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Abstract—The increase in computer power of the last few
decades has allowed the resurgence of the theory behind spatial
filtering (a.k.a. beamforming) and its application to array signal
processing. That is the case of electroencephalographic (EEG)
and magnetoencephalographic (MEG) data, which rely in dense
arrays of detectors in order to measure the brain activity non-
invasively. In particular, spatial filters are used in EEG/MEG
signal processing to estimate the magnitude and location ofthe
current sources within the brain. This is achieved by calculating
different beamformer-based indexes which usually involvea
large computational complexity. Here, a new perspective onhow
today’s computers make possible to handle such complexity is
presented, up to the point when new and ever more complex
neural activity indexes can be developed. Such is the case of
indexes based on eigenspace projections, whose applicability
is shown in this paper for the case when using real MEG
measurements and realistic models.

I. I NTRODUCTION

Sensor array signal processing emerged as an active area
of research decades ago and was centered on the ability
to fuse data collected at several sensors in order to carry
out a given estimation task (space-time processing) [1]. This
framework, which will be described in more detail next, uses
to its advantage information on the data acquisition system
(i.e., array geometry, sensor characteristics, etcetera)known
a-priori. Based on that, the aim in spatio-temporal processing
is to recoversignals coming from a direction of interest, while
attenuatingsignals from other directions. The processing ele-
ment that allows such selective recovery/attenuation is known
as aspatial filter or beamformer[2].

The conventional spatial filter (which was first applied
during the second world war) was implemented by applying
Fourier spectral analysis to data acquired in time and space.
Later on, adaptive spatial filters allowed to improve the capac-
ities of the conventional spatial filter, specially those related
with its poor resolution when resolving signals originating
from closely-located regions [3]. Nevertheless, spatial filtering
suffers of a fundamental limitation: its performance directly
depends on the size of the sensor array (aperture), indepen-
dently of the number of time samples or the signal-to-noise
ratio (SNR).

One might think that the limitations on aperture could be
solved by using a large number of sensors (dense array), and
by using large-sized sensors. However, this cannot be always
achieved in practice. For example, spatial filters used in radio
astronomy are only possible thanks to telescopes such as the
one described in [4], but adding more telescopes as a way

to increase aperture would be a costly solution. On the other
hand, even if the sensors are not expensive, adding many of
them would result in an increase of computational cost. This
is the result of the output of the spatial filter being a linear
combination of the data acquired byM sensors atN time
samples.

Given the limitations previously mentioned, spatial filters
in biomedical applications were initially used only for inter-
ference removal, such as the case of fetal heart monitoring
in [5]. A spatial filtering method for localizing sources of brain
electrical activity suited for electroencephalographic (EEG)
and magnetoencephalographic (MEG) recordings was first
described and analyzed in [6]. However, their analysis only
considered a sphere to model the head, as such geometry facil-
itates the calculations involved. Performing the same analysis
using a realistic model was prohibitive given the limitations in
computer power at the time.

In this paper, a new perspective on how today’s computers
make possible to handle the mathematical complexity involved
in EEG/MEG array signal processing is presented, up to the
point when new and ever more complex neural activity analysis
methods can be developed, and realistic geometries to model
the head can be used.

II. M ETHODS

This section briefly reviews the concepts related to spatial
filters, then the processing steps involved in their use for
EEG/MEG source localization are explained.

A. Measurement model

EEG/MEG measurements are assumed to be produced
by a neural source that can be modeled by an equivalent
current dipole (ECD), whose magnitude is given bys(t) =
[sx(t), sy(t), sz(t)]

T (assuming a Cartesian coordinate sys-
tem) and located within the brain. The dipole is allowed to
change in time but remains at the same positionr s during
the measurements period. The ECD model holds in prac-
tice for evoked response and event-related experiments [7].
Then, the EEG/MEG data can be grouped, for the case of
k = 1, 2, . . . ,K independent experiments (trials), into a spatio-
temporal matrixYk of sizeM ×N at thekth trial such that

Yk =




y1(1) y1(2) · · · y1(N)
y2(1) y2(2) · · · y2(N)

...
...

...
yM (1) yM (2) · · · yM (N)


 , (1)



whereym(t) is the measurement at themth sensor, form =
1, 2, . . . ,M , and acquired at time samplet = 1, 2, . . . , N .
Under these conditions, the following measurement model can
be proposed:

Yk = A(r s)S + Vk, (2)

where A(r s) is the M × 3 array responsematrix, S =
[s(1) · · · s(N)] is the 3 × N dipole moment matrix, and
Vk is the noise matrix. The array response matrix is derived
using the quasi-static approximation of Maxwell’s equations on
a volume that approximates the head’s geometry (see [8], [9],
and references therein). Then, in a physical sense,A(r s) rep-
resents the material and geometrical properties of the medium
in which the sources are submerged.

B. Spatial filtering

A spatial filterW (r s) can be designed in order to satisfy
the following condition:

WT (r s)A(r ) =

{
I if r = r s

0 if r 6= r s
. (3)

Note that the unit response in the recovery band is enforced
by

WT (r s)A(r s) = I, (4)

while zero response at any pointr in the attenuating band
impliesW (r s) must also satisfy

WT (r s)A(r ) = 0 . (5)

There are many ways to computeW (r s): the linearly con-
strained minimum variance (LCMV) spatial filter offers an
alternative to design an optimal filter, which is to findW (r s)
such that the variance at the filter’s output is minimum while
satisfying the linear response constraint (4). Therefore,the
LCMV spatial filtering problem is posed mathematically as

min
W (r s)

tr
{
WT (r s)RW (r s)

}
subject toWT (r s)A(r s) = I,

(6)
wheretr {·} indicates the trace, and with the data’scovariance
matrix given by

R = E{(Y − E{Y })(Y − E{Y })T }, (7)

whereE{·} indicates the expected value. The solution to (6)
may be obtained using Lagrange multipliers and completing
the square, which results in [10]

W (r s)LCMV =
[
AT (r s)R

−1A(r s)
]−1

AT (r s)R
−1. (8)

For the case of unknownR, a consistent estimate of this
covariance matrix can be used.

Applying (8) to the original EEG/MEG measurements
provides an estimate of the dipole moment at locationr s.
Furthermore, the estimated variance or strength of the activity
at rs is the value of the cost function in (6) at the minimum.
Then, after some algebra, the estimated variance of the neural
source is given by

v̂ars(r s) = tr
{[

AT (r s)R
−1A(r s)

]−1
}
. (9)

It is also useful to estimate the amount of variance that can
be credited to the noise. Hence, in a similar way as in (9), the
noise variance is given by

v̂arv(r s) = tr
{[

AT (r s)Q
−1A(r s)

]−1
}
, (10)

whereQ = E{(V −E{V })(V −E{V })T } corresponds to the
covariance matrix of the noise. This matrix is usually estimated
from portions of the measurements where the neural source
due to the stimulus is not active (e.g., pre-stimulus interval).
Therefore, an estimate of the source localization based on (9)
and (10) can be computed as

[r̂ s]LCMV
= max

r

v̂ars(r)

v̂arv(r)
= max

r
ηLCMV(r), (11)

which is equivalent to maximizing the source’s variance (nor-
malized by the variance of the noise) as a function ofr .

Equation (11) provides an accurate estimate ofrs under
the assumption that regions of large variance presumably have
substantial neural activity [6]. For that reason,ηLCMV(r) in (11)
is often referred to as aneural activity index. However, the
sensitivity of the LCMV filter to imperfections in the model
knowledge is a well-documented fact [11]. The main approach
to remedy this problem is to improve the conditioning of the
covariance matrixR via an eigenspace projection:

Π⊥
R = U0U

T
0 , (12)

whereΠ⊥
R corresponds to the projection matrix of the data

onto the null space of the covariance matrix, andU0 is the
matrix whose columns are the orthonormal eigenvectors ofR
that correspond to its zero eigenvalues. Hence, motivated by
the “classical” LCMV solution in (8), the following structure
can be proposed [12]:

W (r s)EIG =
[
AT (r s)Π

⊥
RA(r s)

]−
AT (r s)Π

⊥
R. (13)

Note that in (13) the inverse of the matrix has been replaced
by the generalized inverse (denoted by[·]− ) because it is a
reduced-rank beamformer [13].

While (9) uses the classical neural activity index based on
an estimate of the signal’s variance, a similar calculationbased
on (13) will produce an estimate of thesparsityas a function
of the position [14]. Such estimate is obtained by replacing
R−1 by Π⊥

R in (9), which results in

̂spars(r s) = tr
{[

AT (r s)Π
⊥
RA(r s)

]−}
, (14)

while a similar sparsity measure can be defined for the case
of the noise:

̂sparv(r s) = tr
{[

AT (r s)Π
⊥
QA(r s)

]−}
, (15)

whereΠ⊥
Q is the projection matrix of the noise onto the null

space. Therefore, an estimate of the source localization based
on (9) and (10) can be computed as

[r̂s]EIG
= min

r

̂spars(r)
̂sparv(r)

= min
r

ηEIG(r ), (16)

which is equivalent to minimizing the source’s sparsity (nor-
malized by the sparsity of the noise) as a function ofr . Hence,
ηEIG(r) will be referred to as theneural sparsity index.



III. N UMERICAL EXAMPLES

In this section, the applicability of the neural activity
and sparsity indexes in (11) and (16), respectively, is shown
through numerical examples using real MEG data correspond-
ing to measurements of auditory responses. The goal of these
experiments is to show the use of those spatial filters (and its
combination) in finding the location of neural sources from the
MEG data.

The data used for these experiments is available at the
MEG-SIM portal, which is a repository that contains an ex-
tensive series of real and simulated MEG measurements freely
available for testing purposes [15]. The data were acquiredat
a sampling rate of 1200 Hz, and they were band-pass filtered
between [0.5, 40] Hz with a sixth-order Butterworth filter.
The data used here correspond to the response of Subject #1
to a pure 2000 Hz tone delivered to the left ear. The MEG
data were acquired with an array ofM = 275 channels with
the spatial distribution of the VSM MedTech MEG system
considered at the MEG-SIM portal. There, the anatomical MRI
data of the subject is provided as well. Hence, a realistic head
model can be created by first segmenting the MRI images
with BrainVISA [16], next tessellated meshes were generated
from the segmented volumes using Brainstorm [17]. Here, the
head model was composed by three tessellated meshes which
were nested one inside the other in order to approximate the
geometry of the scalp, skull, and brain. Each volume was given
a homogeneous conductivity of 0.33, 0.0041, and 0.33 S/m,
respectively. In particular, the volume corresponding to the
brain was constructed with 11520 triangles.

Based on those conditions,ηLCMV(r ) and ηEIG(r) were
evaluated at the positionr corresponding to the centroid of
each of the triangles comprising the brain mesh. In both
cases, the array response matrixA was calculated using the
computer implementation provided in [18], which corresponds
to a solution of the quasi-static approximation of Maxwell’s
equations based on the boundary element method (BEM). The
data covariance matrixR and the noise covariance matrixQ
were estimated from the data acquired in the 200 ms following
the stimulus and the previous 60 ms, respectively. In both
cases, the estimates were obtained fromK = 100 independent
experiments. Figure 1 shows the values ofηLCMV(r) on the
surface of the brain’s mesh, and those positions within the
top 3% of neural activity are indicated with blue dots. As
expected, one of the most active regions corresponds to the
auditory primary cortex on the brain’s temporal lobe, but the
area of maximum activation is widespread. Next, Figure 2
shows the values ofηEIG(r), and those positions within the
bottom 25% of neural sparsity are indicated with blue dots.
Again, an important region at the temporal lobe appears as
one with the lowest signal sparsity. However, the differencies
in sparsity among all positions are not large, then the local
minima also tends to be widespread. Finally, the intersection
of those regions-of-interest shown in Figures 1 and 2 is shown
in Figure 3 on top of the original map ofηLCMV(r). Clearly, the
combination of both spatial filters provides the best solution,
which is reduced to a couple of triangles within the primary
auditory cortex and whose position is consistent with the
tonotopical organization associated to the tone’s frequency
used in the auditory stimulation [19].

In terms of the computational cost, the calculation of

Fig. 1: ηLCMV(r) computed on the surface of the brain’s model
shown as a color-code in arbitrary units. Small blue dots are
superimposed in order to highlight the location of the local
maxima.

Fig. 2: ηEIG(r) computed on the surface of the brain’s model
shown as a color-code in arbitrary units. Small blue dots are
superimposed in order to highlight the location of the local
minima.

Fig. 3: ηLCMV(r ) with blue dots superimposed to indicate the
intersection of the solutions shown in Figures 1 and 2.



ηLCMV(r) andηEIG(r ) was fully implemented in MatlabR©, and
the computer used was a HP ProLiant ML110 G7 server
with a Xeon E3-1220 processor, 3.1 GHz of speed, and with
6 GB of RAM memory. Under those conditions, computing
the activity and sparsity neural indexes took, respectively,
42.3293 and 42.3095 minutes. Therefore, the solution shown
in Figure 3 took 84.6388 in order to yield two possible
positions of the neural source in the primary auditory cortex.
Nevertheless, the distance between the two possible solutions
was 4.7 millimeters, which is much larger than the allowed
error in source localization for clinical applications, such as
in neurosurgery, where the sources must be located with a
precision of 1 mm. Hence, for clinical applications, a much
more dense brain mesh (i.e., more triangles in the tessellation)
must be used.

IV. CONCLUSIONS

The use of spatial filters in the solution of the neuroelectric
inverse problem involves very complex mathematical calcu-
lations. However, it is possible to manage such calculations
with today’s computer power. Furthermore, new spatial filters,
such as those based on eigenspace projections, can be used
to improve the classical LCMV solution originally proposed
in [6].

Here, an index of the signal’s sparsity was used in addition
to the classical LCMV solution. Their combined solution
corresponded to a more focused localization of the source
of brain activity. Nevertheless, the index of sparsity did not
show large variations given that the available measurements
had a very high SNR. Therefore, a solution based on sparsity
information will be most useful for measurements with low
SNR.

While the example presented in this paper served as proof-
of-the-concept, clinical applications for the proposed methods
are around five-times the computational cost here reported,
which is feasible given today’s computer power. Nevertheless,
it is of great interest to develop optimized algorithms in order
to achieve even more sophisticated sensor array signal process-
ing. Hence, future work will propose new indexes based on
reduced-rank beamformers (see, e.g., [20] and [21]) in which
a reduced-rank subspace is defined such that the beamformer
is approximated by a few eigenvalues without significant
loss of performance in terms of the signal to interference-
plus-noise ratio (SINR). Typically, the interference-plus-noise
covariance matrix is assumed to be of full rank even when its
estimate is singular, and the majority of current methods deal
with this problem by using diagonal loading, which results
in suboptimal solutions. Hence, reduced-rank beamforming
corresponds to a generalization of the spatial filtering problem
under the low-rank condition.
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