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FURIA: An Inverse Solution based Feature
Extraction Algorithm using Fuzzy Set Theory for
Brain-Computer Interfaces

Fabien LOTTE, Anatole ECUYER and Bruno ARNALDI

Abstract—This paper presents FuRIA, a trainable feature [3]. Hence, they may localize the neural sources of activity
extraction algorithm for non-invasive Brain-Computer Interfaces  within the brain, thus recovering a physiologically releva
(BCI). FuRIA is based on inverse solutions and on the new ;hcormation. Recently, inverse solutions were shown to be

concepts of fuzzy Region Of Interest (ROI) and fuzzy frequeng . .
band. FURIA can automatically identify the relevant ROI and Promising feature extraction methods for EEG-based BCI [4]

frequency bands for the discrimination of mental states, even fo  In this paper we propose a trainable feature extraction-algo
multiclass BCI. Once identified, the activity in these ROl and rithm for BCI which relies on inverse solutions. This algbm

frequency bands can be used as features for any classifier. Thejs called FuRIA which stands foFuzzy Region of Interest
evaluations of FURIA showed that the extracted features were Activity. FURIA aims at automatically identifying what are
interpretable and can lead to high classification accuracies. for a g.iven subject, the relevant Regions Of Interest (Rdl)
_ Index Terms—brain-computer interface (BCI), feature extrac-  and their associated frequency bands for the discriminatio
tion, inverse solution, fuzzy sets, electroencephalography (EBG ot mental states. The activity in these ROl and associated
frequency bands can be used as features for any classifier.

EDICS Category: Biomedical Signal Processing (BIO) The paper is organized as follows: Section Il details the
concept of inverse solution and reviews its use for BCI desig
. INTRODUCTION Section Il describes in details the FURIA algorithm we pro-

Brain-Computer Interfaces (BCI) are communication sy )ose. Section IV presents the results of the FURIA evalosatio

tems that enable a user to send commands to a computer Hﬂfdly’ Section V discusses the results and concludes.

by means of brain activity [1]. Designing a BCI requires a

researcher to measure the brain activity and to identifiepas Il. BACKGROUND: INVERSE SOLUTIONS ANDBCI

in it. Brain activity measurements are generally achievel Inverse solutions

using ElectroEncephaloGraphy (EEG) which is portable, non\yhen using EEG, the signats(t) (m € RN=-1 with N,
invasive, cheap and offers a good time resolution [1]. HENG§aing the number of electrodes used) recorded at tiroe
identifying patterns in EEG signals is a major challenge ifhe scalp can be modeled by a linear combination of brain
the design of efficient BCI. Two key points are involved injipole activity ¢(t) (c € R3*N-1 with N, being the number
this identification, namely, feature extraction and clsaiion  of gipoles considered). This is called trward problem[3],
[2]. Feature extraction aims at describing the EEG signgls Qhich can be modeled by:

some relevant values called features while classificatiors a

at automatically assigning a class to these features. m(t) = Kc(t) 1)

A good feature extraction algorithm should capture tr\ﬁhereK is an N, x (3 x N,) matrix called theleadfield

relevant information related to each targeted brain agtivio+ris which represents the physical properties (condagti

pattern (or mental state) while filtering away noise or a%f the head. This matrix is a head model in which each dipole

unrelated information. Moreover, EEG signals are knowneo l?s modeled by a volume element known asaxel Typical

highly subject-specific, in terms of spatial or spectralteats head models are composed of thousands of voxels [3]. The

for instance [1]. Consequently, an ideal feature extractio ; : : :
. . . t) vector holds the orientation and amplitude of each dipole,

algorithm for BCI should be trainable in the sense that ) P P

. o gccording to the three dimensions of the head model space.
should learn and use subject-specific features.

Inverse solutions aim at estimating the brain dipole atytivi

Inverse solutions are methods that attempt to reconstnact t&(t) by using only the scalp measurementst) and the

activity in the brain volume by using only scalp measuremment, . ysiald matrix (head modelly, which can be modeled by:
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distributed solutions and equivalent dipole solutions [[§] subject’s specificities, and will have, most probably, non-
Distributed solutions estimate the amplitudes and ortearta optimal performances.
of a large number of voxels distributed in all the cortex or in A few general-purpose methods, based on distributed in-
all the brain whereas equivalent dipole solutions estintlage verse solutions, have been proposed [11] [7] [13]. Theimmai
position, amplitude and orientation of few sources (tyliyca drawback is that they must extract one or several features pe
one or two), each one modeled by an equivalent dipole. voxel, which generates a very large number of features. , Thus
Congedo has shown that with any linear and discrete invettbés requires the use of feature selection techniques [I[1] [
solution the amplitudey, (also known as current density) in[13]. Even though this solution gives good results, the nemb

voxel v could be formulated as a quadratic form [6]: of features used remains generally relatively high, paldity
. in comparison with the number of features extracted by non-
Yo(t) = m(t)” Quml(t) () general-purpose methods [10] [8]. Moreover, in these ntho

Here,Q, is anN, x N, matrix denoted as thieverse operator all voxels are processed independently, whereas the ¢urren

for voxel v [6]. The superscripf’ denotes transpose. Typicallydenﬁ't';]S n nelg?bo[]mglc;/%xels f\hre gCIenerslly corr(_elaMI.
Q, = TTT, with T, being thev" row of T. Such av, such, these voxels should be gathered in brain regions.

measure has been used as a feature for BCI (see next section?.ongedoet al have proposed a method which is general-

The current density in a given Region Of Interest (RQI) purpose and generates a small set of discriminatiye femture
i.e.. in a set of voxels, can be computed as follows: which are dgtermmed after gathering .the voxels |r)to a few
non-overlapping ROI [9]. However, this method still needs
Ya(t) = Z Yo(t) = m(t) T Qami(t) with Qq = Z Q, (4) improvements as it is not completely automatic and curyent
veQ e limited to the use of two ROI [9].

This notation is very convenient as it allows very fast compu
tations, whatever the number of voxels in the RDIActually
the Qq matrix can be Compu[ed offline, and the size of this FuRIA is an inverse solution-based algorithm which can
matrix depends only on the number of electrodes used. learn and use subject-specific features for mental state cla
sification. A feature extracted with FuRIA corresponds to
the activity in a given ROI and its associated frequency
band. Contrary to existing methods, FURIA can automaticall
Concerning BCI, inverse solutions extract physiologicallidentify relevant ROI, as well as the frequency bands in whic
relevant information which appears as an attractive type dfese ROI current densities are discriminant. Finally, FUR
feature. Recently, a few studies have focused on inver@go introduces the concepts of fuzzy ROI and fuzzy frequenc
solutions for feature extraction and have obtained prargisibands to obtain increased classification performances.
results [4] [7] [8]. In order to design BCI, inverse solution FURIA aims at being modular in the sense that various
are generally used in two different ways: kinds of inverse solutions could be used within it. This
. As a direct feature extraction technique: in this Casg’ection briefly describes the inverse solutions that codd b
either the brain current density computed in a numbHFed within _FuRIA and the s_pecif_ic one _that we used in our
of ROI [9] or the neural source positions [10] [8] arémplem_entanon._ It then describes in details the FuRIAdeat
used as features to identify a mental state. extraction algorithm.
« As a preprocessing method preceding feature extraction:
in this case, the inverse solution is used to estineéte A. Inverse solutions for FURIA

from which the features are extracted [11] [12] [7]. Equivalent dipole solutions have been popularly employed

These methods have all obtained very satisfying resulfer BCI as they can obtain satisfactory results with only
Moreover, it has been observed that extracting features frawo features and without using a trained classifier [10] [8].
c(t) (the source domain) is more efficient than extracting theriowever, FURIA is based on linear and distributed inverse
directly fromm(¢t) (the sensor domain) [11] [7] [13]. solutions. Actually, distributed solutions enable the o$ea

In spite of these promising results, some limitations remailarge number of dipoles rather than a few equivalent dipoles
Indeed, current methods are either general-purposethay, As such they provide more information and are more flexible.
have the ability to deal with any kind of mental state, or On the other hand, the use of linear inverse solutions appear
they generate a consise set of discriminative features last essential for BCI applications. Indeed, the computation
rarely both at the same time. Several methods require stratgmand of non-linear inverse solutions makes them inappro-
a priori knowledge on the neurophysiological mechanisnmsiate for online BCI operation. Several linear and distréul
involved by the mental states used, and hence, are not genedraerse solutions have been used for BCI, such as ELECTRA
purpose at all [10] [8] [12]. With these methods, the ROIL1], SLORETA (standardized low resolution electromagnet
to be used must be defined beforehand and by hand. Thesaography) [9] or the depth-weighted minimum norm tech-
methods are currently limited to the use of mental stategue [12]. FURIA can be used with any of them.
that involve the motor and sensorimotor areas of the brain.In our implementation of FURIA, we used SLORETA which
Moreover, a non-general-purpose method, exclusively dbase an instantaneous, discrete and linear inverse solufidh |
on a priori knowledge, will not be able to adapt to eachLORETA is known to have very good localization properties

1. THE FURIA FEATURE EXTRACTION ALGORITHM

B. A review of inverse solution-based BCI
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[14] including no localization bias in the presence of measu In this paper, we evaluate a specific implementation of
ment and biological noise [15]. Moreover, it has been provéfuRIA. However, it is worth noting that other implementa-
experimentally that SLORETA is suitable for the design dfons could be used (e.g., different clustering algorithons
EEG-based BCI [9]. With sSLORETA, théwerse operator different statistical tests) as long as they are consisiettt

Q, is computed byQ, = T1S 'T, with S, = T,K,, T the algorithm proposed.

being obtained with the minimum-norm method [14] [6]. More

details on SLORETA can be found in [14] [15]. Even if Wec st training step: identification of statistically igimi-
used sLORETA,_ it s_hould be stressed that Fhe prlnC|pIe_ REnt voxels and frequencies

the FURIA algorithm is not dependent on the inverse solution
chosen. Consequently, any other distributed and linearsay
solution could be used instead of SLORETA.

1) Algorithm: The first training step of FURIA aims at
identifying the pairsw; of voxels v; and frequenciesf;
which are the most discriminant, i.e., the pairs of voxels
and frequencies whose current density is the most different
B. Overview of the FuRIA algorithm between classes. To do so, we perform a statistical test that
o ] compares the mean current density between classes for each
;) Tram.mg of FURIA: To be used, FURIA has fII’St' to bepairwk = (f;,v;). To this end, each training EEG recordt)
trained using a seb = {(m(t), C)..,} of labelled training Passes through the following procedure (see Fig. 1):
dat_a.C’ is the class ofn(t), I.e., the _m_ental state qf the su_bje_c 1) m(t) is decomposed into frequency bands by using a
while m(t) was recorded. This training phase aims at finding set of filtersh,. Each filterh; is a 2-Hz wide band-pass

subject-specific ROfY, and frequency band$, that contain filter centered on frequency;. We denote asn;(t) the
the most relevant information for mental state discrimorat signal resulting from the filtering ofu(t) by h.

This phase is accomplished offline, in three steps: 2) the current density, , (f) in voxel v;, for frequency/;

« ldentification of statistically discriminant voxels and is computed using the inverse solution:
frequencies: The goal of this step is to identify the -
ordered pairsw, = (fi,v;) (k € [1,Ng]), with f; Vi () = mi(t)” Qu;mi(t) ()
being a frequency and; being a voxel, with the largest g finally, +, . (¢) is averaged over a time window of inter-
discriminative power. In order to do so, we rely on est, which starts at samplg and is N, samples long.

a statistical test for comparing, between the different 1o gbtained value is then log-transformed:
classes, the mean current density in each frequeicy -
i € [1,Ny]) and in each voxel; (j € [1, N,]). 1

. (Crea[tion fl))f ROl and frequeg]c(y ba[mds: ]')I'his step <%y >= log (va > 773»1@)) 6
aims at clustering the ordered paits, selected in the t=to
previous step into a smaller number of ordered pHiis
(I € [1,Ny]). Here W; = (®;,€), with ®; being a EEG Filter Inverse Time average Average
frequency band, i.e., a set of frequencies, &hdbeing signals bank operators  and log-transform current
a ROI, i.e., a set of voxels. In order to do so, we rel densities
on a clustering algorithm for finding clusters of voxels om0 —— v, (D) <7/1)1>
and frequencies and for transforming these clusters ir ’ L Q| |<_>1
ROI associated to frequency bands. Thus, by the end :
this step, we have created a set/df, ordered pairdV; m(t)

o O yyie) |
-7

1t
(one pair per cluster) in which each ROI is associate me(t)|Q—] no @<7Nf,l>
to a single frequency band. This frequency band shot L= 07
gather the frequencies in which the activity of the RC Q' 4 Nf:Nv(l)@ <7Nf>Nv>
voxels is discriminant. — 7]

« Fuzzification of ROI and frequency bands: The found
ROI Q; are turned into fuzzy Roﬁl and the frequency Fig. 1. Computation of the average current densitiesy; ; > in all
bands®; into fuzzy frequency band§>l. This aims at frequenciesf; and voxelsv;, from a training data m(t).
giving more importance to the more discriminant Voxels ;- .. =~ are then gathered into statistical samples
and frequencies, while still using the information cons .., ing to the label of their corresponding training relco
tained in the less discriminant ones. The overall objectivg ;) These samples are compared using the statistical test. In
is to increase the discriminative power of tHg pairs. 4, words, this statistical test compares the mean ; >
2) Use of FURIA for feature extractionOnce the fuzzy between classes and thus gives the discriminative power of
pairs W, = (¢4, ;) have been identified, FURIA can be useg@ach pairw. Pairsw; which obtained a p-value higher than
for feature extraction. a given (user-selected) thresheldre not considered anymore
The It" feature extracted is the average current density in the remaining of the training process. The other pairs
the fuzzy ROI); after band-pass filtering EEG signals irare denoted as “significant”. This procedure should remove
the associated fuzzy frequency badd All these steps are numerous voxels and frequencies and should only keep the
detailled hereafter. ones that are related to the mental states considered.utdsho
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be noted that the,, selected can be different from one subjedor instance). We used Mean Shift as the clustering algorith
to the other. since it gathers vectors attracted by the same local maximum
2) Implementationin our implementation of FURIA, the; of the underlying density function [19]. However, as the eigx
filters were either Finite Impulse Response (FIR) or Infiniteoordinates and frequencies considered are regularlyedpac
Impulse Response (IIR) filters. We used windowed sinc filtevgithin their numerical domain, the underlying density ftion
as FIR filters [16] and Yule-Walker filters as IIR filters [17].for the vectors[z;,y;, z;, fi] will be relatively flat, and thus
These filters were chosen as they enable the design of custaith prevent a proper use of Mean Shift. To cope with this
filters, which is needed for the fuzzification step (see sectiproblem, we used a slightly modified version of the Mean
llI-E). Concerning the statistical test used, we employad-M Shift algorithm for clustering. This slight modificatiomsply
tiple Comparisons Randomization (MCR) tests as descrilged tonsists in replacin@, the standard density estimate at point
Holmes [18]. More precisely, for BCI with only 2 classes, we” used in Mean Shift:
used MCR t-tests whereas for multiclass BCI (with 3 or more R L 1
classes) we used MCR ANOVA (ANalysis Of VAriance), as D(P) = ZX ((P — pk)> )
ANOVA can compare multiple conditions, and as such, can NyH k=1 H

deal with more than 2 classes. by D, a weighted density estimate at point P :

Ny,
D. Second training step: creation of ROI and frequency bands D(P) 1 Z Skt X (1(13 _ pk)> (8)
H

~ N Hd
N.H —

1) Algorithm: This step aims at gathering pairs of signifi-
cant voxels and frequencies into pairs of RQI(I € [1, N,]) with H being the smoothing parameter,a kernel function,
and frequency bandg,;, each ROI being associated to a singl@ere the Epanechnikov kernel (which was found to be the
frequency band. Basically, a given ROI would gather signibptimal kernel for Mean Shift [19]),P the current vector,
icant voxels, and the frequency band associated to this RB), the k" vector from the data set, antithe dimensionality.
would gather the frequencies in which these voxels actigity Finally s, = 1— py,, with p;, being the p-value obtained by the
discriminant. Creating such ROI and frequency bands aims.a} pair, during the statistical test performed in the previous
obtaining a compact feature set. Indeed, using the aciivity step. The vectorP, is the vector corresponding to the;
few ROI and frequency bands as features should lead to mygir. This leads to the following form for thsample mean
fewer features than when considering voxels and frequencigift vector :

alone, as generally done [11] [7]. Moreover, the activities 1
in neighboring voxels and frequencies tend to be statiftica My (P)=— Z s (P, — P) 9)
correlated [5]. Thus, it may be appropriate to use theselsoxe e P;€SH(P)

an\(;lvfrequelréCIﬁf totgethetrh rather tr;anblrlldepgndef[nt|¥H Here, Sy (P) is thed-dimensional sphere of radius centered
elwou ' .et otr?a er vo>|;eosl Vevonglngld ° | € l.SkamgtP, with np vectors inside. This weighted version of Mean

neural source into the same - YVe would aiSo TIKE 1@y | gather into the same cluster all the vectors atied

gather into a single frequency band the frequencies in whi the same local maximum of the statistics. As such, this

eatcrtw ROI kl)s ?f:scnmllnantanhus, Itis des_ll_ra(tj)le to find CIUSte.version of Mean Shift aims at gathering altogether the wscto
gathering both VOX€IS and frequencies. 1o do so, we aSSOCIcii‘tgrresponding to the same neural source, as these soueces ar

to each S|gn.|f|cant. paiy = (fi,v;) the fgature vgctor assumed to be local maximums of the statistics (see above).
[x;,9;,2;, fi] In which z;,y;,z; are the spatial coordinates

of v;. Each one of these 4 coordinates was normalized to o o
zero mean and unit variance over glin order to deal with E- Third training step: fuzzification of ROI and frequency
the different ranges between space and frequencies. Treen bgnds
apply a given clustering algorithm to all these vectorsakyn The last training step of FURIA consists in fuzzifying
for each one of theV,, clusters obtained automatically, wethe previously obtained ROf; and frequency band®;.
gather into the same RQR; all the voxels whose spatial Actually, a ROl can be seen as a conventional (or “crisp”)
coordinates correspond to the, y;, z; coordinates of one of sets of voxels whereas a frequency band can be seen as a
the vectors from this cluster. We also associate to this RQiisp set of frequencies. However, in a ROl or in a frequency
O, the frequency ban®; = [fiin, fmaz)- Here, fmin @and band, all the voxels and frequencies do not have the same
fmaa are respectively the minimal and maximal value of theiscriminative power. Nevertheless, all these elemerits st
coordinatef; among all the vectors belonging to this clustekarry information that could be used, making it hard to
This clustering gives a set of ordered paii§ = (®;,€2;) choose which of them should be kept. Consequently, we
which are expected to be discriminant. believe that all significant voxels and frequencies showdd b
2) Implementation: When using sLORETA, the neuralused, but the voxels and frequencies that are less diseirnin
sources tend to appear as local maximums of the curretiould belong “less” to their ROl and frequency band than
density [14]. Hence, we assume they would also appearthe others. Thus, we propose to consider ROI and frequency
local maximums of the statistics obtained in output of thieands as fuzzy sets [20] of voxels and frequencies, in which
statistical test. Even though it is only an assumption,sb@mms all voxels and frequencies are given a degree of membership
to be often verified in practice (see results in Section IV-@to the ROI or frequency band to which they belong. We
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denote such kinds of ROl and frequency bands as fuzzy o (f) :{ exp(_%(m)2) (14)
1 3

- Jied
ROI and fuzzy frequency bands. Thus, a fuzzy membership{u !

0 otherwise
function . is associated to each ROI and each frequency band. )
whered,ma, anddfn,q. are the maximal scores among voxels

1) Design of fuzzy ROl and fuzzy frequency bands from?3d frequencies respectively. The values of éhehould be
given fuzzy membership function: optimized in order to maximize the discriminative power of
: el Ve P
a) Algorithm: As mentionned above, a crisp RQY is 1€ Pairsi; B (‘plvﬂl); Consequently, we use, = -,y
a set of voxels which current density is computed accordif§d o7 = g,y @S initial values, and then optimize these
to Eq. 4. A fuzzy ROIQ, is not defined by a set of voxelsVvalues using the adaptive gradient ascent procedure tedcri

anymore but by a fuzzy membership functigry;. This
function provides the degree of membership](ni], of any

in Algorithm 1. HereA; and \, are positive learning rates,

existing voxel to the fuzzy ROf),. Contrary to crisp ROI for Algorithm 1 Adaptive gradient ascent algorithmy(e,,A s, \0)

which the activity in all its voxels is used equally (see E}lf. 4 1. newF « F(o,,0y)

we define the current density, (¢) in a fuzzy ROI as follows:  2: repeat
N 3. oldF +— newF
) e _ 4 AFy « F(oy,07) — F(0y,05 +€5)
Yo, (1) = ;MSZ (v3)70; (1) (10) 5. 0p—0f— )\fAE—I;f {os updatg
_ 6: newkF «— F(o,,05)
This leads to: 7. if newF < oldF then
N, 8: Ap — %f {\; Adaptatior}
’)/* (t) = m(t)TQ~ m(t) Wlth Q~ = ,USZ(U')Q’ . (11) 9: EISe
o o o ; e 10: Ap — Ap +0.1X; {\; Adaptatior}
o ) ) i 11:  end if
Similarly, we associate a fuzzy membership functign to  1,.  J14F — newF

each frequency band;. The functionu; provides the degree 13;
of membership, 0, 1], of any existing frequency to the fuzzy ,,.
frequency bandp;. We can note that this function has exactly, .
the same form as the magnitude response of a digital filtgg.
This means that to band-pass filter a signal in a given fuzzy.
frequency band we have to design a custom digital filter thag.
has the desired fuzzy membership functjos, as magnitude 4.
response. 20"

AF, «— F(oy,0f) — F(o, + €y,07)
Op — Oy — Ay Af” {0, updaté
newkF «— F(Jq,,er)
if newF < oldF then

Ao < 2 {\, Adaptatior}
else

Ay — Ay + 0.10, {\, Adaptationr}
end if

b) Implementation:We used the window technique t0 1. yntil |ﬂ| < 0.001 and |2L:| < 0.001
€f - €v -

automatically design FIR filters from the desired magnitude

response, i.e., from a fuzzy membership function assatiate

to a fuzzy frequency band [16]. To design the IIR filters, wande, ande; are small positive increments used to estimate
used the Yule-Walker method [17]. This explains why wthe derivatives of the functio”. This function I is the
used a windowed-sinc FIR filter or a Yule-Walker IR filteffitness function that we want to maximize and that evaluates

for the first training step of FURIA (see section 111-C).

the discriminative power of a given paif/;. This fitness

function is equal to the statistics obtained with a stati

2) Set up of the fuzzy membership functions:

test that compares the current densityf]n and &, between

a) Algorithm: To determine the kind of fuzzy member-the different classes. More precisely, for each trainingpre
ship functions to be used as well as their parameters, we fifétt), this record is first band-pass filtered in thefrequency
compute the discrimination scores, andd;, of each voxel band by using the corresponding IIR or FIR filter. Then, the

v; and frequencyf; respectively, for each pall; = (&, ;):

current density ir2; is computed using Eq. 10, and averaged

over a given time window and log-transformed as in Eq. 6.

1 1
do; = N; > su,.p anddy, = N, D sug (12)
T fied v EQ

One should note that the obtained valuesy, 5, > depend
on o, andoy which are used to compute the band-pass filter

and the ROI current density. These v 3 > are then

where s, ;, =
during the first training step, for voxel; at frequencyf;.

1 — pj; with p;; the p-value obtained arranged by class label. The statistical test finally coempar
the mean value of these v, 5 > between the different

In order to highly emphasize the contribution of the mosflasses, the null hypothesig, being “the mean value of the

discriminative voxels and frequencies, which are gengralk V3,

D

= > is not different between the classes”. The obtained

much less numerous than others, we chose exponential fugetistics is used as the value of the fitness funchiomhus,

membership functions that are Gaussian:

dy. —dymaz
N ) oexp(—5(F)?) v e 13
s (v3) { 0 otherwise (13)

algorithm 1 selects the values @f ando, that maximize the
discriminative power of a givef;. Naturally, this procedure
is performed for each pail;. A gradient ascent optimization
seemed appropriate here as we experimentally observed that
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the fitness functiorF’ was not monotonic. Rather, this fithessnost appropriate hyperparameters. A solution could besto te
function generally had an optimum for small values of the several values fof{ and« and select the couple that enables
parameter. the best classification on a training set, estimated usirigemg
b) Implementation:Concerning the statistical test usedlassifier and Cross Validation (CV). However, we noticeat th
to compute the fitness functiofi, we used a t-test for binary this method favors models with numerous features, which is
BCI and an ANOVA for multiclass BCIl. These tests ar@ot desirable. Furthermore, we observed experimentally th
the same ones as those used during the first training stepre were generally models with a classification accuracy
(see IlI-C). Concerning the values afy,e,, Ay and X,, only slightly lower than the best one, but with much less
we performed extensive experimental tests and found tHaatures. Indeed, if we plot the number of features versus
€f = €, = 0.0001 and Ay = X\, = 1075 were appropriate the classification accuracy for several models, the resmylti
values. We used these values in all our experiments. curve tends to be relatively flat for large numbers of feature
and suddendly decreases for a smaller number of features
At the end of this offline training, a set of fuzzy R®) (see Figure 3). Ideally, we would like to use the model
associated to fuzzy frequency bandls has been identified.

They can now be Used fOF feature eXtI’aCtIOH, pOSSIny On“ne o0 Cross validation accuracy of different models depending on the number of features

- - 90 . \J‘*"‘\\./’\‘_,/
F. Feature Extraction with FURIA

Once the training is achieved, feature extraction with FURI
consists in computing the current density in each fuzzy ROI
and fuzzy frequency band and in using these current density
values as features. More formally, it consists in filteriihg t T
EEG signalsm(t), once for each one of th#/,, fuzzy ROI o s 10 15 20 25 s 3 4
), obtained, using the FIR or IIR filter correspondingdg. Number o etures
Then, < g, 5, >, the current density if;, is computed
using Eq. 10 and averaged over a given time window and logg. 3. Example of a plot of the number of features versus thelQ@old
wansformed as in Eq. 6. ThE, current densies: 15 5, > o5 "icein SCeacy f severs Pt macel, The polomesponcs
are then concatenated into/¥, dimensional feature vector supject S1 from the BCI competition 2005 (see Section IV-A2).
[< V6,8, > < Vb, T < Voin,y B, >]. Such a
feature vector can then be used as an input of any classifegrresponding to the point of the curve situated just before
e.g., a Support Vector Machine, this classifier being in gharthis sudden decrease of classification accuracy (point A, in
of estimating the class of(t) from the features. Figure 2 blue, on Figure 3), as it would be the best tradeoff between
summarizes the principle of feature extraction using FuRIAa high classification accuracy and a small number of features

Indeed, we believe that such a model with few features should

—

” R

70

i

60

50

Cross validation accuracy (%)

my () Va5 (D) <7&> . > be prefered as it is probably more robust, less computdljona
' o demanding, more easily interpretable and it should ease the
h 0 ﬁl—'-vm—L training of the classifier. Consequently, we propose a smpl

model selection criterioid,:

C,=2-A—N, (15)

m(t)

&, O~ D Classof m(t)  where A is the accuracy (in percent) obtained using CV on
a [ E 0w a training set. The model with the highest, is the one
my 0 Vo, e, O <7/$wa%> that should be prefered. Thus, this criterion is still based

on CV but it penalizes models with many features. We also
consider that models with a number of features lower than
Fig. 2. Feature extraction with FURIA. the number of mental states should be avoided. Actually, we
consider that a mental state is generated by at least ore brai
region. In pratice, we observed that this proposed criterio
G. Model selection gave satisfactory results. This is shown in the next section

In our implementation of FURIA, two hyperparameteré/hich is devoted to the evaluation of FURIA.
should be defined by the user: 4) the significance threshold
used in the statistical test of the first training step (sexiGe IV. EVALUATIONS OF FURIA
I1I-C) and 2) H, the smoothing parameters used in the Mean These evaluations have two objectives. First we want to
Shift clustering during the second training step (see 8ectiassess the impact of the different hyper-parameters asawell
[1I-D). The values of these hyperparameters have an impdbée contribution of the fuzzification processes on the perfo
on the number of feature®V,, and on the extension andmances. Then we also want to globally assess the efficiency
shape of the ROI and frequency bands. As this impacts tbEFuRIA, by comparing a BCl based on FUuRIA with other
performance of the recognition algorithm, we must seleet tistate-of-the-art BCI systems used during BCI competitions
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In order to assess FUuRIA, we evaluated it on four differel®. Evaluation of the influence of hyperparameters and fuzzi-
subjects, available from two data sets of BCI competitiorication processes
2003 and 2005. For all these evaluations, we worked with a;, this section, we evaluated FuRIA for different

standard head model, composed of three concentric sphgf@Sas of the hyperparameter: (see Section I1I-C),
and containing 2394 voxels. This head model has been %{?‘hong {0.01,0.05,0.1,0.25,0.5}, and different values
tained using LORETA-Key, a software dedicated to inver the hyperparameterH (see Section III-D), among
solutions (see [21] for more_details on this software). kldo 0.75,1,1.25, 1.5, 1.75,2}. The goal was to assess the impact
have been better to use subject-specific head models, hOWe¥e these hyperparameters on the classification perfornsance
the information needed to build such models was not availabl on the number of generated features. For all these data
in the BCI competition data. For the training of FURIA, W&e(s e also compared the results obtained when using FURIA
considered the frequencies located in the 3-45 Hz frequengyhot the fuzzification process (i.e., using only crisp IRO
band Wlth a step of 1 Hz between two consecutive frequencigg, frequency bands), with only the spatial fuzzificatioithw
Concerning the MCR tests, we used a value of 1000 for tg, the frequential fuzzification and with the full (spatia
number of random permutations. The FURIA features weleq frequential) fuzzification. In the following, these fou
classmed_ using a Gaussian Support Vector I_Vl_achme (S,V,'\@onditions are denoted as “Raw”, “Freq’, “Space” and “All"
as SVM is one of the most popular and efficient classifiefgpectively. We also computed the results for both FIR and

used for BCI [2]. When dealing with multiclass problemsyp iiters. However, due to space limitations, only the fesu

several SVM were combined using the One-Versus-the-Rgsf e filters that gave the best results are presented.

(OVR) scheme in order to design a multiclass classifier. Thel) BCI competition 2003 - data set IVTables | and I

optiq}gldSVM hyp?:jpa.rametﬁrsdwerelsglecte(: L;]sindg 10*1(3 folfplay the mean classification accuracies obtained on the
stratified cross validation. The descriptions of the data @Rd oot et when using FIR filters, for different valuescofind

the results obtained are presented in the following sestion H respectively. The mean number of features, denoted as

“#Features”, is also displayed. In each table, the besttrizsgu
each condition and each subject is displayed in bold figures.
A. EEG data sets The differences between the Raw condition and the fuzzy

1) BCI competition 2003 - data set IVThe first data set conditions, as revealed by a paired t-test, showed thahall t

used was the EEG data set IV of the BCI competition Zoégzzy conditions performed better than the Raw condition on

[22], provided by the Berlin group. These data contain EE{ V(I%'re(lgeél-(;o(\;;()avaer:a t‘hs|s ;éz?;eize Olsof)n&r?é?t?:r';am foe th
signals recorded while a subject was performing self-pace p ’ P ’ '

left and right finger tapping tasks. EEG signals were sampled TABLE |

at 100 Hz, recorded using 28 electrodes and comprised theData seT 1V, BCI COMPETITION 2003, TEST SET CLASSIFICATION

500 ms before the actual movement. 314 trials were availabf§CURACY (%) AND NUMBER OF FEATURES FOR D'FFEREEIT VALUES OF
for training and 100 for testing. The goal of the competitors o AVERAGED OVER THE DIFFERENT VALUES OF.

was to forecast, for each trial, the hand that was used. kor th o | #Features Raw  Freq Space  All
data set, we used FuRIA to learn and extract features on the 0.01 10.17 80.5 81 82 80.33

; ; : 0.05 | 10.17 79.5 80.67 82.67 825
last 250 ms .tlme window of .the data, i.e., we _usad:. 25. o1 0.17 77 7817 8467 8183
and N, = 25 in Eq. 6. According to several studies, this time 0.25 9.67 76.67 77.17 83.17 76.17
window should be the most informative [23] [9]. Here, we used 0.5 8.83 7217 7483 78 7733

FIR and IIR filters with 24 points and an order 8 respectively.

2) BCI competition 2005 - data set lllaThe second data
set used was the EEG data set llla of the BCI competition TABLE |I

2005 [24] provided by the Graz group [25]_ These data were DATA SET IV, BCl COMPETITION2003,TEST SET CLASSIFICATION
’ ACCURACY (%) AND NUMBER OF FEATURES FOR DIFFERENT VALUES OF

recorded while three subjects S1, S2 and S3, were performing I | AVERAGED OVER THE DIFFERENT VALUES OFRx.
a 4-class motor imagery task. They were instructed to ingagin

left hand, right hand, foot or tongue movements. For both H | #Features Raw Freq Space  All
training and testing, 60 trials were available per clasg@ldr 0.7 e 30 8a B4 820
were sampled a 256 Hz and were recorded using 60 electrodes. 1.95 64 782 79 826 792
Each trial lasted 7 seconds without taking into accountrites i 15 28 744 768 80 784
trial periods of random lengths. The subjects were instdict 1'725 g ;g:i ;g:g gg ;g:é

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 seconds2) BCI competition 2005 - data set lllaTables Il and IV
i.e., we usedty = 512 and N, = 384 in Eq. 6. For training display the mean classification accuracies obtained fdr eic
FuRIA, we ignored all trials contamined by artifacts, leayi the three subjects on the test set, for different values anhd
approximatly between 25 and 45 trials per class, depending H respectively. Please note that, for subject S2, no restéts a
the subject. Here, we used FIR and IIR filters with 50 pointsresented foix = 0.01 as no pairw; was found significant
and an order 10 respectively. with this threshold. Here again, only the results obtainét w
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the best filter are displayed, that is IIR filters for S1 and Shan the frequential resolution (tens of frequencies). kehs
and FIR filters for S3. the spatial fuzzification could be more deeply exploited.
Concerning the effects of the thresheldit can be noticed
DATA SeT Il A, BCI COMPETT'ﬁEII:IEZCIJICIJRTEST SET CLASSIFICATION that the_“_RaW” condition reached its best performancesgusin
ACCURACY (%) AND NUMBER OF FEATURES FOR DIFFERENT VALUES oF  the traditional values: = 0.01 or o = 0.05 whereas the fuzzy
@, AVERAGED OVER THE DIFFERENT VALUES OFH. conditions generally reached their best results for theesl
a = 0.05 or « = 0.1. This suggests that the fuzzification

Subject | « #Features  Raw Freq  Space All bl fficiently the inf . i

001 917 7558 7602 7406 7315 process enables to use efficiently the information contgine
0.05 9.33 77.96 79.63 76.76  78.46 less discriminant voxels and frequencies in order to im@rov

S1 0.1 10.67 7593 7722 79.17 77.78 the performances. Regarding the results for the hyperpeigam
0.25 7.83 60.93 67.96 7231 68.98 I the best s al t al btained for the | ¢
05 9 6213 6676 7519 71.39 , the best accuracy is almost always obtained for the lowes
0.05 7.83 5458 4431 5819 55.278 value of H. However, accuracies very close to these ones

< 00-215 ﬁg gggg 52;;’;9 52-;822 56‘-1%169 can be obtained with higher value @f and hence, much
05 1467 5083 4792 5069 5139 less features_. Thls_supports _the use qf the preV|ousI_y Sza10]e]
0.01 6.17 71.67 69.72 7194 68.75 model selection criterion which penalizes models with gdar
0.05 9.83 73.06 76.94 7042 77.78 number of features (see section IlI-G).

S3 0.1 9.17 70.42 72.08 72.92 725
025| 1183 6639 75 6792 6875
0.5 12.5 64.17 7139 6847 67.08

C. Comparison with BCI competition results

In this section, we assess the global efficiency of the FURIA
TABLE IV features by comparing a BCI based on FuRIA features with
DATA SeT Il A, BCI COMPETITION2005,TEST SET CLASSIFICATION BCI use.d by the BCI competition participants. To perfo'rm;thl
ACCURACY (%) AND NUMBER OF FEATURES FOR DIFFERENT VALUES oF cOmparison, we needed to select some parameters without the
H, AVERAGED OVER THE DIFFERENT VALUES OFa. knowledge of the test set. Consequently, we only relied on
cross validation scores on the available training sets.sThu

Subject| H #Features  Raw Freq  Space All . ] .
075 >E 4 8627 8867 8744 8933 we ;glec_ted the I§|nd of fllter.(FIR or IIR) and t_he klnq of
1 12.2 8422 8567 86.56 85.89 fuzzification (spatial, frequential or both) according teeit
S1 1.25 7.2 77.44 7933 7911 77.66 average cross validation score on the training set. To tselec
1.5 > 7089 7367 76.11 72.66 the optimal hyperparametefs and«, we relied on the model
175| 32 5856 6233 6811 63.56 P Nyperp anda, _
2 2.2 4533 51.44 55.89 5456 selection criterion proposed in section -G, Equation 15
0.75 23.6 61.39 49.44 60.83  56.94 1) BCI competition 2003 - data set I\Based only on the
! 13 °8.96 5146 5833 5625 training set, the parameter selection procedure descabede
Ss2 | 125| 86  57.50 5528 56.67 5583 g Set, the p pros
1.5 5.2 54.44 53.06 5556 55 found that H = 1.75, « = 0.05, FIR filters and only the
1.75 2.6 5556 5389 56.67 55 spatial fuzzification was the most appropriate configuratio
2 1.4 56.11 4583 5444 50 ; .
075 6 8167 8017 835 a1 This resulted in only 2 features. These parameters led to an
1 13.4 7833 80 80  80.17 accuracy o84% on the test set, that is, exactly the same score
S3 1.25 7.6 76 785 7817 795 as the winner of the competition [23]. This suggests that the
1.5 56 /433 785 7783 79.83 method is efficient, especially when considering the faat th
1.75 4 555 63.83 51.83 58.33 ’
2 28 49 5717 50.67 47 only two features were used.

Fig. 4 displays the two ROI and frequency bands learnt by
FuRIA. Interestingly, these ROI lie in the left and right ot
3) Discussion:We performed a paired t-test to investigatareas, and the frequency bands lie in th~ 13-30 Hz) band,
the overall statistical differences between all the coad#, which is consistent with the literature on the subject [ZF] [
across all subjects, filter kinds and hyperparameter valthlés [26]. This suggests that the FURIA features are interptetab
revealed that globally, all fuzzy conditions performedtéet features, which can be used to check what has been learnt or
than the “Raw” one, and that this difference was significaet/en to extract knowledge about the brain dynamics.
(p < 0.001). This suggests that for a given set of ROl 2) BCl competition 2005 - data set lllaTable V sums
and frequency bands, fuzzifying them is likely to increasep the parameters used for each subject and selected using
their classification performances. Both the “Space” and’“Alonly the training set. The resulting number of features $® al
conditions performed significantly better than the “Freqto displayed. Interestingly, different parameters are neeide
(p < 0.05). There was no significant difference between thesach subject. This highlights the high subject-specificity
two conditions $ > 0.05), even though the “Space” conditionEEG signals and the need to use trainable feature extraction
gave slightly better results than the “All” one, on averagenethods. Concerning this data set, the goal of the partitipa
We then suggest to use, by default, the spatial fuzzificatiovas to provide a continuous classification, i.e., a classllab
only, or to try the different fuzzifications and select thesino for each time point, here from second 4 to second 7 of each
appropriate one for a given subject. The superiority of theal. It was indeed during this period that the motor imager
spatial fuzzification over the frequential fuzzificatiorut be tasks were performed. Hence, the FURIA features were first
due to the spatial resolution (thousands of voxels) beigbdr learnt on the time window from second 4 to second 7 of each



IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. X, NO. X, ?? 2009 9

feature extraction, they all used a frequential infornmatio

(band-pass filters or amplitude spectra) combined withigpat

i & & filters such as common spatial patterns, independant compo-

_-‘z, 1AS _}33\ AN nent analysis, and/or surface Laplacian [24]. As shown blgta
X

~ A.& < 1 , A-)-f"
WA re/, 1 PA TABLE VI
“s{\ N xiw 'l\':': MAXIMAL CLASSIFICATION ACCURACY FOR THE TEST SETS OF DATA SET
AN ,l__.,f“ A ‘f:‘;,' 11l A FROM BCI COMPETITION 2005 (%)
r—‘- - - r—.\l ’a

S1 S2 S3 Mean
Winner | 86.67 81.67 85.00 | 84.44
14-31 Hz 14-28 Hz ond | 9278 5750 78.33 76.20

. . . _ 374 | 96.11 55.83 64.17| 72.04
Fig. 4. The fuzzy ROI (in red) and their corresponding fretpyebands EURIA | 9056 69.17 88.33 | 82.68

that were automatically obtained by using FuRIA for data &étof BCI
competition 2003. The brighter the red color of the voxel, thgher the
voxel degree of memberships;(v;). The brain is seen from the top, nose

up. These pictures were obtained with the LORETA-Key safen21]. VI, our method outperformed the one of the overall winner
of the competition on 2 subjects out of 3 (subjects 1 and
TABLE V 3) and even reached the best score among all participants

PARAMETERS USED FOR DATA SETIII A FROM BCI COMPETITION 2005 on subject 3. However, the overall winner reached a rea”y

impressive score on subject 2 (the “worst” subject accgrdin

o it kind flf.szzgci‘ggrc‘e feature UMBer to the general performances), leading him to the best dveral
s2 1 005 IR fuzzy space 12 results. Globally, our method reached the second positiih,
S3 125 01 FIR all fuzzy 5 a score only slightly lower than the one of the winner. This

shows the efficiency of FURIA, especially when considering
the few features used.

trial. We classified each point by using the FURIA features Fi19- 5 displays the fuzzy ROI and corresponding fuzzy
extracted from the last 1 second window. Classification atstp féduency bands automatically learnt by FuRIA for subject 3
were also aggregated across time, which is known to impm.\;gerestlngly, thg fuzzy ROI identified as relevant are teda
accuracy [2]. In order to do so we used a different multicladd the left and right motor areas, for frequency bands latate
Gaussian SVM (made of several binary SVM combined usif§thin the x (9-12 Hz) andf3 (13-30 Hz) rhythms. This is
the OVR scheme) for each time point of the trial period frorfoNSistent with the literature on motor imagery [26] which,
second 4 to second 7. These SVM were trained on the FurRd8ain, enhances the interpretability of the extractedufeat
features extracted on the 1 second window preceding their

corresponding time point. Then, to classify each trial,fthal

outputO(t) at timet¢ was estimated by using the individual TR TR IR,
outputsO;(t) of the SVM corresponding to the previous time 237 ;3,/ ) 3j(;a;f,4
points situated from second 4 to the present time point: T fars K A ﬁﬁ, A
e 7 R R
t > 7 g
Oy (t) = D wiOi(k) (16)
k=0

where the outputs); are vectors containing the output of

each SVM used in the OVR scheme, i.e., one output per ° » = ="« o o m W e oo m o w
class. Heret = 0 corresponds to second 4 of the trial. We

definedw, = A, — 25 with A, being the 10*10 fold CV

accuracy (in percent) of thé!” SVM on the training set. o3 S TABNS

Hence, this method is a weighted combination of classificati 'va: “ff j’(‘! }:’2

outputs across time. These weights were chosen so as t@ignor \,: 3 “: 5
> oF SAEs 4

contributions from randomly performing classifiers (with a
CV error of 25%, as there are 4 classes) and emphasize
contributions of well performing classifiers. The final das
C attributed to a given point was the one for which
Cy = argmaz(Oy(1)). TR I

The performance measure used was the maximal classi-
fication accuracy. Performances obtained using our methaglg 5. The fuzzy ROI (in red) and their corresponding fuzagtiency band
as well as performances obtained by BCI competition 20@8hich is equivalent to the filter magnitude response) thatvezitomatically
partcipants on data set Iia [27] are reported for compmss SYnEG 0 g FUA, on subfect s o g et I of sGrpettion
in table VI. All these participants also used SVM as classifiemembershigus; (v;). The brain is seen from the top, nose up. These pictures
(combined with other classifiers for tl¥ad participant). For were obtained with the LORETA-Key software [21].
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V. CONCLUSION [4]

This paper has presented FuRIA, a trainable feature ex-
traction algorithm for Brain-Computer Interfaces which is
based on inverse solutions. This algorithm can be trained {8
automatically identify relevant regions of interest aneith
associated frequency bands for the discrimination of nhentés]
states, in binary as well as in multiclass BCI. This papeo als
introduced the concepts of fuzzy ROI and fuzzy frequency,
bands that enable to use efficiently the available inforomati
and, thus, to increase the classification performances.

The evaluation of the proposed method, using sLORETAS]
as the inverse solution and an SVM as classifier, showed its
efficiency in terms of classification accuracy. Actuallye tbb- o]
tained results were comparable with those of BCI compaetitio
winners. Indeed, it seems that the inverse solution combine
with the FuRIA training, acts as a spatial filter that removeds0l
the background activity and the noise not correlated with th
targeted mental states. As such it focuses on relevangaubj[11]
specific, brain activity features. An additionnal advaetag
of FURIA is the interpretability of the learnt and extracted, ,
features. The main drawback of FuRIA is its long training
process. Indeed, the discriminative power of several \wxel
and frequencies should be investigated, which can be lo
if the number of voxels, electrodes or training data is large
and if time consuming statistical tests such as the oneglbase
on permutation tests are used. However, as this training[]ié]
performed offline, this point does not seem critical.

In future works, it would be interesting to study the in{15]
fluence of both the spatial resolution (number of electrodes
used, number of voxels in the chosen head model) and {hg
frequential resolution (number of frequencies invesgdaton
the performances, in order to possibly reduce the trainifty!
times and/or improve the quality of the feature extractidn.
would also be interesting to take into account the temporasg]
information in FURIA. To this end, an attractive possibilit
would be to replace the classical band-pass filters by wm(elqlg
which have proven to be particularly adpated for neurogtect
signals and especially EEG [28]. Finally, it could be instirey
to use the dipole orientation in inverse solution-based BEI [20]
current methods only consider the dipole amplitude. [21]
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