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ABSTRACT

Common spatial pattern (CSP) is becoming a standard
way to combine linearly multi-channel EEG data in
order to increase discrimination between two motor
imagery tasks. We demonstrate in this article that
use ofrobust estimates allows improving the quality of
CSP decomposition and CSP-based BCI. Furthermore,
a scheme for electrode subset selection is propdtsisd
shown that CSP with such subset of electrodes gesgvi
better results with the ones obtained with CSP over
large multi-channel recordings.
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1. Introduction

The movement-related Brain-Computer
Interfaces (BCIs) aim at providing an alternativenn
muscular communication path and control system for
the individuals with severe motor disability to dethe
command to the external world using the measures of
brain activity. Recently, several approaches and
methods were developed to face the problem of brain
movement-related signal decoding [1]. Non-invasive
BCIs use mainly electroencephalographic activity
(EEG) recorded from the scalp. In particular theveo
changes in various frequency bands are used to
discriminate classes of EEG signal correspondiritp¢o
different types of motor activities.

It is well-recognized that the Common Spatial
Pattern (CSP) algorithm is useful to increase the
discriminative power of classifiers [2]. Howevernias
demonstrated in a recent study [3] that CSP isitbems
to outliers in the estimation of the intra-classanance
matrix. For instance, eye or tongue movements, lausc
contractions are well-known sources of artefacts.
Moreover the lack of concentration of the BCI opers:
may lead to non reliable motor task trials. Thisltr
rejection in the learning stage is not addressefBjn
and should be accounted for robust CSP learning.

Finally, CSP is influenced by the spatial
resolution of the acquisition system — number of
electrodes and electrode location. Applying CSP
processing to a large set of electrodes may abmb tie
overtraining by giving artificial weights to eleoties

that do not convey information for the tasks under
consideration.

In this paper, a new robust CSP (mcdcov-CSP)
algorithm is proposed for intra-class centre and
covariance matrix estimation. Better performanchef
proposed algorithm is demonstrated in comparisah wi
conventional cov-CSP. The use of subset of eleeod
allows increasing the discrimination performance t
the elimination of non-informative electrodes.

2. Methods
2.1 CSP algorithm

CSP is a well-known approach in BCI systems
to combine linearly multi-channel EEG data in ortter
increase discrimination betwedmvo motor imagery
tasks [2]. The CSP algorithm finds the best project
matrix W such that the projected EEG signals have
maximal (respectively minimal) variances for onassl
while the variance of the other class is minimized
(respectively maximized). The variances of the
projected signals are the features used during the
subsequent classification stage.

The CSP algorithm can be formulated as a
simultaneously diagonalization of the two intrassla

spatial covariance matrice&,,2, under an equality
constraint.

D=W'sW

| =W'(Z, +3Z,W
CSP algorithm is usually based sample covariance
matrix estimation and is therefore prone to errors due
to the presence of possible outliers in the data.

The spatially filtered signals are obtained via
the projectionX =W ' X whereX denotes the EEG
data recording, represented asEaxT matrix with
E the number of electrodes anll the number of

samples. Each column vectav, ] =1..Eof W, is

)

called a gpatial filter and is associated to the
eigenvaluedj, the j-th diagonal element oD . The
most significant filters may be obtained by sortihg
absolute distance%dj - O.q in decreasing order and

keeping only the largest ones.



2.2. Robust CSP
A. Robust covariance matrix estimation

The starting point of a CSP analysis is the
estimation of _intra-class covariance matrices

2, andZ, . The classes=1,2 are represented by the set
of EEG recording (triaISin}

__where § is theset
0
of trial indices corresponding to the i-th class.

First, covariance matrix is estimated for eachl tri
and then intra-class mean covariance matrices are
computed by averaging. First step is usually dasiegu
classical sample covariance estimates:

5 =co(x)=E{(x - X)(x - X'} @

It is the maximum likelihood estimator when each
column of X : X is an observation independently

drawn from arE-variate normal distribution. For robust
scatter matrix estimation, several approaches haea
proposed. Minimum Covariance Determinant (MCD) is
one of the most popular since it has a high breakdo
point (@=0.5) which means that the algorithm
successfully treats the trials corrupted by up @&65of
outliers [4]. Scatter matrix is estimated by thenpke
covariance matrix applied onto the subset Iof
observations which yields the lowest possible
determinant. It also provides a robust estimatehef

locationfl,p, - FAST-MCD algorithm allows avoiding

a complete enumeration of alsubsets out of [5].
The MCD-based estimates of multivariate location
and scatter allow defining a robust distance farhea

column observatiorX to the centre

RD(XI ) = \/(XI - [IMCD )T iK/I:LCD (XI - [IMCD) (3)

and rejecting outliers which are above a cut-off

valueRD()(i ) > \| X& og75 - This value insures keeping

realizations within a 97.5% robust confidence sHip

B. Robust intra-class covariance matrix

The next step of CSP is an estimate of interclass
scatter matrices by averaging operation. In spite o
robustness of MCD, it may occur that some trialsed
during the averaging process - have a low spetifani
they may be too much contaminated by artefacts.
Rejecting these trials during the learning stagede of
primary importance.

To eliminate such irrelevant trials, MCD approach
is again proposed. Let us note that in case of alitym

X ~N(0,Z) the empirical covariance matrixe
follow a Wishart distribution with (T-1) degree of
freedom i~WE(Z,T—1) [6]. In addition, the
marginal distribution of its diagonal elemes{sis ax?

distribution ~ with  (T-1) degree of freedom

s, /o ~ )(Tz_l where 0;; is the standard deviation of
the i-th electrode [6]. That means that
\/Z(Si l0,) =y/2(T =1) -1 asymptotically follow
to standard normal distributidd (01) . This
approximation could be efficiently used for T >3Q.[

Due to asymptotical normality of/g we apply MCD
algorithm to the transformed vector of the diagonal
elementsy/S; . Then, we use the robust distance (3) to

detect abnormal trials and reject them during the
averaging procedure.

C. Classification

After (robust) CSP, the variances of the
projected signals are the features used during the
classification stage achieved by Linear Discriminan
Analysis (LDA). Two robust estimators of variances
were tried in this study — a) the diagonal elemaegits

covariance matrix ofX obtained with MCD algorithm
and b) using Median Absolute Deviation [3]:

L[ 1 Y
3 _[0.6745medq)q med()g)p} ©

Robust estimators of variances will diminish théeeff

of outliers in the projected EEG signals. MoreoZ&G
recordings could show some differences to normality
and thus the scatter matrix estimation proposed in
previous subsection could be biased. The use of the
same MCD algorithm to estimate variances will bette
correspond to the learning stage.

2.3. Electrodes subset selection

Finally, the use of a large set of electrodes may
lead to overtraining by giving artificial weighto t
electrodes. Dimensionality reduction provides bette
performance of classifiers on the independent )(test
dataset. For the electrodes subset selection, piedp
simple correlation-based algorithm that includes
sequentially the electrodes with highest correlatio
coefficient to the selected set. The proceduré¢ogped
using “left corner” rule, if the coefficient of ntiple
correlation stops to increase essentially.

3. Reaults

3.1. Data description

To test our algorithm, several computational
experiments were carried out. The datasets from the
BCI competition Il provided by Fraunhofer FIRST
(Intelligent Data Anzalysis Group) and University
Medicine Berlin (Neurophysics Group) [8] were used
for testing. EEG data presents two classes which
correspond to the right hand and the right footanot
imageries. Data is recorded with 118 electrode$ wit
sampling rate 100Hz from 5 subjects (only subpict



and subjectv are considered here) and for 280 trials.
During the experiments the subject was given visual
cues that indicate 3.5s time interval to performtano
imagery. In this study, we considered the band-pass
filtered EEG signals in the [8-35] Hz band durirep t
first 2.5 s (T=250) Furthermore, we only used two
spatial filters.

To test the robustness of the algorithm, outliers
were simulated as a mixture of distributions [9].

- -8, +@N(u zom){;]N(—u,zw)(G)

HereN(u,Z,, ) denotes the multivariate normal

distribution,d, is a point mass distribution afd< 1
represents the part of the data corrupted by ositli®/e
set for 2, the diagonal matrix whose i-th diagonal

element is the estimated varianctfs2 for the i-th

electrode. The mean amplitude vector of outliers
(positive or negative)ld was also fixed according to

the electrode standard deviatign= K [0, with k a

multiplicative factor. The outliers were added twet
training trials as an additive noise, cf. Fig. 1.
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Figure 1. Example of EEG channel #10 with simulated
noise: outlier amplitude ig4, =100, , the part of

corrupted observations is = 0.1.

A. Electrode subset selection
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Figure 2. Spatial distribution of the R2 correlatio
coefficient for patienal.

Fig. 2 demonstrates the cortex areas which are
correlated to the motor imagery task. This simple
criterion allows us to select the best subsetedtebdes

for a given mental task. We have then ordered the
electrodes according to their R?-value and evaltlzge
corresponding classification performance. As it is
shown in Fig. 3, restricting our analysis to thestfi21
electrodes gives comparable results to the whole
electrode set. Indeed it may be the case that eygply
CSP processing to a large set of electrodes malyttea
overtraining by giving artificial weights to eleottes
that do not convey information for the tasks under
consideration. An effect of overtraining is clearly
observed in patierav for large number of electrodes.

standard cov-CSF with electrode subsets
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Figure 3. Classification accuracy using test datise?
subjects (al: 20% test trial, av: 70% test trial)
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B. Cov-CSP and robust (mcdcov-CSP) comparison.

The resistance of cov-CSP and mcdcov-CSP algorithms
is studied depending on the outliers parameters.

a) Mean outlier amplitudes are fixed tgt = 30;
while the percentage of corrupted observations
increases from 0% to 25%. The results are

demonstrated in Fig. 4 for subjegt We notice that
mcdcov-CSP successfully resist to 25% of outliers
while the accuracy degrades linearly using cov-CSP.
Using MAD-estimation for the variance (mcdcov-mad-
CSP method) yields also robust classification tesul

Robustness to occurence of outliers
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Figure 4. The percentage of correctly classified te
trials (patiental), depending on the probability of
outliers occurrencex=3.



It is also of interest to check the robustness hef t
spatial pattern in the presence/absence of neis@ X,
k=10). We observe in Fig. 5. that the most significa
spatial pattern remains stable with the proposed
approach. On the other hand, standard CSP witte nois
yields a perturbed spatial pattern (top-right fagur

cov-CSP #1 (without noise)

cov-CSP #1 (with noise)

rcdcov-C3P #1 (without noise) medcov-CSP #1 (with noize)

Figure 5. Most significant spatial pattern obtaimégth
cov-CSP (top row: left without noise, right: witbise)
and with mcdcov-CSP (top row: left without noise,
right: with noise).

b) The percentage of the corrupted observation is
fixed at 10% while the mean outlier amplitude

coefficient factork varies from 0 to 100. The results,

shown in Fig. 6, confirm that the mcdcov-CSP method
and its variant are completely insensitive to high-
amplitude outliers.

Robustness to high-amplitude outliers
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Figure 6. The percentage of correctly classified te
trials (patiental), depending on the mean outlier

amplitude and at a constant probability of occureen

3. Conclusion

The use ofrobust estimates allows improving the
quality of CSP decomposition and CSP-based BCI.
Robust mcdcov-CSP successfully resist to 25% of
outliers while the standard cov-CSP degrade
significantly. In addition, dimension reduction is
important from a computational point of view since
robust statistical methods are time-consuming.slt i
demonstrated that comparable results can be achieve
with a well-selected subset of electrodes andldwed
avoiding overtraining effects.
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