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Abstract— A robust method for removal of artifacts such as eye blinks
and electrocardiogram (ECG) from the electroencephalograra (EEGS)
has been developed in this paper. The proposed hybrid methofuses
support vector machines (SVMs) based classification and bléh source
separation (BSS) based on independent component analysi€A). The
carefully chosen features for the classifier mainly represgt the data
higher order statistics. We use the second order blind iderification
(SOBI) algorithm to separate the EEG into statistically indegpendent
sources and SVMs to identify the artifact components and thexby to
remove such signals. The remaining independent componerdse remixed
to reproduce the artifact free EEGs. Objective and subjectivaesults from
the simulation studies show that the algorithm outperformspreviously
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In this paper we therefore demonstrate the use of BSS to extract the
separated sources and use an SVM to identify and thereby eliminate
the sources contributing to the eye blinking artifacts.

Il. METHODS
A. Blind Source Separation
BSS generally relies on the fundamental assumption that the
source signalss(t) = [si1(t), s2(t),...,sn(t)]7 are statistically
independent and zero mean, wheres the discrete time index and
N is the number of sources. The mixtures can be modeled by

proposed algorithms.
X(t) = As(t) + v(t) (1)

whereA is the M x N full column rank mixing matrix,M is the
number of observed electrodes(t) = [21(t), z2(t), ...,z (t)]"
contains the linear mixtures observed at the electrodesvét)d=

. ) o [v1(t),v2(t), ..., vam(t)]T is the additive zero mean sensor noise. We
In EEG analysis ocular artifacts (OAs) pose a significant problefysme that the sensor noise is spatially uncorrelated with the sensor

to the clinician. OAs such as eye blinks generate a signal that is Qg4 i.e. E{x(t)vT(t)} = 0. The output of the ICA system (i.e. the
the order of ten times larger in amplitude than cortical signals aRdiimated sources) is given by

can last between 200 to 400ms. The eyeball can be considered as a

dipole rotating in a socket. This means that as the eye rotates, the y(t) = Wx(t)

cornea remains at a potential 0.4 to 1 mV positive with respect {ghore y(t) = [y (), y2(t), ..., yn(t)]" is the vector of the esti-

the retina. Rotations of the eyeball in saccadic eye movements ¢ ed sourced)V is the N x M separation matrix.

large external field variations that can contaminate EEG readings [1]yye ysed a gradient based BSS algorithm that exploits the temporal

Due to the magnitude of the blinking artifacts and the high resistangg cture of EEGs as in [6] to process the EEGs. The goal of the

of the scalp, OAs can contaminate the majority of electrodes. proposed algorithm in [6] is to jointly diagonalize a set of output
Principal component analysis (PCA) and singular value decomp@Qsyariance matriceRy (k) 2 E{y@t)yT (t+ k)} k € 1,2,..., K,

sition (SVD) [2] have been used in the past by some research@jigere K is the maximum time lag. We use multiple time lags instead

to remove OAs. These methods assume that the underlying sourgeg single time lag, as in the AMUSE algorithm [7], to minimize

within EEG data are algebraically orthogonal, an assumption whighe chance of the time lagged covariance matrix having duplicate

from a physiological perspective is believed to be untrue. Therefo@genvalues [8] and hence the separation to fail. It is sufficient

PCA type methods will not completely remove the OAs. Applicatioghat only one of the time lagged covariance matrices has unique

of adaptive filtering has also been investigated [3]. This, howeveligenvalues for successful separation, hence the algorithm is more

has limited success since it ignores the mutual information betwegihyst at the slight cost of increased computational complexity [8].
the electrodes. There are several techniques that use independefihe output covariance matriRy (k) is given by,

component analysis (ICA) to separate the EEG into its constituent r
independent components (ICs) and then manually cancel the ICs that Ry (k) = W[Rx (k) — Rv (k)]W 3)

are believed to contribute to the OAs [4]. where Rx (k) is the time lagged covariance matrix of the signal
An automated method for removing OAs from EEGs has beefixtures and similarlyRy (k) is the covariance matrix of the sensor

described in [5]. The authors used a BSS algorithm based fpjse. Since we assume that the noise is spatially white and tempo-
second order statistics, to separate the EEG and measured EOG g9 uncorrelatedRy (k) will be a diagonal matrix fork = 0 and

statistically independent sources. The separation is then performeg &) = 0 for k + 0 [9].
second time on the raw EEGs but with a selection of EOG channels T
inverted. The ICs which have been found after inversion are compare Rx (k) —Rv (k) = ARs(k)A" —Rv (k) (4)

with the ICs of the previous separation and those which invert afghere Rs(k) is a diagonal covariance matrix of the independent
removed. In addition, the ICs that are above a threshold of correlatigiyrce signals. A suitable practical cost function is therefore defined

with the measured reference are removed, as are the ICs with higlsed upon minimizing the off-diagonal elements for multiple lagged
power in the low frequencies. The main drawback of this methqgyariance matrices, as

is that it is restricted to having the reference EOG channels, which
may not be available if one would like to process previously recorded
data.

Index Terms— Eye blinking artifact, blind source separation, support
vector machines, electroencephalogram and electrooculcgm.

I. INTRODUCTION
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and correlation for a particular value af in contrast to ICs containing
Ju(W, k) = ||Ry (k) — diag(Ry (k))||% (6) normal EEG activity, the maximum ~ /1.

. . . . 4) Feature 4: The fourth feature is the statistical distance between
where diag(-) is an operator which zeros the off-diagonal elemenﬁe probability density function (PDF) of an IC and the PDF of a
of a matrix. To implement this approach we use a gradient dece

lqorithm to findW..... iterativel hich is ai b rBFerence IC known to contain OA. Here we assume that the PDF of
algorithm NAWop: fETatively, Which 1S given by the IC containing the artifact will be identical to that of the reference
W(k+ 1) = W(k) + AW(k) (7) signal containing artifact. To measure the statistical distance between

) ) ) the two PDFs we used the Kullback-Leibler (KL) distance, given by
wherex is the iteration number and

K OTm (W, k) fi = KL(P(Un)||P (Xres))
AW(k) = —p Yy —F—"— (8) B P(u,) -
; oW W=W(x) = /P(un)ln Ze du, n=1,...,N (12)

wherey is the learning rate an82220%:%) is the gradient of the cost Where P(Ux) and P(x;;) are the PDFs of one of th&/ ICs and

function in (5) evaluated & = W(x). The non negative parameter previously measured artifact, respectively. When the IC contains
1 is typically < 1 andW(0) = I. In reality the algorithm can only OAS the KL distance between its PDF and the PDF of the reference
approximately jointly diagonalize the matrices as the linear mod&F Will be approximately zero, whereas the distance to the PDF of a

in (3) may not accurately describe the generation of the sources &dmal EEG signal will be larger. Since the KL distance is related to
due to the estimation errors in the Samp|e covariance matrices. the mutual information it reflects eﬁectively the information shared

between the IC and the reference.

B. Feature Extraction

The four most effective features we have found which efficientlglz' Classification

discriminate the artifact signal from the normal EEG are as follows: YWe use an SVM as our classification method, due to its generaliza-
1) Feature 1: A large ratio between the peak amplitude and théon performance, and its established empirical performance [1@]. Th

variance of a signal suggests that there is an unusual value in the d@@&l of an SVM is to find an optimal separating hyperplane (OSH)

This is a typical identifier for the eye blink because it causes a larfftf & given feature set. The OSH is found by solving the following

deflection on the EEG trace. The equation describing this featurec@nstrained optimisation,

given by mas((un ) ming o (Bl12P + O, )

hi= n=>L...N ©) st oqi(z-g—b)+7%>0 i=1,...,1 (13)

whereu,, is one of theN ICs, max(~) is a scalar valued function that Where||z||2 = 777is the squared Euclidean norm a(']qj is the dot
returns the maximum element in a vectey, is the standard deviation product. The parameterdetermines the orientation of the separating
of u, and| - | is the absolute value applied element-wise in (Shyperplane,y; is the i-th positive slack parameteg, is a vector
The normal EEG activity is tightly distributed about its mean valugontaining the featureg, = [f1(i) fa(i) fa(i) fa(i)]”. Here,l is
therefore a low ratio is expected for it in contrast to ICs containinge number of training vectors angl € {+1} are the output targets.

oq

eye blink sources where a high value is expected. The non negative parametéris the (misclassification) penalty term,
2) Feature 2: This feature corresponds to a third order statistic Qind can be considered as the regularization parameter and is selected
the data. The normalized skewness for each IC is given by by the user. A large€ is equivalent to assigning a higher penalty to
E{ud (i)} the training errors. The paramet€ris usually set to a high value to
f2= ‘T‘ n=1,...,N (10)  avoid any training error. SVs are the points from the dataset that fall

. . ) closest to the separating hyperplane. Any vegiothat corresponds

for Zero mean data._ An EEG conta_lnlng eye bllnks_typlcally _h%anon-zer(ui is a support vector (SV) of the optimal hyperplane. It

a positive or negative skewness since _the eye blinking art'f"’\gtdesirable to have the number of SVs small to have a more compact
increases locally the asymmetry of the signal segment. Hence W parsimonious classifier. The OSH (generally nonlinear) is then

take the absolute value of the skewness. Significance of this feat%%puted by solving (II-C) using Karush-Kuhn-Tucker conditions
in the overall classification is high since the eye blink signal h $1] as a decision surface of the form

larger skewness than that of normal EEGs, which are approximately .
symmetrically distributed. - R

3) Feature 3:For the third feature we find the correlation between f(g) =sgn <Z zoaK(9;, ) + b) ’
the IC and a data set containing eye blinking artifact from six =t ) )
electrodes including the frontal electrodes close to the eygg,( !N this formula sg) € {1}, g7 are SVs,K(g;, g) is the nonlinear
Fps, F3, Fy) and the electrodes on the occipital lot, ( 0). This ~kernel function (ifK'(g7,g) = g; - g the SVM is linear). A Kernel
will make the classification more robust by introducing a measuf@’ @ nonlinear SVM projects the samples to a feature space of
of the spatial location of the eye blinking artifact. We average tHégher dimension via a nonlinear mapping function. Among nonlinear

maximum value of cross-correlation between each of the electro@nels the radial based function (RBF) defined /i¢g;,g) =
locations and the IC exp(—|g—g;|*/(2p)), where the adjustable parametegoverns the

6 variance of the function, is widely used due to having quasi-Gaussian
_1 0 _ distribution for datasets of large samples.
f3_ggmfqu{xi(t)un(t—i-T)}D n=1,...,N (11) g p

(14)

where u,(t) is the nth independent component anfit) are eye IIl. EXPERIMENTS

blinking reference signals, whereindexes each of the aforemen-A- Dataset for analysis
tioned electrode locations. The value of this feature will be larger The data were provided by King's College Hospital, London U.K.
for ICs containing eye blinking artifact, since they will have a largeaind are available from our website [12]. The data represent a wide



TABLE | - -
The distribution of the classifier output
THE PERFORMANCE OF THE CLASSIFIER BASED ON THE AVERAGE 60 T
= | [ Jwith eye blink

NUMBER OF CORRECTLY CLASSIFIED POINTSTHREE KERNELS ARE 3 X
I ithout eye blink
COMPARED IN THE CLASSIFICATION

Kernel Average classification rate (%) (s.d.) g 40f —
Overall Normal Eye Blinks g

Cubic Polynomial 94.50 (1.92) | 91.15 (2.31) | 97.91 (2.04) “% sor 1

Linear 99.00 (1.15) | 99.24 (1.11) | 99.21 (0.97) fg’

Gaussian RBF 98.50 (1.00) | 98.26 (1.17) | 99.03 (1.35) =2y ]

101 N
range of patients and therefore gives a comprehensive set ofatats 4-_& M
the evaluation of our method. The scalp EEG was obtained usi 0 ——
Silver/Silver-Chloride electrodes placed at locations defined by t h Classifier output
10-20 system. The data were acquired using a Beekeeper Telefacwu
EEG amplifier, sampled at 200Hz and bgndpass f_iltered with cut%_ 1. A histogram plot showing the distance to the sepagatiyperplane
frequencies of 0.3Hz and 70Hz. We obtained the independent cogging the linear kernel.
ponents by applying BSS to blocks of data, 10 seconds in length.
We assumed that the number of sources is the same as the number
of electrodes (i.e. N=M). Then, we extracted the features from eaalyorithm (see Fig. 3). The significance of our results was justified by
of the ICs. The classifier was trained using the ICs from differewtinicians at King's College Hospital. The proposed algorithm was
patients. compared to a manual artifact rejection, i.e. manually identifying and
canceling the artifact by calculating the cross correlation between the
B. Testing the Features BSS-SVM and the manually reconstructed EEG. The average value
é)f cross correlation is 0.92 (s.d. 0.02). In a number of trials the

Int .OL." study bvl\_/ektestec(j:i ltgg ffeatur?s tj_fsm? _?_go l?S; .]%OO I e?fect of ECG has been automatically detected and removed, where
containing €ye binks an ree ot arulact. Ine classiller Wag, o complete removal has not been achieved with the method based
tested using a variety of kernels, for which the error results are shown

in Table I. Th | h for th ate 64 and in th on the manual selection. This had a detrimental effect on the cross-
Icna :oftﬁe Rggigigl t(l)qseenal():e gvga'::r? .r.cwgﬁs fo r?ga 'no 7: correlation measure since the BSS-SVM output will be less correlated

S value plvas empinically fou S V19 with the manually reconstructed outputs, but has a positive effect on
For each kernel the average error values were estimated with 4-f

s . ) o output since there is less artifact present in the output.
cross validation (CV) i.e. using 75% of the data as training examples P I P . P
As a second criterion for measuring the performance

0 : ) . RS
and 25% for testing with no overlapping. The cross-validation W3S the overall system we selected a segment of EEG,

performed 10 times, each time the data were randomly rearrang%d, and the reconstructed EEG . which  doesn't
in order to yield a better estimate of the error. - Wseg:

. ontain any artifact and measured the waveform similarity,
The average number of support vectors found when using tﬁe Y 4

— A{ — . — o~
RBF kernel was 37% of the training examples. In the case of cubi¢?  — 10log (UM _Zi:l (1 E{(mljsfg[n] m“seg[”])}))'
polynomial and linear kernels the number of support vectors fourfynen the value ofeqs is zero, the original and reconstructed
were 18% and 3.3% respectively. waveforms are identical. From ten sets of EEGs the average
The training error was found by using the training data to test twgayfform similarity waseqp = —0.009dB (standard deviation
SVM. The training error was found to be 0.5% (av) and the test errd? ¢5). These results suggest that the observations have been

was 0.7% (av). This avoids any overfitting since the training error faithfully reconstructed both in terms of subjective visual inspection
close to the training error. and objective performance metrics.

The classifier was further evaluated by plotting the distribution of
the classifier output. It is calculated by applying the classification IV. CONCLUSION

function in (14) without the sgp) function. The result from the test  gased on our experimental results, the BSS-SVM algorithm ef-
data using the linear kernel is shown in Fig. 1. The ICs containingctively removes the effect of eye blinking artifacts on the EEGs.
eye blinks are clustered around and above the +1 value and #}& experiments herein demonstrate that for the test dataset the eye
ICs containing normal EEG activity around and below the -1 valugjinking artifacts are effectively classified by using the introduced
There is minimal overlap in the classifier output, indicating that thziures especially when the linear kernel is used for the SVM.
proposed features are significant to the detection of eye blinkifge EEGs are separated using the time lagged SOBI algorithm and

artifacts for the test datasets. the identified artifacts are autonomously canceled, then the EEG is
For our dataset mainly due to reasonably separable classes thergg¥gnstructed from the remaining ICs.

no significant differences between the results using different kernels

However, the linear kernel requires far fewer SVs in calculating the

OSH, hence the linear kernel will be used to classify eye blinks in

the following experiments. [1] D. A._ Overton_and C. Shagass, “Distribution of eye moveme_m_d
We applied the BSS-SVM algorithm to 10 real EEG datasets, each eyeblink potentials over the scalflectroencephalography and Clinical

- . Neurophysiologyvol. 27, p. 546, 1969.

were 7 minutes long. The performance of the algorithm can be se%; 0. G. Lins, T. W. Picton, P. Berg, and M. Scherg, “Oculdifacts in£G

by comparing the EEG data obtained at the electrodes (see Fig. 2) and event-related potentials, i: Scalp topograpBain Topography

and the same segment of data after being processed by the proposedvol. 6, pp. 51-63, 1993.
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Fig. 2. A 16 electrode EEG recording. The OAs are clear batvesenples
200 to 400 and 1000 to 1200. They are more prominent on the fronta
electrodes(FP1, FP2 etc.).

The EEG with the eye blinking artifact removed
T

o 4 T T T T T T T T >
& :QEW | 1 1 I S g | i Thitihd \"j
L4 -Ew T T P et T ~ T ™
= Ml | I ! | f 1 | 1 |
o gﬂ T T T T T T T T T T
:gﬂt’"”"““’“?f‘“ i Abe B i L M e 1 Wﬂ
3 . HWWWW’WWWWWH
h éHMWWWMWWWWMWW
- 4 T T T T T T T T T T
& :ﬁﬂw ! 1 I I L | I | 1 | “j
g :ﬁﬂww 1 I i 1 1 I 1 e \in
Y e ————
o éﬂ T T T T T T T T T e
© :QHE I | i 1 ) 1 L h ! e}
-4 T T T T T T T T T T
= :QEE 1 1 1 1 Y | | \WN\M:"
o ;EF : 1 : : 1 1 1 1 1 1
= :gﬂ 1 I h 1 I L | | | |
. 4 T T T T T T T T T T
= :QEE | | | 1 L I | | I [ 3
o 8 lE T T T T T T T T T T 51
- :gﬂ 1 1 1 1 1 1 1 1 | I
| ST e e et ——— v
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Samples

Fig. 3. The EEG after being processed by the proposed digorithe OAs
have been removed from all of the electrodes.
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