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Abstract

We address the problem of processing electroencephalo-
graphic (EEG) data to monitor the time series of the com-
ponents of a current dipole source vector at a given
location in the head. This is the spatial filtering problem
Jor vector sources in a lossy, three dimensional, zero delay
medium. Dipolar and distributed sources at other than the
desired location are canceled or attenuated with an adap-
tive linearly constrained minimum variance (LCMV)
beamformer. Actual EEG data acquired from a human
subject serves as the interference in a case where the
desired source is simulated and superimposed on the
actual data. It is shown that the LCMV beamformer
extracts the desired dipole time series while effectively
canceling the subjects interference.

1 Introduction

Electromagnetic signals from the human body are pro-
duced from a variety of sources such as the heart, skeletal
muscles and the brain. In this paper we restrict our atten-
tion to beamforming with electroencephalographic (EEG)
data, i.e. measurements of the electric potential on the
scalp produced by bioelectrical brain activity. However,
these methods could be easily adapted to multichannel
magnetoencephalographic (MEG) measurements of the
magnetic field produced by the brain. Measurements of
electric potential or magnetic fields produced by the heart
or skeletal muscles could be processed in a similar man-
ner.

Our goal is to process the measurements from an array
of electric potential or magnetic field sensors to noninva-
sively monitor the electrical activity in a specific region of
the brain, while simultaneously canceling interference
from other sources. The desired source is assumed to be a
current dipole [1] whose amplitude and orientation can
vary with time and whose location is known. Interference
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could include undesired brain signals from focal or distrib-
uted sources spatially separated from the desired source or
may originate from artificial sources such as electrical
power line interference. Methods for localizing dipolar
sources have been studied elsewhere, e.g. [1], [2]. A scan-
ning beamformer approach to localization is discussed
in [3].

Potential applications of EEG beamforming include
functional brain mapping, evoked response studies, and
monitoring of epileptic foci.

2 Models

A forward model that relates a dipolar source to the sen-
sor outputs is required to set the beamformer’s spatial
response constraints. For electric potential measurements
such as EEG, the forward model is given as the dot prod-
uct of a voltage gain vector and the dipole moment vector

Y NN

v=g (Lpg a

where v is the scalar voltage at elegtrode probe 1(_>rcation
p=Ip, p, p,] ductoadipoleat l = [, ly I]". The
dipole moment (strength and orientation) measured in
Ampere-meters is denoted by ¢ = lq, q q,] . The
voltage is a nonlinear function of probe and dipole loca-
tion and a linear function of the dipole mpment. A similar
model holds for the MEG case, b = g:(l, p)g where b is
the scalar radial magnetic field component. We focus on
the EEG case in this paper.

The gain vector g(.) is derived by assuming a physical
model of the head (or other volume) and applying electro-
magnetic principles to determine the electric potential
resulting from a source dipole. One of the simplest head
models is the homogeneous conducting spherical volume
{4], which yields a simple closed form solution [5]. This
single sphere model is too simple for most EEG applica-
tions because it does not account for the relatively high
resistance of the skull layer. A three concentric sphere
model that includes the scalp and skull layers was derived
in [6). The four sphere model, which also includes a cere-
brospinal fluid (CSF) layer, was derived in [7]. We can
express the four sphere model for an arbitrary dipole loca-
tion as
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where R is the outside radius of the hcad sphere, P (-) is
the Legendre polynomial of order n, P. (°) is the Assoc:-
ated Legendre polynomial, and the a’s are a bagis for the
rotated coordinate gysiem thag lace a dipole 3 lon Tr
Z-axis. Thatis a1 =0, a, l==0 anda 1= l
'Ihe angles ' and ¢ are the sphencal polar coordmates of
p in the rotated system and w{n) is a function of the radii
and conductjvities of the brain, CSF, skull, and scalp. See
[8] for the details of the geometries.

By applying superposition, the model (1) can be
extended to m electrodes and p dipoles giving the elec-
trode voltages

-

v, JTa o oTa o ATy o >
g (L.p) g py) - & Gupy)| |71
aT > a AT > > q
2| = |8 (up) 8 (Lup) _’ (6))
AT Ty o q,
[Vm| 14 L. Pw) g (lp9p )]
or simply
v =G(L,P)q 0]

_ where v is the (m X 1) measurement vector, G is the
(mx3p) gain matrix, and ¢ is the (3px 1) dipole
moment vector. If the dipole moments are time varying,
the forward model becomes v(k) = G(L, P)q(k).

3 Spatial Filtering

In the current context, the goal of spatial filtering is to
achieve a spatially selective response in the three dimen-
sional volume of the head so that the dipole moment time
series at a desired location is monitored. Typically, we
want the response from a specified desired location I, to
be unity, while having little or no response to interference
sources at a number of other unknown locations.

3.1 The Response Vector

Since we wish to monitor the time series of the dipole
moment g(k) without distortion, and since the array mea-
surements v(k) are linear in g(k), we must process the
array measurements linearly. Spatial filtering is performed
by appropriately weighting the sensor array measurements
and summing to get the scalar time series output

T

k) = wv(k). (5)
For the case of a single dipole with moment ¢(k), we can
write (5) as
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is defingd as the response vector to a dipole at the
location I. Observe from (6) that the beamformer output
is the dot product of the response vector and the dipole
moment vector. If the dipole orientation is orthogonal to
the response vector, the output due to the dipole is zero.
Therefore, for each location 1, there is a plane orthogonal
to r(I) to which the beamformer is blind, i.e., a dipole in
this plane produces zero output. Figure 1 illustrates how
the magnitude of the beamformer output changes with
dipole orientation for the two dimensional case.

In beamformer design, the response vector for the
desired location is assigned unit magnitude with some
desired pointing direction. Equation (7) is then used as a
weight vector constraint in the LCMV beamformer.

If the orientation g(k)/ "q(k)” of the dipolar source at
the desired location is time invariant and known, then a
single beamformer can be designed with the constraint
vector

q(k

rdl) = _a®_

laaoll

Note that if only a single element of the response vector is

used to constrain w, this will guarantee unit gain in one

direction. However, if a source in the desired location is

not oriented in exactly this direction, it is straight forward

to show that the LCMV beamformer discussed below will
produce cancelation of the desired signal.

In the less restrictive case in which the orientation is
either unknown or time varying, i.e. the dipole is rotating,
then three separate beamformers should be designed to
monitor three orthogonal components of the dipole at the
desired location. This is achieved by choosing three
response vectors that are orthonormal, i.e.
= 8(i-j) fori,je {1,2,3} and applying r; as
the response constraint for the /! beamformer. If the mag-
nitude of the dipole moment is desired, it can be estimated
as the square root of the sum of the squares of the three
beamformer outputs.

®



3.2 Comparison to Classical Beamforming

There are two major differences between the EEG
beamforming problem and classical narrow band, far field
beamforming applications such as radar or sonar. First, we
assume zero propagation delay between the source and the
sensors, because of the short distances and low frequen-
cies involved. Also, there is a spatial disparity in the sig-
nal amplitude across the array because of the dependence
on distance in the forward gain vectors of (3). In contrast
narrow band, far field systems generally exhibit temporal
disparity across the array and assume constant amplitudes.
It is the amplitude diversity in EEG that facilitates spatial
filtering.

An implication of the zero delay in EEG is that the fre-
quency response from a source to the array output is flat
with a phase of zero. The weights only affect the fre-
quency response magnitude. If frequency control is
desired, time diversity may be introduced in the data by
placing a tapped delay line filter at each of the sensors.

4  Optimal Weight Design

Here we consider the linearly constrained minimum
variance (LCMV) approach to weight design, where the
response of the beamformer is constrained such that sig-
nals from the location of interest are passed with a speci-
fied gain. The real weights are chosen to minimize the
output variance or power

. 2 .
Jyy=min Hly®|’} = minwRw (9
w w
subject to the linear constraints
C'w=gf (10)

where C is a full rank (m x L) dimensional constraint
matrix with (L<m),and fis the (Lx1) response vec-
tor. The covariance matrix of the real data vector array
v(k) (assumed zero mean) is R, = Ev(kW (k)} . The
solution to (9) subject to (10) is [9)

-1
w,y = R'c[C'R]'C] f. an

The linear constraints use up L degrees of freedom in the
weight vector leaving m — L degrees of freedom available
for minimizing the output variance.

When designing separate beamformers that monitor
dipoles at the same location, such as the three mutually
orthogonal beamformers, we can write the solution for the
weight vectors as

l:wluvl Wy, wMVJ = R;IC[CTR:C]-I [fl 12 f:;l 12)

since constraint matrix C depends only on the locations of
the constraints.
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We can constrain the response at a desired locatriqn L
by using (7), i.e. the cqnstraint matrix is C = G {€Lp
with response f = r(1,) resulting in L = 3 constraint
equations. Additional vector constraints can be simulta-
neously imposed to control the response over a range of
locations.

In practice, the exact location of our source may not be
known. Typically, localization errors for neural di polar
sources may be of the order of Smm or higher [8]. Conse-
quently a single point constraint at the estimated "desired"
location may result in a LCMV beamformer that cancels
the signal from the true location due to mislocation of the
source. An effective way to control the response over a
spatial region is to use eigenvector constraints [10].

5 Generalized Sidelobe Canceler

The LCMV beamformer can be alternatively realized in
a form called the generalized sidelobe canceler (GSC) that
allows the linearly constrained problem to be solved in an
unconstrained manner [11]. The weight vector is decom-
posed into two orthogonal components w = w,— s, such

that s lies i¥ the null space of C* and w, lies in the row

space of C . Using the fact that C's = 0 we have the
constraint
CTwo =f w, € Range(C) 13)
with solution
-1
wy = C(C'C) f. (14)

Since w, € Range(C) it is the minimum norm solution to
(13) and therefore has the smallest additive white noise
gain of any beamformer satisfying the constraint. A
beamformer based on W, is called the quiescent beam-
former and is used for comparative purposes in Section 8.

Since s lies in the null space of C~ then it can be written
as a linear combination of columns of C:Cw, = s
where C_ is an orthonormal basis for the nul} space of C .
The weight vector is therefore w = wy—C w,, and we
can solve the LCMV problem by solving the uncon-
strained problem

rpvi:nmuk)l’} =

T 15)
n)lg,r')[wo -Cw,] R, [wo— C.w,l
The solution is
w, = (C'RC) 'R w,. 16)

The advantage of the GSC implementation of the LCMV
beamformer is that the weights w, are minimized in an
unconstrained manner allowing adaptive algorithms to be
applied without modification.
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adaptive LCMV beamfonmer is which the weights are adapted with
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mizes the output power.
6 Adaptive Algorithms

In applications where the data statistics are time vary-
ing, such as in EEG and MEG data, it is necessary to use
an adaptive algorithm to update the beamformer weights.

6.1 Sliding Window Adaptive Algorithm
A simple approach to adaptive beamforming involves
modifying the statistically optimum LCMYV beamformers
by substituting in a time varying estimate of the data cova-
riance matrix for R,. A useful estimate is the sliding win-
dow sample covariance matrix
k+M

‘A‘,(") = ﬁ Z a(n) x(n)xT(n)
n=k-M

where M sets the length of the sliding window, and a sym-
metrical weighting function a(n) is typically used to
weight the current data more heavily than the past or
future data. In practice, the noncausal nature of (17) is cir-
cumvented by computing the delayed output y(k — M). If
introducing a delay is unacceptable, then (17) can be mod-
ified to include only past data.

6.2 LMS and RLS Adaptive Algorithms

An alternative to explicitly computing statistics involves
the application of a standard adaptive filter configuration,
where the weights are adjusted to minimize the difference
between the filter output and the desired signal y,. In this
case, we use the GSC sfructure with the input to the adap-
tive filter set to # = C, v, and the desired signal set to the
quiescent beamformer output y, = w, v. The adaptive
LCMYV beamformer realized with the GSC structure is
depicted in the block diagram of Figure 2.

The least mean square (LMS) adaptive algorithm is a
candidate for weight adaptation, however it typically has a
very slow convergence rate for EEG applications because
of the large eigenvalue spread of R, which is due to the
nature of the forward gain models. The normalized LMS

an
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algorithm has better convergence properties in this case
and is a promising choice for low computation rate adap-
tive EEG beamformers.

The exponentially weighted recursive least squares
(RLS) algorithm is invariant to eigenvalue spread. The
algorithm minimizes the exponentially weighted sum of
past squared errors at each time step. The RLS algorithm
is used in Section 8 and described in [9).

7  Some Practical Considerations

Since voltages are differential quantities, an important
consideration for EEG is how we handle the reference
electrode. The EEG models in section 2 all assume some
reference point that is in general not accessible in reality,
such as the infinity reference used by (2). One approach is
to derive a data vector x, whose elements are referenced
to a point on the head (a model output). The product of a
montage matrix M and the EEG channel outputs ¢ can be
used to derive a head reference. We can then beamform on
x = Mc,ie. y = wx, if we replace ocgurrences of
G(L, P) in equations (7) and after with MG(1, P).

A second approach to solving the reference problem can
be seen by considering the difference between the data
vector v from the model (4), and the actual EEG output
channels ¢. Since voltages are differential, we have

e, —e, e —e,
e,—¢ e,-¢

v=12 "=, e=|2 7" (18)
e, —-e, e,—¢,

where e is the reference assumed by the model, and e, is
the physical electrode reference on the subject. We can
write the EEG channel output as ¢ = v — (e,—e )1,
where 1 is a column of ones. Now, if we wish to beam-
form on ¢ we have

y = we=wpy- (e,—e.) w'l (19)

Since the potential difference between the model and the
body references is unknown and in general nonzero then
this signal will be present in y unless we constrain the sum
of the weights to be zero. In LCMV beamforming we
have a convenient way to do this: simply append
1 w = 0 to the constraint conditions (10).

Real EEG measurements will have a D.C. component in
the data contributed by a variety of sources, such as sus-
tained ion flux in biological tissue, skin-electrode battery
reactions, and D.C. bias offsets in the differential EEG
amplifiers. This D.C. component leads to non-zero mean
data, which if processed directly with the zero mean
assumptions above, would result in the D.C. component
being treated as interference and degrees of freedom in the
weights would be used to minimize the D.C. in the output.
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Figure 3. Actual EEG data with superimposed synthetic data
from a dipole located 2cm below the surface at I; = [0 4.2 4.2]
with amplitude set to achieve a signal-to-noise plus Interference
ratio: SNIR = 0.1 over the 4 second window (a). The synthesized
dipole moment time series shown at top of (b) has a peak ampli-
tude of 137 nano(Am). The output of the Quiescent beamformer
has stron(g interference present. The LCMV output closely resem-
bles the dipole moment time series. The RLS adaptive algorithm
with A = 0.999 is shown at bottom.

1000

The simplest way to keep the undesirable D.C. interfer-
ence out of the cost function is to remove the mean of the
data before processing with the beamformer. In practice
mean removal is done by highpass filtering the data. A 0.5
to 2Hz cutoff frequency is typically used.

8 Beamforming Experiment

One goal of this work is to address the question of
whether we can monitor a desired dipole while canceling
other brain interference sources in actual human subjects,
using a moderate number of sensors on the surface of the
scalp.

An experiment was performed where actual band lim-
ited EEG data was acquired at 256 samples per second
from a resting subject. The sources that produced this data
are considered interference sources. Synthetic data was
generated with the desired source dipole placed 2cm
below the surface at 1, = [0 4.2 4.2] oriented in the x-
direction (forward pointing) using the four sphere head
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Figure 4. Same as Figure 3 but with SNIR = 0.01
nano(A eak dipole strength. The vertical axis in (b) are scaled
up b 10 over Figure 3 to compensate for the weaker dipole.
The inning of the RLS output shows some degradation from
algorithm start-up.

requiring a 43

model in (2). The actual acquired interference data was
added to the synthetic data, and a LCMV beamformer was
used to extract the desired dipole time series while mini-
mizing the contributions of the subject’s interfering
sources. Four ]inqrar con_rstraints were used:
G(,Pyw =[100) ,and 1w = 0.

An array of 20 electrodes spaced approximately 2.5cm
center-to-center on a 4 by 5 rectangular grid was placed
over a portion of the left parietal lobe extending from the
top center of the head to just over the ear. A corner elec-
trode was used as the reference yielding 19 EEG channels.
The subjects head radijus is about 8.9cm, however the local
radius of 8.0cm in the vicinity of the array was used in the
head model that generated the synthetic data. The values
of radii and conductivities are the same as those used
in [8].

The strength of the synthetic dipole in the combined
data is set to achieve some desired signal-to-noise plus
interference ratio (SNIR) over the 4 second interval that
the data spans. SNIR is defined as the sum of the squares
of the synthetic data in all 19 channels divided by the sum



of the squares of all the interference data over the 4 second
window.

Figure 3 shows the results with a gaussian amplitude
weighted lowpass noise time series for the synthetic dipole
with SNIR = 0.1, requiring a 137nano(Am) peak dipole
strength. The dipole time series is visible in the EEG
traces. The quiescent beamformer meets the constraints;
however, since this beamformer is data independent, the
interference is not canceled in the output. The LCMV
beamformer using sample statistics over the 4 second
block significantly reduces the interference in the output.
Figure 4 shows the case where SNIR = 0.01, from a
43nano(Am) peak dipole strength. In this case, the signal
from the synthetic dipole is not readily visible in the com-
bined data. The LCMV beamformer performs surpris-
ingly well in extracting the desired dipole moment time
series. Sources of error include additive sensor noise,
incomplete interference cancelation, and in this case there
may possibly be a physical source in the subject at I, con-
tributing to the output.

An adaptive beamformer based on the RLS algorithm
was used on the 4 second data block above, with no
improvement over the block sample statistics approach.
However, when long data segments or non-stationary data
segments were processed, the RLS algorithm yielded sig-
nificantly better results than the full block approach.

9  Summary

A beamforming approach to monitoring of electrical
activity at specific sites in the brain, using multichannel
EEG was investigated. Preliminary results using simu-
lated dipolar sources imbedded in actual EEG data are
promising. A realization using a generalized sidelobe can-
celer in conjunction with the RLS adaptive algorithm
offers the potential for tracking the nonstationary environ-
ment encountered in EEG. It remains to be seen whether
the method described here is sufficiently robust to monitor
actual neural sources.
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