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1.1 INTRODUCTION

Automatic systems capabl e of understanding different facets of human communica-
tion will be at the heart of human-computer interfaces (HCI) in the near future.

AnHCI whichisbuilt ontheguiding principle: "think and makeit happen without
any physical effort" is called a brain-computer interface (BCl). Indeed, the "think"
part of this principle involves the human brain, "make it happen” implies that an
executor is needed (here: a computer) and "without any physical effort" means that
adirect interface between the brain and the computer is required.

To make the computer understand what the brain intends to communicate necessi-
tatesmonitoring thebrain activity. Among the possiblebrain monitoringmethods, the
scalp recorded electroencephal ogram (EEG) constitutes an adequate alternative be-
cause of its good time resol ution, relative ssmplicity and noninvasivenesswhen com-
pared to other methods such as: functional magnetic resonance imaging, positron
emission tomography, magnetoencephalography and electrocorticogram. Further-
more, thereis clear evidence that observable changesin EEG result from performing
given mental activities[1]. Inthefollowing, an EEG based BCI will be simply called
aBCl.

Current BCls use the following EEG signals:

Event Related Potentials (ERPS)
ERPs are transient signals which are characterized by a voltage deviation in the

EEG and are caused by external stimuli or cognitive processes triggered by external
events.



When the user pays attention to a particular stimulus, presented by the BCI an ERP
that is time locked with that stimulus appears in her EEG. The changes induced by
the ERP in the EEG can be detected by the BCI. Therefore, by focusing her attention
to the adequate stimuli, the user can command the BCI.

The advantage of an ERP based BCI residesin thefact that little training is necessary
for a new user to gain control of the BCI. Nonetheless, the communication is slow
since the user must wait for the relevant stimulus presentation [2] [3].

Seady Sate Visual Evoked Responses (SSVERS)

SSVERSs are elicited by a visual stimulus that is modulated at a fixed frequency.
SSVERSs are characterized by an increase in the EEG activity at the stimulus fre-
guency. Throughfeedback, userslearnto voluntarily control their SSVER amplitude,
whose variations can be detected by the BCI [4].

Sow Cortical Potential Shifts (SCPSs)

SCPSs are shifts of cortical voltage, lasting from a few hundred milliseconds up
to several seconds. Users can learn to produce slow cortical amplitude shiftsin an
electrically positive or negativedirection for binary control. Thisskill canbeacquired
if the users are provided with a feedback on the course of their SCPS production and
if they are positively reinforced for correct responses[5].

Oscillatory sensorimotor activity

The8-12 Hz and 18-26 Hz activitiesrecorded over the motor cortex exhibit noticeable
changes during movement, preparation for movement and imagined movement [6].
Indeed, such activities decrease in the hemisphere that is opposite (contralateral)
to the movement and increase in the other hemisphere (ipsilateral). The frequency
ranges and the magnitude of the changes are user dependent; if trained, a BCI can
detect these changes and react according to a previously established protocol [7] [8].

Shontaneous EEG signals

These signals are recorded during the performance of mental activities other than
imagined motor tasks and are not €licited by external stimuli (e.g. mental counting,
mental rotation of an object, etc.). The BCI can function with spontaneous signals
if the patterns characterizing the corresponding mental activities are learned by the
BCl inatraining phase[9].

Current BClsaremainly designed for peoplewith severe motor disabilitiesin order
to providethem with new ways of communication which do not depend onthebrain’s
normal output channels of peripheral nerves and muscles [10] [11]. Furthermore,
BCls can be used as a complement to other HCI devices to enrich the interaction
between humans and computers [12] [13].
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The achievement of a successful BCI system depends on design factors as well
as on the user who should acquire a new skill consisting in controlling her EEG in
order to interact with the system. Therefore, human factors such asfatigue, stress or
boredom are of great influence.

Asmentionedin[11], effective BCls adapt to each user on three levels.

e First, when a new user accesses the BCI, it adaptsto that user’s signal charac-
teristics.

e Second, periodic adjustments are necessary to reduce the impact of EEG vari-
ations that results from different user’s mind states.

e Third, the adaptive capacity of the brain is engaged in the sense that, through
feedback the brain activity will modify so as to produce those EEG patterns
that best control the BCI.

In this chapter we present a complete BCI system that uses spontaneous and
oscillatory EEG signals and implements the three levels of adaptation mentioned
above.

1.2 GENERAL CONCEPTS

A BCI can bedefined asacommunication system in which the messages or commands
that the user sendsto the external world do not pass through the brain’snormal output
pathways of peripheral nerves and muscles [11]. The user communicates with the
BCI by performing mental activities (MAS) that the BCl is able to recogni ze because
of previoustraining. An unknown MA triggers a neutral answer from the BCI, the
nature of thisanswer depends on the context in whichthe BCl isused. By convention
we denote by M Ay an unknown MA.

Our BCI consist of three units, namely EEG acquisition, processing and output
(Fig. 1.1). While the user is performing the MAs that control the BCI, her EEG
signalsare acquired, digitized and sent to a computer where the signals are processed
and trandated into commands which generate actions in the output unit. These
actions, that can be noticed by the user constitute afeedback that the user exploits so
as to modulate her mental activity to make the BCl accomplish her intents.

The correspondence between the patterns present in the EEG, resulting from a
mental activity, and the actions generated by the output unit is determined using
machine learning techniques. Therefore atraining phase, in which the user is asked
to perform the MAs that will be used to command the BCl, is carried out.

Thetraining phaseiscomposed of several sessionsand resultsin modelsassociated
with each MA, that serve as reference for their respective MA. The models are built
through several training sessions in order to take into account different external
(environmental) and internal (user related) conditions which can induce variationsin
the EEG.

The MA models resulting from the training phase are validated in a training
with feedback (TRWF) phase in which the user is asked to perform the MAs and



a feedback, telling her if the MA she just performed was successfully recognized
(positive feedback) or not (negativefeedback) isprovided. Thisimpliessimultaneous
learning of both, the user (who adapts her EEG depending on the feedback) and the

BCI (who updatesits MA models).
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Fig. 1.1 BCI architecture

When the TRWF phase is completed the user can start controlling the BCI by
performing the MAs for which the BCI was trained (application phase).
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Fig. 1.2 Application phase: Time scheduling
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The time schedul e of the application phaseis depicted in Fig. 1.2. The amount of
EEG that is analyzed by the BCI to generate an action, the EEG trial duration and
the interval between two consecutive actions, the BCI period depend on the type of
MAs and on the user. These parameters are determined during the training phase,
in which some typical values for these parameters are tested and those values that
provide the best results in terms of recognition error are finally selected.

The above mentioned process, namely training, training with feedback and appli-
cation is carried out several times throughout the use of the BCI in order to satisfy
the three levels of adaptation mentioned in Section 1.1.

The extraction of the patterns that characterize a given MA and the model con-
struction are presented in Sections 1.4 and 1.5 respectively.

1.3 EEG ACQUISITION

EEG signals are measured at the scalp by affixing an array of electrodes (Fig. 1.3)
positioned according to the 10-20 international system [14] and with reference to
digitally linked ears (DLE). DLE referenced voltages are obtained by using the
average of voltages at both ear lobes as reference. The ear |obes are selected because
they congtitute an almost quiet reference. As a matter of fact, they present small
influences due to temporal activity [15].

Fig. 1.3 International 10-20 system of electrodes-placement.

The electrode label's correspond to their position with respect to the brain zones,
i.e. Fronto-polar(Fp), Frontal (F), Central (C), Temporal (T), Parietal (P) and Occipital
(O). Odd indexes are located in the left hemisphere and even ones in the right
hemisphere.

If V. isthe voltage at electrode e, V41 and V45 the voltages at left and right ear
lobesrespectively and if we arbitrarily choose V 4; asthe physical reference, thenthe
DLE referenced voltage of electrode e is
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VPP = (V= Va,) — B (Vag = Va,) = Ve - 5 (Va, +Va,) (1.1)

1.4 SIGNAL PROCESSING

The purpose of signal processing is twofold - firstly, maximization of the signal-
to-noise ratio (preprocessing) and secondly, effective characterization of the MAs
(feature extraction).

14.1 Preprocessing

Noise sources that affect EEG can be nonneural (50 Hz power-line, eye blinks and

muscular activity) or neural (EEG featuresother than those used for BCI control) [10].
In this research, we centered our analysis on nonneural noise. A 50 Hz notch

filter [16] was used to suppress power line interference during the measurements.
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Fig. 1.4 Muscular and eye blink artifactsin EEG.

Any EEG tria containing an eye blink or muscular artifact is considered as
unknown to the BCI and conseguently elicits the neutral action (Section 1.2).

Eye blinks are characterized by an abrupt increase of amplitude which is more
noticeablein electrodes Fpl and Fp2 (Fig. 1.4). Current methods used to detect such
artifacts are basically offline as they were designed for clinical research [17]. We
designed an online detection procedure based on the frequency content of the signals
recorded at Fpl and Fp2.

During a calibration procedure the user is asked to blink her eyes a couple of times,
the resulting EEG is then segmented into one-second long blocks whose frequency
contents, for electrodes Fpl and Fp2 are calculated from 2 to 40 Hz in two-Hz wide
bands. The 38 power values corresponding to aone-second segment are then grouped
into a vector (Fp-frequency vector). The complete set of vectors obtained at the end
of the calibration procedure, is presented to a k-means algorithm [18] to compute
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two centers?, associated with segments containing ocular artifacts and clean ones.
By computing the distance between these centers and the Fp-frequency vector of a
segment, one can decide if such a segment contains an eye-blink artifact or not. The
accuracy of the centersis then tested in a second calibration procedure where visual
feedback is provided whenever the BCI detects an eye blink.

Muscular artifacts are characterized by high amplitude high frequency bursts in
EEG (Fig. 1.4) which are more noticesble at electrodes F7, F8, T3, C3, C4 and
T4. The centers characterizing the EEG segments containing muscular artifacts with
respect to clean ones are determined in the same way as for ocular artifacts. As
for ocular artifacts, the accuracy of the centers is tested in the second calibration
procedure where a visua feedback (different from that of eye blinks) is provided
when the BCI detects a muscular artifact.

The calibration procedure which results in references for the detection of eye
blinks and muscular artifacts is repeated before each recording session to take into
account the particular environmental conditions. Thetotal duration of the calibration
is usualy less than ten minutes.

1.4.2 Featureextraction

An EEG trial X belongs to? RNexTiriat where N, is the number of electrodes and
T}ria 1S the number of samplesin the EEG trid. Therowsof X: X(1),..., X(N,)
contain the signals recorded at different electrodes.

The goal of feature extraction is to map the EEG trial space, R VexTtriat into a
feature space, RPs (D isthe dimensionality of the feature space) which is suitable
for the discrimination of EEG trials resulting from the performanceof different MAs.

The mapping function is usually determined using the physiological knowledge
of the MAs that are used to control the BCI. Common mappings result from time-
space [19] [20], frequency (parametric [21] [22] and nonparametric [6]) and time-
frequency analysis of EEG trials[23].

In this study, the feature vectors are obtained using a set of space-frequency
filters which are determined for each MA. Below we present the method, based on
the approach presented in [20] used to determine those filters for a particular MA
(targeted MA).

Consider aset of EEG trials®, = whichislabeled (i.e. the MA associated with each
element in = is known), the sub-indices 7 and j are used for EEG trials belonging
(targets) and not belonging (nontargets) to the targeted MA respectively. Then,

== {X,]1<i<NJU{X;|1<j <Ny}

10ne of the two centers determined by the k-means algorithm is generally associated with clean segments
whereas the other one with perturbed segments. Indeed, the frequency content of eye blinks and muscular
artifacts is different enough from that of clean EEG

2The space of real matrices of dimension N X T}jq;

3The temporal mean is removed from each EEG trial
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where N; and N; are respectively, the number of targets and nontargets.
The mean autocorrel ation matrices of targets and nontargets are*

Np
1
Rp = N inxf = (X;X}) (1.2)
=1
Ny
1
Byt = & > OXXE=(X;X)) (1.3)
j=1

The sum of the autocorrelation matrices, being positive semi-definite can be diago-
nalized and its eigenvalues are positive, i.e. the diagona elementsof D r in Eqg. 1.4
are positive.

Rr + Ryt = VDRVt 1.9

The following matrices are defined®: Sy = D;z% VtRTVD;L% and

Syt = Dp? VPRyV Dy . Onecan easily check that Sz + Syr = I, where I is
the identity matrix.

Thematrices S and Sy can be diagonalized, have the same eigenvectors and their
eigenvauesarein]0; 1[. Then, S = UDsU* and Sy = U(I — Ds)U*. Fromthe
last equalitiesit can be inferred that

D = U'D*VIRpVD U = P(X,X[) P' = (PXi(PX))' ) = (Z:21)
(1.5)
I-Ds = U'D* V'Ryr VDR U = P(X; X)) P' = (PX;(PX;)") = (2;2)
(1.6)
where P = U'D,?V', Z; = PX, and Z; = PX;. Z; and Z; can be seen as
transformed EEG trials which result from the projection, by P of X ; and X ;.
The elements of the n'" row of P are the coefficients of the n*" projection. The nt"
Ne
rowof Z;is Z; (n) = > Pp i Xi(k).
k=1
If thent” eigenvalue()\,,) of St islarge, theeigenvalue (1-),,) of Sy, associated
with the same eigenvector issmall. Thelatter anountsto say that, if (Z;(n)Z!(n)) is
largethen (Z;(n)Z!(n)) is small and vice versa. It follows that the mean energy of
the projections whose eigenvalues are the largest or the smallest, constitute suitable
features to classify an EEG tria as belonging to the targeted MA or not.
Only some rows of P (relevant components) need to be selected to build a feature
vector. Asamatter of fact the n'” row is selected if the corresponding eigenvalue \ ,,
satisfies:
min (A, 1= \,) <p (1.7)

4The upper index * stands for the transpose operator

5The notation D3 means that the sguare root of the inverse of each element in the diagona of D is
taken
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where p is a parameter whose typical valuesarein [0.1; 0.2].

Asit can beeasily noticed, the projection matrix P was built using theinformation
in the time domain only. In order to take into account the information encoded in
EEG frequencies, projection matrices are built for different frequency bands. The
frequency bands can be the classical four bands used in medical research, namely o
(1-4 Hz), 6 (4-7 Hz), o (8-13 Hz) and 3 (15-20 HZ). Since the choice of frequencies
bands depends on the MA and on the user we did not use the typical bands, instead
we considered 4-Hz bands from 1 to 41 Hz, i.e. 10 frequency bands.

In order to prevent any phase distortion of the signals when filtered into the above
mentioned bands, we used linear-phase finite impul se response filters [24].

The feature vector = associated with an EEG trial X is computed in the following
way: X is filtered into the 10 frequency bands, then each of the filtered trials is
transformed applying the respective projection matrix. Finally, the mean energies

corresponding to each projection compose the feature vector. The dimension of the
10

feature vector D isequal to Y n, where 1, is the number of relevant components
b=1

associated with the b*" frequenEy band.
Since the determination of the feature spaceis optimized for agiven MA and user,
this procedureimplements the first level of adaptation (see Section 1.1).

1.5 LEARNING MENTAL ACTIVITIES

We consider a BCI that is commanded by Nj;4 MAS, each of them associated
with an action. The set of actions that the BCI is able to perform is noted as
{Ayp, A1, ..., An,, . } Where A, isthe neutral action that corresponds to an unknown
MA (Section 1.2).

BCI functioning is modeled as depicted in Fig. 1.5. Each BCI period the MA
generator (which is composed of the user’'s brain, the acquisition device and the
feature extractor) produces a vector8z(m) drawn from a probability density function
(PDF) p(z(m)) which depends on on the action at time (m — 1), A(m — 1) and on
extra-system factors (Ext) that can be external (noise and environmental conditions)
and internal (user’s state of mind).

The vector (m) isthen processed by the recognition algorithms whose result is the
vector L(m) containing N ;4 scores that measure the likelihood that «(m) corre-
spondsto each MA.

The taken action can be noticed by the MA generator who adaptsits behavior conse-
quently (feedback). Additionally, the current action A(m) dependson L(m) and the
last T actions A(m — 1), ..., A(m — 1), thisdependency is presented in Section 1.5.2.

In order to produce the desired actions, the MA generator should adapt its PDF
through reinforcement learning. While external factors can be controlled, internal
ones are harder to control even by the user herself. It becomes then necessary to

Sthe feature vector whose computation is explained in Section 1.4.2



introduce a mechanism that allows the recognition algorithms to adapt to the user’'s
current PDF, this mechanism is presented in Section 1.5.1.

Extra-system factors

A(m-1) Internal & External

MA generator
p(x(m))

bl x(m)
MM ™

L(M)=[LL(m),...,Lnma(m)]

Recognition

Action generator i
algorithms

A(m)=A(L(m),A(m-1),...,A(M-T))

Fig. 1.5 BCI modedl.

1.5.1 Dynamic characterization of the PDF associated with an MA

The parameters of recognition algorithms need to be flexiblein order to dynamically
characterize the PDF associated with each MA under different extra-system condi-
tions. The characterization processis carried out in several training sessionsand it is
continuously updated under the assumption that the extra-system conditions remain
constant during each session.

Thefirst characterization of M A, that is denoted by @, 4, (0) is obtained after a
training without feedback session (open loop) in which the user is asked, by avisua
cue, to perform the M A, while the produced feature vectors are stored to compute
(I)]qu (0) (Fig. 1.6).

Feature vector belonging

MAg Cue to the MAq class

=™ | MA generator Recognition Pring(0)
4 . algorithms

Fig. 1.6 Training without feedback (open loop).

Subsequent characterizations, ® 74, (k) for & > 0, are obtained after training
with feedback sessions (closed loop), in which the user is asked to perform M A,
and the system uses the last characterization to tell the user if the current M A was
successfully identified (Fig. 1.7).

An effective way to integrate the current characterization with the precedent one
consists in considering ® 74, as a set composed of those vectors that define the
boundaries of the PDF',. Such a set is built using the approach presented in [25]
for novelty detection. In the following we briefly present this method for the first
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training session (without feedback) and we generalizeit for the subsequent training-
with-feedback sessions.

Pmaq(k
Feature vector belonging alk)

to the MAq class

MAq Cue
=23 | MA generator |:> Recognition =) omas(ie)
y algorithms
o 1
\V: NS
e Action generator
Feedback

Fig. 1.7 Training with feedback (closed loop).

A transformation F'; that mapsthe feature vector space, R P+ into ahigh (possibly
infinite) dimensional space H, is determined through a Kernel function that is the
internal product in H and can be expressed in terms of dot productsin R?s. The
advantage of this mapping resides in the fact that simple data representations in H
can model complex distributionsin R P, The choice of the Kernel function depends
on the application, herewe used aGaussian Kernel as suggestedin [25], which makes
H of infinite dimension [26].

If 2 and y belong to R P/, the Gaussian Kernel is defined as follows:

(1.8)

e — - .
K = o (222200

02
where"-" isthedot product of = and i, and o isthewidth parameter that is determined
by cross-validation.

Let T, be the set containing the feature vectors belonging to class M 4 ,, T, the
complement of Y, and Fiy (Y,), Fu (Y,) theimagesof T, and T, under Fy.

We assume that elementsin Fi(Y,) are tightly bounded by a sphere of radius
R and centered in Q(e H) while the vectors in Fy(T,) are outside that sphere.
Therefore, the value of R and the center 2 are found by solving the optimization
problem consisting in minimizing R.

Inarea application, some of the feature vectors can be in the wrong set (training
errors) because of perturbations or user’s lack of concentration during the measure-
ments. In order to take the training errors into account and to avoid overfitting it is
necessary to introduce slack variables. Then, the optimization problem becomes:

minimize [ R+ C1 > + 02 Y ¢Y) (1.9)
7 J

under the constraints
lui = QY < B>+ €7 5 wi = Fy(ai) ; i € Ty
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lo; = QI° > B2+ 6" 5 v; = Fu(y,); y; € Ty

€720 ¢">0

whereC; and C- are penalization constantswhose values are determined asexplained
later in the text. Theindex i is used for elementsin Y, and Fi (Y,), and theindex j
for lementsin T, and Fi (1)

Problems of this kind are handled by introducing Lagrange multipliers « E”) >0,
agy) >0, %(”) >0, %(y) > 0 and a Lagrangian.

Ap=R+C1y &7 +Cry & =3 37" = 7"g (1.10)
i J i j
=l (B4 — s =) = Yool (g — U~ R ")
‘ j

The Lagrangian A p has to be minimized with respect to the primal variables: R,
g"”’ g(y) © and maximized with respect to the dual variables: o (’”), ;y) (’”), %(y)
(in other words, a saddle point has to be found).

Taking derivatives of A p with respect to the primal variables and setting them to
zero leads to the following results:

Sa -3l =1 (1.11)
i J

Q=Y au — 3 al, (1.12)
i J

-7 —a® =0=0<a” <y (113

Co—7y" —af =0=0<af’ <Oy (114)

when Equations 1.11, 1.12, 1.13 and 1.14 are substituted in 1.10 one obtains the dual
problem

Ap=1-Y aaly K (zi1,2:2) (1.15)
i1,i2
+23 ol K (@i, yy) = Y ol ol K (yjn,y52) =1 - Q-Q
i, 71,52
where

K (zi1,%i2) = w1 - Uiz, in = Frr (x51) and uie = Frr (242)
K(l‘i,yj) = Uj " Vj, Uj = FH (J)z) andvj = FH (y])
K (y;1,y52) = vj1 - vj2, vj1 = Fu (y;1) and vjo = F (yj2)

Thedual Lagrangian, A p should be maximized with respect to the « E”) ‘'sand the

agy)’s. The last amountsto say that €2 - Q2 should be minimized (Eg. 1.15); therefore,
the sphere in the space H is close to the origin.
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Furthermore, the Karush-Kuhn-Tucker (KKT) conditions [25] imply that at the
optimum Egs. 1.16 and 1.17 hold.

o (B2 4+ ~ flus = Q) =0 (1.16)
o (lloy = QI = B2 +€) =0 (1.17)
The value of ag"” determines the position of u,; with respect to the sphere.
al(.””) =0, u; isinside the sphere
it ] 0< al”) < Cy, w, isinthe boundary of the sphere
az(.'”) =(y, u; is outside the sphere (fal se negative)

Reciprocal results are found for the « @) and their corresponding v ;. Because of
the KKT conditionsthe solution of the problemin Eq. 1.15is sparse, i.e. the mgjority
of o’s are equal to zero at the optimum value of A p. The characterization ® 74, is
composed of those vectors’ (in the feature space RP7) whose alpha’s are different
fromO.

The radius of the sphere R is determined by computing the distance between the
center 2 (Eq. 1.12) and any of the u;,’s such that its corresponding ;. isin ]0; C4 |,
i.e. u;, isat the boundary of the sphere (Eq. 1.18).

R? = |Jus — Q|7 (1.18)
=2|1- Zagm)m Uiy + Za§»y)vj ‘Ui« | —Ap
i J

=21|1-— Z Oéz(-z)K (.13“33“) + Z a;_y)K (yj,lﬁi*) —Ap

ilz;€Prma, Jlyj€Prra,

From the above results and Eq. 1.11 it can be stated that

1
< - - 1.1
@ number of «’s outside the sphere (fal se negatives) (1.19)
1
(1.20)

<
C2 < number of v’sinside the sphere (fal se positives)

In the first session, Cy was determined using the equality in 1.20, under the
assumption that the fal se positive rate was equal to the rate of nondetected artifacts,
and C; was determined using 1.19 under the assumption that the fal se negatives rate
was in the order of 1%.

"The vectors whose « is different from zero are usually called support vectors
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In subsequent sessions, since reference models exist to provide feedback, the
values of C; and C; were set depending on the number of false negative and false
positive feedbacks respectively, according to Egs. 1.21 and 1.22.

1

Cfe 1.21

= e (1.21)
1

Cy = T (1.22)

where N; and N are the numbers of false negative and false positive feedbacks
respectively, and ) is alearning factor that characterizes the amount of novelty in a
given training with feedback session. Typical valuesfor n arein [0; 0.3].

The characterization at the end of the k" session, @, 4, (k) is composed of the
vectors that are in the boundary of the sphere. In the (k + 1) session, the new
characterization, ® 574, (k + 1) is obtained adding the characterization set of the kth
session to the new training vectors and solving the optimization problem (Egs. 1.9
to 1.17).

It can be shown that if the boundary of the PDF , changes, the characterization
adaptsto that change. In thisway we can achieve the second level of adaptation (see
Section 1.1).

As feedback is provided during the training sessions, (except the first one) the brain
can adapt itself in order to produce the right MAs. In this way, the third level of
adaptation is achieved (see Section 1.1).

The model of M A, at the end of the k' session is composed of ®ara,(k), the
values of the o’s associated with the elements in ® 5,4, (k) and the radius of the
sphere corresponding to the M A, at the end of the k" session: R, (k).

For an unknown vector, x- its score, ¢, (z-) with respect to the M A, characteri-
zation is computed as the ratio between the distance of F g () to the center of the
sphere associated with M A, and the radius R,,.

Go(17) = 3% (x];)Q— Ql _ 2(1— F]I;Q(m?) -Q)

q q

(1.23)

2 <1 - ¥ ag‘”)K (xi,z2) + > ag-y)K (yj,x7)>

ilz;€Prma, Jly;€Pma,

R

The smaller ¢,(x-) the larger the likelihood that «» was produced during the perfor-
mance of (M A),.

If the scoreis larger than 1, F(z-) is outside the sphere, thus the likelihood of
x> being produced during the performance of M A , is zero.
When afeature vector z(m) is presented to the recognition algorithms (see Fig. 1.5)
theresult is avector:
L(m) = [ Ll(m) LNMA (m)]
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where L, = max(— log(s,(z(m))), 0) indicates the likelihood that x(m) was pro-
duced during the performance of M A,,.

1.5.2 Action generation

The action generator is a state machine whose (N ;4 + 1) states correspond to the
Ny 4 actionsand the neutral one. Intheideal scheme the action at time m, depends
only on L(m) according to:

o if Ly (m) = 0,Vgthen A(m) = Ay
Ideal scheme criteria 4 otherwise A(m) = Anrg max(Ly(m))

Since the recognition of MAs is not perfect, the action generator is not allowed
to abruptly change its state. Instead, a dynamic transition mechanism is introduced
that depends on the recognition error. As the user performance increases,i.e. the
recognition error rate decreases, the mechanism convergesto the ideal scheme.

Consider that at time m the BCI is executing the action A ;; and, according to the
ideal scheme criteria A(m + 1) = Age. The transition towards A, is alowed if,
under theideal schemecriteria, A(m+1) = A(m+2) = ... = A(m+742q1) = Ag2
otherwise the BCI keeps executing A .

Thevalue of 7 is determined such that

loge

5" (1.24)
IOg Pq2q1

Tq2q1 2

where pg241 1S the probability that a vector x, generated during the performance
of M A, was recognized as belonging to the M A ;» class and e is a constant that
characterizesthe degree of confidence on the transition from A ;; to A2, €.9. if 99%
confidenceis required then, the value of ¢ is set t0 0.01.

One can easily verify that 74241 — 0 (Eq. 1.24), i.e. the smaller the proba-

Pq2q1—

bility of confusion between M A ;» and M A, the shorter the transition duration.
Therefore, as the user performance improves, the transition scheme evolves to-
wards the ideal scheme.

1.6 EXPERIMENTAL METHODSAND PROTOCOL

Two male and healthy users (S1, S2) 25 and 27 years old participated in twelve
sessions of about 30 minutes. The activities in these sessions were organized as
follows: training without feedback in thefirst three sessions, free control of an object
on acomputer screen in the sixth and the last two sessions, and trai ning with feedback
in the remaining ones. The users were comfortably sitting in an armchair and placed
in front of a computer screen. The experimentation room was quiet and slightly
illuminated.
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The signals from electrodes Fpl, Fp2, F7, F3, F4, F8, T3, C3, C4, T4, A2, T5,
P3, P4, T6, O1 and O2 were recorded with reference to A1, and the DLE referenced
voltages were then calculated (see Section 1.3).

Each session started with the calibration procedure in which the parameters for
the rejection of artifacts were set (see Section 1.4.1).

The duration of EEG trials and of the BCI period were set at the end of the first
session as explained in Section 1.2.

The users were asked to perform three MAs to control the BCI, namely imagined
movement of left and right index finger (M A 1 and M A, respectively), and successive
mental subtractions by 3 (M A3). Visua cues were used to indicate which MA to
perform, for M A, and M A, a pointing object was displayed in the screen and for
M A3 arandom 3-digit number was displayed to indicate the starting value for the
successive subtractions.

1.6.1 Protocol of atraining without feedback session

Thefirst ten minutes were spent in the calibration procedure and the remaining time
was divided into two five minutes measurements separated by about two minutes
break.

Each five-minute measurement time (active thinking period) was organized as
follows(Fig. 1.8): avisual cueisdisplayedindicatingthe MA that should be executed
during the next five seconds. At the end of this interval a break cue appears, telling
the user that she should perform M A, i.e. any mental activity but the three ones
that are trained. The duration of the break was randomly chosen between 4,5 or 6
seconds. This processis repeated 30 times (10 times, in arandom order, per MA).

Visual cue

Mental Mental

activity activity Break |
1 seconds

~300

Random duration, 5sec

4-6 sec

Fig. 1.8 Active thinking period corresponding to atraining without feedback session

1.6.2 Protocol of atraining with feedback session

The genera time organization was identical to that of the training without feedback
Sessions.

The difference between the two kinds of training sessions resides in the fact that
during the periods of active thinking a feedback is provided to the user. When the



RESULTS AND DISCUSSION XVii

feedback is positive, the action to which the current MA is associated is executed by
the BCI and the neutral action is executed if the feedback is negative.

The interval between two successive feedbacks is equal to the BCI period which
was determined after thefirst training (without feedback) session.

Visual cue

MA with MA with
feedback ' feedback ‘ Break |
— — — i seconds

0 \Iq_’»/ ~300
5 sec
Random duration,
4-6 sec

T T 5.0 seconds

BCI

0
. * T_ . : BCl period
Visual cue ?\J = l

Feedback

Fig. 1.9 Active thinking period corresponding to atraining with feedback session

1.6.3 Protocol of afreecontrol session

Two objectsare placed on the computer screen, one of them isthe target and the other
the mobile object that is controlled by the user thoughtsin order to reach the target
object. Thedistance between thetwo objectsisthe samefor each freecontrol session,
the relative position of the objects is nevertheless changed to avoid habituation. The
"game" was repeated three times per session.

1.7 RESULTSAND DISCUSSION

Preprocessing The results of the preprocessing procedure (Section 1.4.1) are re-
ported in Fig. 1.10 in terms of the rate of clean EEG segments that were detected
as artifacts (false artifacts) and the rate of segments containing artifacts accepted as
clean (false clean segments).

For our purposes it is more important to have a low false clean rate in order to
accurately describe each MA. Asit can be seenin Fig. 1.10 thisrate is below 3% for
both users.
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False artifact rate

False « clean » rate
N

41 | |
“l |:| II:| |:|
o | ! | !

2 a & e 10 1z

Session

Fig. 1.10 Top: False artifact detection rate (%). Bottom: Rate of artifacts detected as clean
signals (%).
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Training without feedback - Sessions: oneto three  For the training sessions with-
out feedback, different durations of EEG trial duration/BCl period were considered 8.
These values were evaluated according to the recognition error rate which was de-
termined using the ideal scheme criteria (Section 1.5.2) and taking about 60% of the
EEG trias for training the MA models® and the remaining trials to determine the
recognition error. In order to have more reliable results, the recognition error was
averaged over twenty different choices of the training and testing set.

The results, reported in Table 1.1 show that, the longer the duration of the EEG
trial the better isthe recognition accuracy. For both users, the EEG trial duration and
the BCI period were set to 2 seconds. Evenif thevalues 3/2 and 3/3 provided slightly
better results we preferred to avoid the overlap (in the 3/2 case) and an excessive
delay in the feedback (in the 3/3 case).

| User | 0.5/0.5 1.0/0.5 2.0/1.0 2.0/2.0 3.0/2.0 3.0/3.0 |

S1 40.54 35.33 31.25 30.95 30.45 29.22
S2 42.57 36.33 33.63 31.82 30.97 31.57

Table 1.1 Global recognition error rate (%), in the first three sessions for different
durations (in seconds) of EEG trial/BCI period

As explained in the feature extraction part (Section 1.4.2) the number of relevant

spatia filters for each frequency band should be determined according to Eq. 1.7, in
this study we set p = 0.15.
The obtained results are reported in Table 1.2. For M A, and M A, the frequency
bands from 9 to 25 Hz have the largest numbers of relevant spatial filters while for
M A3 the band that has the largest number of relevant spatia filtersis user dependent
(13-17 Hz for S1 and 5-9 Hz for S2). Furthermore, the dimension of the feature
space depends on the MA and on the user.

InFig. 1.11 we present the main spatia filter associated with the most important
frequency band (the one that has the largest number of relevant filters) for each MA
and user.

Training with feedback - Sessions: four tofiveand seventoten InTables1.3and 1.4
we reported the evolution, over the sessions of the transition parameters 7 for user S1
and S2 respectively. 74241 correspondsto the transition from A,; to A,. Thevalue
of ein Eq. 1.24 was set t0 0.01.

For both subjects the mean transition duration is two BCI periods, namely 4
seconds. One can see that the transition duration follows smoothly the variations
of the error rates (see Fig. 1.12 and 1.13) . Indeed, = was modified if the user
performance was significantly changed. This behavior is due to the log function in

8When the EEG trial duration islonger than the BCI period an overlap between the trials exist.
9Every model was bilt using the same number of trials



XX

Q
Q
Q
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MA1 MA2 MA3
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1-5Hz
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9-13Hz
13-17Hz
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21-25Hz
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Feature space
dimension | 26 22 29 18 24 24 |

Table 1.2 Number of relevant spatial filters for each frequency band, MA and user
(p = 0.15 see Section 1.4.2)

MA2 MA3
(13-17 Hz) (13-17 Hz)

User 2
(52

MAL MA2 MA3

(13-17 Hz) (25-29 Hz) (5-9 Hz)

Fig. 1.11 Representation of the space filters associated with the most important frequency
bands for each MA. Top: Userl, Bottom: User 2
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the definition of 7 (Eq. 1.24). Thus, if the user improved her performance, the BCI
rewarded her by shortening the duration of the transition.

Figures 1.12 and 1.13 depict the evolution of the users performance over the

sessions, where feedback was provided. In the horizontal axis we reported the true
positives rate for each MA, i.e. the percentage of trials that were correctly identified
as belonging to their respective MA class and in the vertical axis the false positives
rate, i.e. the percentage of trials that were wrongly identified as belonging to each
MA class. The numbers above the markers indicate the number of the session.
As it can be observed, the trends indicate that the true positive rate was globally
improved for both users. Indeed, the true positive rates are larger in the last session
(were feedback was provided) for each MA. Nonetheless, a more erratic evolution
appears for the false positive rate, for S1 by instance the false positive rates for
M Az and M A, are worst in the last session and for S2, M A, presents the same
particul arity.

Theway in which the false positive rate is handled depends on the application, in
our case it was more important to have a high true positive rate so as to avoid user
frustration that can appear if the false negative rate is high. For other applications,
such asdriving awheelchair it could be moreimportant to have asmall false positive
rate.
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Table 1.3 Evolution of the transition parameter 7 for the training without feedback
sessions for user S1

Free control - Sessions. six, eleven and twelve In Tables 1.5 and 1.6 we report the
time, in seconds that each user took to reach the target object. The shortest possible
timeto reach the target was 80 seconds, i.e. 40 EEG trial s correctly recognized. If the
object is moved outside the limits of the screen the target was considered as missed.
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Table 1.4 Evolution of the transition parameter 7 for the training without feedback
sessions for user S2

False positive rate (%)

True positive rate (%)

Fig. 1.12 Evolution, for user S1 of the true positive and false positive rate for each MA. The
numbers above the markers indicate the session number
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False positive rate (%)

5 I I I I ]
60 65 70 75 80 85

True positive rate (%)

Fig. 1.13 Evolution, for user S2 of the true positive and false positive rate for each MA. The
numbers above the markers indicate the session number
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From the reported results it appears that, when the users reached the target, the
time required is much longer than the optimal time. The best times are more than six
and seven times the optimal one for S1 and S2 respectively. Nonetheless, the trends
indicate that the times became shorter as the users gained more experience with the
BCI. One can imagine that through training, the time can be further improved.

| Game | 6" session 11" session  12'" session |

1 Missed 533 486
2 582 564 492
3 Missed 627 516

Table1.5 Time (in seconds) to reach the target in the free control sessionsfor user S1.
If the object went outside the limits of the screen thetarget was considered as missed.

| Game | 6" session 11" session 12" session |

1 Missed 656 Missed
2 Missed Missed 626
3 Missed 634 582

Table 1.6 Time (in seconds) to reach thetarget in the free control sessions for user S2.
If the object went outside the limits of the screen thetarget was considered as missed.

1.8 CONCLUSION

In this chapter we presented the three adaptation levels that are required from a BCl
system and a model that can implement those levels. The first adaptation level is
achieved by computing a set of space frequency filters whose parameters are deter-
mined for each user and each MA. Theresulting feature vectorsarethen characterized
by a set whose elements are those vectors that are at the boundary of the probabil-
ity density functions associated with each MA. This characterization is periodically
updated using an efficient algorithm which easily integrates the "knowledge" gained
in a training session in the next session (second adaptation level). The obtained
results show that the user performancetendsto improvethrough the training sessions
because of the feedback. Thisimplementsthe third level of adaptation asit engages
the adaptive capabilities of the brain.
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