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Estimating Brain Conductivities and Dipole Source
Signals With EEG Arrays
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Abstract—Techniques based on electroencephalography (EEG)
measure the electric potentials on the scalp and process them to
infer the location, distribution, and intensity of underlying neural
activity. Accuracy in estimating these parameters is highly sensi-
tive to uncertainty in the conductivities of the head tissues. Fur-
thermore, dissimilarities among individuals are ignored when stan-
darized values are used. In this paper, we apply the maximum-like-
lihood and maximum a posteriori (MAP) techniques to simultane-
ously estimate the layer conductivity ratios and source signal using
EEG data. We use the classical 4-sphere model to approximate the
head geometry, and assume a known dipole source position. The ac-
curacy of our estimates is evaluated by comparing their standard
deviations with the Cramér-Rao bound (CRB). The applicability
of these techniques is illustrated with numerical examples on sim-
ulated EEG data. Our results show that the estimates have low bias
and attain the CRB for sufficiently large number of experiments.
We also present numerical examples evaluating the sensitivity to
imprecise assumptions on the source position and skull thickness.
Finally, we propose extensions to the case of unknown source posi-
tion and present examples for real data.

Index Terms—Brain conductivities, Cramér-Rao bound, elec-

troencephalography, maximume-likelihood estimation, parameter
estimation, sensor array processing.

1. INTRODUCTION

HE PROBLEM of dipole source localization and signal

estimation is of great interest in neuroscience. It has appli-
cations in areas such as clinical sciences and brain research [1].
Techniques based on electroencephalography (EEG) measure
the electric potentials on the scalp and process them to infer the
location and signal of the underlying neural activity. Solution to
this inverse problem requires knowledge of the conductivities of
the different layers in the head. It has been shown that accuracy
of estimating the source parameters is highly sensitive to the
uncertainty in the conductivities of most of the head tissues [2].
These conductivities are typically obtained by direct measure-
ments of in vivo and in vitro samples of the tissues involved [3].
Then, dissimilarities in the conductivities among individuals
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are ignored. Other methods such as impedance tomography [4],
[5], and magnetic resonance using current density imaging [6]
allow individual estimation, but they require each patient to be
a subject of a study for estimating his/her tissues’ conductivities
before, and in addition to, the EEG measurements. Recently,
magnetic resonance diffusion-weighted imaging techniques
have been developed to estimate conductivities on an individual
basis [7]. Simultaneous magnetoencephalography (MEG) and
EEG analysis has been used to derive “equivalent” conduc-
tivity estimates that improve the estimation of dipole source
parameters [8].

In this paper (see, also, [9]), we develop statistical methods
that allow simultaneous estimation of the ratios of the layer con-
ductivities and source signal using EEG array data. In Section II,
we give a general description of the dipole source model. There,
we assume the classical concentric 4-sphere model to approxi-
mate the head geometry. This model is justified for sources near
the surface [10]. More realistic head models would require a
numerical solution, which is computationally more intensive,
using boundary element (BEM) [11] or finite element (FEM)
[12] methods based on individual head geometries. In our case,
we assume also that the geometry of the head’s layers and the
position of the source are known. The assumption of known
dipole position holds for certain evoked response and event-re-
lated experiments [13]. In these cases, the response is approx-
imately a predictable and repetitive equivalent current dipole
with known location.

In Section III, we propose two estimation methods. The first
one is based on the maximum-likelihood (ML) technique, which
is asymptotically efficient under general regularity conditions
[16]. In the second method, we obtain the maximum a posteriori
(MAP) estimate under the consideration of random conductivity
parameters with known a priori distribution. Section III also de-
fines the Cramér—Rao bounds (CRBs) for both ML and MAP
estimates. The CRB is useful as it provides a universal refer-
ence for evaluating the performance of unbiased estimates [17],
[18]. In Section IV, experiments with simulated and real data are
used to demonstrate the applicability of our methods to a prac-
tical EEG measurement system. Furthermore, we propose two
alternative procedures for cases when the assumption of known
position does not hold. In the first procedure, we obtain an es-
timate of the position using MEG techniques (see also [14] and
[15]). For the second, we use EEG only to estimate the position
and the conductivities iteratively. Section IV also presents nu-
merical examples evaluating the sensitivity of the estimates to
wrong specification of the source position or variations in the
skull’s thickness. This sensitivity analysis is useful to study the
robustness of the proposed estimation algorithms. In Section V,
we discuss the results, limitations, and further work.

0018-9294/04$20.00 © 2004 IEEE
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II. FORWARD MODEL

In this section, we discuss the forward problem of computing
the surface potential for a dipole source. The geometry of the
head and the location of the source are assumed to be known.

For the head model, we choose a multishell spherical
model which includes four concentric layers for the brain,
cerebrospinal fluid (CSF), skull, and scalp. These layers are
considered to be isotropic and to have homogeneous conduc-
tivities oy, . . ., 04, and radii py, . . ., p4, respectively. This type
of model is often used to simplify the calculations in modeling
electrical activity in the brain [19].

Consider a single dipole with a moment § = [, Gy, G-]7
located at a point p = [p,, py, p.]T in the brain. The sur-
face potential at the sth sensor located on the scalp at r; =
[Pizy Tiy, Tiz]", 4 =1,...,m, where m is the number of elec-
trodes, can be expressed as

vi = g; (0)q ()

where ¢ = /04, g,;(0) is the gain vector (or “field kernel”), and
0 = [0y, 02, 03] the parameter vector defined by the ratios of
the conductivities, f; = Uj/0j+1, 7 = 1,...,3, which corre-
sponds to the ratios going from the inner to the outer layer of
our head model.

Under the above conditions, we can express g, for our 4-layer
model as [20]

where P, (-) is the Legendre polynomial of order n; P1(-) is
the associated Legendre Polynomial; , = p/||p||, and £, =
(px1; Xxp)/|lp x T; X p|| are the radial and tangential unitary
vectors, respectively; ¢; denotes the angle between r; and p; the
weighting function w(#; p1, . . ., ps;n) is defined in [10].
Define the array response as a matrix A(6) of size mx 3
where the ith row corresponds to g. Then, we can express
the potential vector v = [vy,...,v,,]7 measured by the m
electrodes as v = A(#)q. This model can be extended to a
spatio-temporal representation by allowing ¢ to change in time.
Then, assuming the source remains at the same position during

the measurements period, we have

v(t) = A(0)q(?). 3)

III. THE PROPOSED METHODS

In this section, we derive the estimation methods for finding
the conductivity ratios 8 and dipole signal g(¢) using EEG mea-
surements. We first describe the corresponding methods for one
source and later extend them to multiple sources.

Let y(t) denote the m X 1 measurement vector obtained from
the EEG sensors at time ¢. Assume that the measurements are
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in discrete time, and are taken in the presence of zero mean
Gaussian noise e(t) uncorrelated in time and space and with
variance o2 independent of time. Then, the measurement model
is given by

..,N. )

where N is the number of time samples. Observe that it is pos-
sible to estimate only the conductivity ratios @ and signal g(¢).
Simultaneous estimation of [o1, o2, 03, 04]7 and §(¢) is not
possible since it would result in a nonidentifiable problem [21].
Thus, we will refer to @ and ¢(¢) as the conductivities and dipole
signal, respectively.

A. Deterministic Maximum-Likelihood (ML) Estimate

The problem of estimating @ and g(¢) from (4) can be seen
as that of estimating these deterministic parameters from a
Gaussian model. The ML estimate (MLE) of @ is given by

Oy = arg {mein f(o)} 5)

where f(0) is the concentrated likelihood function (CLF), de-
fined as

7(0) = tr { (I— A(AT A)=' A7) fz} ©®)

where A is used instead of A(#) for notational convenience,
tr{-} is the trace operator, and R is a consistent estimate of the
covariance matrix of the observation vector, defined as

R=53 yy)". (7)

The CLF is a commonly used simplification for the ML tech-
nique, as it has the main advantage of reducing the dimension
of the optimization problem. In our case, the log-likelihood
function of the measurements was concentrated with respect
to o and ¢(t) by substituting them with their corresponding
ML estimates. More details on the derivation of the CLF can
be found in [22].

The MLE of the dipole signal can then be obtained by a
simple least-squares fit, i.e.,

() = (A74) " ATy(), ®)

where A denotes the MLE of A (i.e., A = A()).

B. Deterministic Cramér-Rao Bound

The CRB provides a benchmark against which we can com-
pare the performance of any unbiased estimator. It has been
shown in [22] that, for our case, the CRB is given by

CRBp(f) = o2A~1 )
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where
N
A=Y Q"(t) D" [I— A(ATA)T AT D Q(t)  (10)
t=1

Q(t) = Is ® q(t), “®” denotes the Kronecker product, and

DA(B)
96,

b_ [aA(o)

A 8A(0)} |

11
90, (11)
In a realistic scenario, as the one discussed in Section IV-C, o2
is not available. For this case, an estimate can be computed as

52 = %tr { (1 - A(ATA)*AT) fz} . (12)

C. Bayesian Approach

Consider the case when an approximate description of the un-
known parameters is available. This description, obtained from
previous experience, defines an a priori probabilistic distribu-
tion. With this information, we can express 6 as a random pa-
rameter with a known a priori distribution h(#), and use the
Bayesian approach to estimate it [17]. Such an estimate is called
the maximum a-posteriori (MAP) estimate, which is obtained
by minimizing the following negative log-likelihood function:

J(0) = — [Inu(y|f) + ln h(9)] (13)

where the first term corresponds to the value of the distribution
of y for a fixed value of @, and the second describes the a priori
knowledge on the distribution of 6.

In our case, (13) can be seen as an extension of (6), where the
CLF of the MLE is augmented with a term corresponding to the
negative log-likelihood of the prior distribution. Then, we can
write the Bayesian likelihood as

J(@) = mNln f(8) — In h(0) (14)
and our MAP estimate (GAMAP) is given by
Oriap = arg {ngn J(a)} ) (15)

For the case of a multivariate Gaussian prior model dis-
tributed as @ ~ A/ (@, T), we can easily show that (14) can be
written as

J(6) = mN In £(8) + %(0 —OTT0-8).  (l6)

Note that the idea of introducing a priori information into the
estimation process can be also applied to other parameters, such

as p or p;.

D. Stochastic Cramér-Rao Bound

For the case of random @, the CRB must incorporate the sto-
chastic content of the Qrior distribution. If we consider that @ is
distributed as @ ~ N'(6, T), our stochastic CRB is given by

CRBs(0) = o> {o®Y™" + A}, (17)

with A as previously defined in (10). A derivation of (17) is
presented in [23].
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E. Multiple Sources
For k distinct dipoles, (4) holds with ¢ and A(6) sub-

stituted with ¢ = [qq, @y, ..., g7, and A(0) =
[41(8), A3(0), ..., Ap(8)], where
s
a0 = | (18)
g£l<0)

and g;; denotes the gain vector corresponding to the 7th sensor
and [th dipole, for I = 1,...,k. Under these conditions, the
MLE for @ and q can be calculated using (5) and (8), respec-
tively. The above substitutions also allow us to use (9) for com-
puting the deterministic CRB. For the MAP estimate, it can be
calculated by using these substitutions in (15), and the stochastic
CRB is computed by (17).

IV. NUMERICAL EXAMPLES

We conducted a series of simulations for EEG measurements
in the above 4-layer spherical head model in order to illustrate
the performance of our methods for practical systems. Later, in
Section IV-C, we apply the ML method to real MEG/EEG data
from two normal subjects.

For the simulated EEG measurements, the nominal radii of
the 4 layers corresponding to the brain, CSF, skull, and scalp,
were chosen to be [p1, p2, p3, pa] = [7.1, 7.2, 7.9, 8.5] ci.
To simulate our source, we chose a current dipole located at
p = [5.936, 1.5352, 3.4798]" cm. The components G, Gy,
and ¢, of the dipole change in time according to

G (t) = 30e~((t/50)=4)* _ 130 —((t/50)-6) [mA - cm]

(192)
Gy(t) =0 (19b)
G- (t) = 150e~((#/50=6)° _ 50=((/30)=0)" [y A . ¢,

(19¢)

In this set of equations, ¢ is continuous and with units of mil-
liseconds. We sampled these signals at a frequency of 200 Hz
thus obtaining N = 100 samples for our computer simulations.

For the conductivities, we used [o1, 02, 03, 04] =
[0.33, 1, 0.0042, 0.33] S/m, which sets the real value of
our parameter as fp = [0.33, 238.095, 0.012727]T. For the
measurements, we used a standard 10-10 EEG configuration
of m = 81 electrodes. All these values were selected from
previous studies in the area (see e.g., [23], [24]). The 10-10
arrangement allows consistent testing for EEG recordings as
it complies with the international electrode placement system
and is widely used in clinical applications [25].

A. Signal-to-Noise Ratio (SNR) Analysis

In order to evaluate the performance of our estimates under
different SNR values, we added uncorrelated (in time and
space) random noise, distributed as N(O, 02), where o took
values from 7.08 pV to 70.8 1V (which corresponds to 0.1 to
1 times the mean value of the 81 measurement channels’ RMS
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Fig.2. Left: Bias of the ML conductivity estimates as a function of the number of experiments. Right: Standard deviations of these estimates (full lines) compared

with the Cramér-Rao bound square roots (dashdotted lines).
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bound square roots (dashdotted lines).

voltages). Then, we defined the SNR in decibels as SNR =
20log(((1/m) S, s3)/0%), with s7 = (1/N) 3L, v3(1)
and v;(t) as defined in (3). Under these conditions, we calcu-
lated the ML and MAP estimates.

1) ML Estimates: Using the model (4), we generated our
numerical data. Then, through computer implementations of
(5)—(8), we calculated the deterministic ML estimates for the
conductivities and dipole signal. For the implementation of (2)
we used the efficient algorithm described in [24] as it provides
with a very accurate closed-form approximation of the infinite
sum involved.

We initialized the minimization process in (5) with the true
value @ in order to study the error produced by modeling fac-
tors and also to avoid the problem of local minimization. The

oLt L 1 1 1
70 80 90 100

50 60
SNR (dB)

Left: Bias of the ML conductivity estimates as a function of SNR. Right: Standard deviations of these estimates (full lines) compared with the Cramér-Rao

global minimization problem is beyond the scope of this article,
however, a global estimate can be obtained, for example, with
optimization methods based on genetic algorithms or multiple
starting points.

For the estimation process, we repeated the experiment 200
times with independent noise realizations. Then, we computed
the bias (relative error) of our estimates as b = |@m — 8|, where
8, is the mean estimate of the 200 experiments. The corre-
sponding bias curves (in percent) are shown in Fig. 1. For the
same set of experiments, we compared the standard deviations
of the estimates (denoted as gg;) with the deterministic CRB
square roots. The resulting curves are also shown in Fig. 1 (note
that in this and subsequent figures, full lines represent interpo-
lated curves, except when indicated). In a counterpart example,
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we fixed SNR to 53 dB and varied the number of independent
experiments used to compute 9,, and g, . The corresponding
results are shown in Fig. 2.

The results of the previous examples show that is possible to
obtain asymptotically consistent estimates, even for low SNR
values, with variances that approach the CRB for a sufficiently
large number of experiments.

2) Map Estimates: We consider the case of arandom param-
eter @ distributed as § ~ N(8, T). Using a procedure similar to
that in Section IV-A.I, we are now interested in calculating the
MAP estimates of the conductivities for different SNR values.
We study the bias and standard deviations of the estimates for
a mean parameter prior § = [0.3135, 226.19, 0.0121]7 (i.e.,
5% away from the true value), and a relatively small uncer-
tainty simulated by the following choice of independent param-
eter variances

(0.05)2 0 0
T = 0 502 0
0 0 (0.005)2

These values were selected to give our parameters a reliable a
priori distribution.

We calculated the corresponding MAP estimates according
to (15) and computed the bias of the mean estimate over the 200
experiments, and the corresponding standard deviations. The re-
sults are shown in the curves of Fig. 3. If we compare these re-
sults to those in Fig. 1, we note that an important improvement
in the estimates can be achieved with the knowledge of a reliable
prior. For the Bayesian approach, we were able to obtain esti-
mates with low bias even for low SNR values, reducing their
standard deviations (in comparison to those of the ML tech-
nique) and keeping them close to the stochastic CRB square
roots.

B. Sensitivity Analysis

The objective of the following numerical examples is to in-
vestigate the robustness of the MLE for different realistic con-
ditions, such as errors in the source position or variations in the
skull thickness.

Left: Bias of the MAP conductivity estimates as a function of SNR. Right: Standard deviations of these estimates (full lines) compared with the Cramér-Rao

1) Sensitivity to Source Position Error: We are interested in
the effect of a small deterministic error ¢ in the source posi-
tion on the MLE. Define 4 as the distance between the nom-
inal source position p and the misspecified position p, i.e., § =
|lp— P||- Then, our experiment consisted of computing the MLE
using p instead of p, allowing ¢ to take values between 0 and
5 mm, under the condition that ||p|| < p1. Furthermore, we ran-
domly chose the error § in various directions by using different
magnitudes, azimuth, or elevation angles for p.

For each value of §, we computed the MLE for 200 experi-
ments with independent noise realizations and an SNR value of
80 dB. We chose this relatively high SNR value as we wanted to
study the error introduced in the model due to § independently
of the noise contribution. Then, we studied the effect of § on the
bias and standard deviation of our estimates taking as reference
the value at 6 = 0 (no error), which corresponds to the case of
an SNR = 80 dB in Fig. 1 and can be used in the current anal-
ysis as the least biased value and the one closest to the CRB.

Preliminary results showed that the second component of the
conductivity estimate, -, is dramatically affected by small er-
rors in the source position, whereas the bias of other two esti-
mates increases only moderately. However, high increments in
bs are produced not only by the position error, but also by an
ill-posed condition during the estimation process. We tried to
counteract this effect by replacing #, with (e + 1/65)~%, for
a small value of ¢, in order to make the minimization process
more robust to large changes in 5. As result, both the bias and
the standard deviations of our parameters were reduced signifi-
cantly. These results are shown in Fig. 4 for ¢ = 0.01.

2) Sensitivity to Variations in the Skull Thickness: Here, we
wish to study the effect of variations in the skull thickness on the
MLE of the conductivities. The skull thickness, 75, is defined
by the difference between the radii of the skull and CSF, 7 =
p3 — p2. An error in 7o is introduced by multiplying its nominal
value by a factor A, leaving the thicknesses of the other two
layers, 71 = pa — p1 and 73 = p4 — ps, unchanged. Therefore,
A is defined as the proportion in which the true value of skull
thickness is increased or decreased. For our experiments, we
introduce different errors by multiplying 7 with values of At
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Fig. 4. Bias (left) and standard deviations (right) of the conductivity estimates as a function of source position error 6. The value of the SNR is 80 dB and the

number of experiments is 200.
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Fig. 5.

in the range of 0.2 to 2 (i.e., using one fifth to twice the true
value of 73).

For each value of AT we computed the MLE for 200 experi-
ments with independent noise realizations and an SNR value of
80 dB. Next, we studied the effect of A7 on the bias and stan-
dard deviation of our estimates using as reference the value at
A7 = 1, which corresponds to the nominal case and the point
with smallest bias and closer to the CRB. The results shown
in Fig. 5 indicate that our estimates can be sensitive to small
changes in the skull thickness.

The way in which the estimates are affected differs in each
case: Increments in the thickness of the skull (A7 > 1) seem to
reduce the bias in the estimate of #, while keeping the same stan-
dard deviation. However, increasing the thickness of the skull
obviously weakens the signals coming from the brain, making it
more difficult to estimate ¢; and €3. By decreasing the thickness
of the skull (A7 < 1), we introduce errors in the head model,
due to the change in the value of the different layers, increasing
the bias of all estimates, even for small values of AT.

At

Bias (left) and standard deviations (right, non interpolated) of the conductivity estimates as a function of A7.

C. Real Data

In the following experiments, we compute the MLE of the
conductivities and dipole source signals using real EEG and
MEG data from two normal subjects. The data was recorded
at the MEG center of Amsterdam, The Netherlands, using the
Omega MEG/EEG system (CTF Systems Inc.), with 151 MEG
channels and 64 EEG channels acquiring simultaneously the re-
sponse to electrical stimulation of the median nerve. The fre-
quency of the stimulus was set at 2 Hz and its duration at 0.2 ms.
The intensity of the stimulation depended on the subject’s sen-
sitiveness.

The stimulation was repeated to obtain 700 independent trials
from each subject. The data was recorded at a rate of 1250 Hz
with the electrodes positioned according to the extended 10-20
system. After acquisition, the data was band-pass filtered in the
range [5,300] Hz. For the head, we used the 4-layer spherical
model as in the previous experiments, but now the outer radius
p4 was chosen to fit the scalp of each subject as close as possible.
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Then, the radii of all layers were computed as [p1, p2, p3, pa] =
[0.84, 0.8667, 0.9467, 1] - p4.

Next, we present two alternative procedures to obtain the esti-
mates. In the first one, the source location is estimated using the
MEG data and then the ML method is applied on the EEG data
to compute the conductivities and source signals. In the second
procedure, we present an iterative approach where only EEG
data is used to compute the source location, the conductivities,
and the source signals.

1) MEG/EEG Data: In these experiments, we used the
MEG data to compute the estimate of the source position and
then, using this estimate, calculate the MLE of the conductivi-
ties and dipole source signal from the EEG data.

For the estimation of the source, we used the ensemble av-
erage of the MEG data over the 700 trials and calculated the
maximum variance (MV) estimate using the following expres-
sion [26]

~ -1
p= mi;ix tr{[HT(p)C_IH(p)] } (20)
where H (p) and C are the array response matrix and sample
covariance matrix, respectively, for the MEG case. A full de-
scription on how to compute H(p) can be found in [27]. An
advantage of using MEG data is that H (p) is independent of the
conductivities.

Equation (20) is equivalent to maximizing the variance or
strength as a function of location within the volume of the brain,
as regions of large variance presumably have substantial neural
activity. In our case, the MV technique allows us to compute a
source position estimate, independently of the ML technique,
from averaged MEG data.

Once we have comg\uted P, we use this estimate in our ML
algorithm to compute @ and ¢ from the EEG data. Tables I and
IT summarize our results when using real data from a 25 years
old female and a 40 years old male, respectively. In those tables,
we show the values for 6, the corresponding standard deviations
compared to the CRB square roots, and . Since o2 in this case is
not known, we computed the CRB using (9) by substituting o2
with the estimate defined in (12) and Q(¢) with Q(t) = I3®q(t).
The estimates of the dipole source signals are shown in Fig. 6.

Our results agree with those conductivity values reported in
earlier studies using other methods [28], and support the belief
that the ratio 63 is greater than the nominal value of 1/80 usu-
ally considered for the solution of the inverse problem. Further-
more, we note that the standard deviations of the conductivity
estimates were close to the CRB square roots.

If we consider the results in [29], where the conductivity of
the CSF was found to be o9 = 1.79 S/m, we can compute
the values of the remaining conductivities from our estimates.
These results are shown in Table III.

2) Iterative Procedure Using EEG Only: Here we present an
iterative procedure for the case when only EEG data is available.
At each iteration, both the values of the source position and con-
ductivities are updated. We assume that an approximate value
of the source position is available (e.g., obtained from the topo-
graphic field map or from a priori information). In the first iter-
ation, we use this approximate position and the nominal values
of the conductivities to compute a better approximation for p.
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Fig. 6. Cartesian components of the estimated dipole source signals g(t) for
each subject. These estimates were computed using (8) and the values of €
described in Tables I and II for the MEG/EEG procedure.

This new approximation is obtained from (20) but with H (p)
and C replaced by A(p, #) and R, respectively. Note that for the
estimation of the source position, we use the ensemble average
of the EEG data over all the trials.

Once we have a better approximation of the source position,
we proceed to estimate the conductivities with the ML technique
using not all but a fraction of the total number of trials. In our
case, we decided to use 100 different trials at each iteration to
allow 7 iterations. With the resulting value of @, we recalculate
p with the procedure explained before. We keep updating € and
p until convergence is achieved.

We applied this procedure to the EEG data of both subjects.
The results at the last iteration are shown also in Tables I and II,
and the corresponding conductivity values for oo = 1.79 S/m
are shown in Table III. We note that the algorithm achieved
stable values for both the source position and conductivities at
the fourth iteration, and the final values of these estimates are
close to those obtained with the procedure described in Sec-
tion IV-C.I, even when the initial position was about 3 cm away



2120

IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 51, NO. 12, DECEMBER 2004

TABLE I
RESULTS OBTAINED USING REAL DATA FROM A 25 YEARS OLD FEMALE SUBJECT. THIS TABLE SHOWS THE ESTIMATED RATIOS OF THE CONDUCTIVITIES, THEIR
INDIVIDUAL STANDARD DEVIATIONS (SDS) AND CRB SQUARE ROOT IN PARENTHESIS, AND THE SOURCE LOCATION ESTIMATE, FOR BOTH
THE MEG/EEG PROCEDURE AND THE ITERATIVE APPROACH USING ONLY EEG.

é [0.1641, 159.5795, 0.0208]T

MEG/EEG (SD | VCRB) (0.044710.0391)  (38.32 | 18.89)  (0.0068 | 0.0051)
P [0.224, —4.182, 8.673]T cm
[ [0.1702, 159.6420, 0.0166]7

EEG Only (SD | VCRB) (0.0145 | 0.0042)  (27.78 | 20.38)  (0.0099 | 0.0045)
P [0.187, —3.456, 8.164]7 cm

TABLE 1I
RESULTS OBTAINED USING REAL DATA FROM A 40 YEARS OLD MALE SUBJECT.

6 [0.1801, 139.0343, 0.0163]T
MEG/EEG (SD | VCRB) (0.007 | 0.0017)  (10.18 | 8.05)  (0.0025 | 0.0006)
il [-0.441, —3.479, 8.963]T cm
6 [0.1795, 139.266, 0.0156]T
EEG Only (SD | VCRB) (0.0068 | 0.0039) (11.05 | 1.8232)  (0.0019 | 0.0005)
P [-0.5906, —3.127, 8.996]T cm
TABLE III

ESTIMATED VALUES OF THE CONDUCTIVITIES FOR 02 = 1.79 S/m.

Subject A Subject B

o1 0.2937 S/m 0.3223 S/m

MEG/EEG b3 0.0112 S/m 0.0128 S/m
o 0.5393 S/m 0.7898 S/m

o1 0.3046 S/m 0.3213 S/m

EEG Only 63 0.0112 S/m 0.0128 S/m
G4 0.6755 S/m 0.8239 S/m

the final estimated position. This shows that the algorithm con-
verges even for relatively large source position error.

V. CONCLUSION

We have applied the ML method and Bayesian approach to
estimate the conductivities of the different layers in the brain
using EEG array measurements. We assumed a spherical head
model and known dipole position. The last assumption may hold
in practice for evoked response and event-related experiments.

Our simulations show that is possible to obtain asymptotically
consistent estimates, even for low SNR values, with variances
that approach the CRB for a sufficiently large number of in-
dependent experiments. This assumption is valid as multiple
experiments are feasible in practice. However, our method
requires knowledge of the source position and geometry of
the head, in order to avoid bias in the estimation process. One
alternative to improve the estimation process is the Bayesian
approach which allows using prior information on the distri-
bution of the conductivity parameters.

Furthermore, we have shown how to extend our methods to
the case of unknown positions by applying first MEG tech-
niques, or by an iterative algorithm using EEG only. In the first

case, MEG is used independently to obtain an estimate of the
source location. With this estimate, we proceeded to apply the
ML technique using EEG data. However, when MEG data is
not available, we proposed a second procedure where the source
position and the conductivities were estimated and updated
at multiple iterations using EEG only. Experiments with real
MEG/EEG data were presented to show the applicability of
both procedures. The results seem to be consistent with those
reported in earlier studies.

Therefore, our methods have the potential of improving the
accuracy of dipole estimates in practical cases, since the con-
ductivities are usually unknown and vary among individuals. In
addition, these methods have an easy implementation and allow
a simultaneous estimation of the dipole signal, reducing the time
required between experiments. Further research in this area will
include more extensive application to real EEG data and real-
istic head modeling using numerical solutions such as BEM or
FEM, as well as an analytical evaluation of the sensitivity.
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