1 1 1
12 2 3 3 3 5 3 3 5
13 1 1 6 6 5 3 2 6
14 2 1 6 6 4 3 2 3
15 1 1 7 7 7 7 1 1
16 2 2 6 6 2 2 3 5
17 3 5 4 6 5 6 6 4
18 1 1 6 5 2 2 1 1
19 3 4 6 6 5 5 5 5
20 1 1 4 6 1 1 4 4
21 1 3 7 7 6 1 1 4
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Table F.3: Performances of subjects (number of FP and TP, and HF difference) during the real
and imagined movement experiments.

Real Imagined
Subject TP FP HF diff TP FP HF diff

1 3 1 2 3 1 2
2 8 5 3 7 5 2
3 6 1 5 6 0 6
4 7 0 7 2 0 2
5 3 1 2 1 0 1
6 8 3 5 2 0 2
7 9 6 3 7 6 1
8 5 4 1 2 3 -1
9 5 0 5 2 1 1
10 5 0 5 2 1 1
11 2 2 0 3 1 2
12 4 2 2 1 3 -2
13 4 2 2 4 1 3
14 4 1 3 4 0 4
15 3 0 3 2 0 2
16 7 1 6 0 2 -2
17 6 1 5 4 1 3
18 6 8 -2 1 1 0
19 2 0 2 3 0 3
20 1 0 1 0 2 -2
21 6 0 6 0 0 0
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