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Distinguishing Between Moving and Stationary
Sources Using EEG/MEG Measurements
With an Application to Epilepsy
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Abstract—Performances of electroencephalography (EEG) and
magnetoencephalography (MEG) source estimation methods
depend on the validity of the assumed model. In many cases, the
model structure is related to physical information. We discuss a
number of statistical selection methods to distinguish between two
possible models using least-squares estimation and assuming a
spherical head model. The first model has a single moving source
whereas the second has two stationary sources; these may result
in similar EEG/MEG measurements. The need to decide between
such models occurs for example in Jacksonian seizures (e.g.,
epilepsy) or in intralobular activities, where a model with either
two stationary dipole sources or a single moving dipole source
may be possible. We also show that all of the selection methods
discussed choose the correct model with probability one when the
number of trials goes to infinity. Finally we present numerical ex-
amples and compare the performances of the methods by varying
parameters such as the signal-to-noise ratio, source depth, and
separation of sources, and also apply the methods to real MEG
data for epilepsy.

Index Terms—Electroencephalography, epilepsy, magnetoen-
cephalography, model selection.

I. INTRODUCTION

OCATING electrical sources in the brain has broad appli-

cations, ranging from clinical (for instance finding the lo-
cation of the abnormality before a surgery in epilepsy) to neu-
roscientific (such as locating the parts of the brain that control
certain physical activities).

In neuroscience, typically a stimulus is applied and
EEG/MEG measurements are recorded during the course
of activation. In clinical applications, measurements of spon-
taneous activities are made. Then, this data is used to infer
some properties of the source. For some applications a model
with a single dipole source is shown to be sufficiently good [1],
whereas for others models with multiple sources [2], moving
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sources [3], or distributed sources [4] are needed. Often a model
is selected using past experience or the physics of the problem
and the data is analyzed based on the assumed model. However,
choosing a model using the measured data is the most direct
and effective approach. In this case, past experience or physics
of the problem is used only to decide on the possible models to
select from.

There has been an extensive research on selecting the number
of stationary dipole sources [5]-[8]. Selecting the number of
sources is a nested model selection problem, i.e., the candidate
models can be hierarchically classified from complex to simple,
with each one being a special case of its preceder. However, in
certain problems there is a need to distinguish between sources
of different types, making the problem nonnested. Some model
selection methods that are suitable for nested problems cannot
be applied in this case. For instance for a nested problem we can
construct a hypothesis test to find out whether an extra parameter
added has the value zero.

In this paper, we focus on distinguishing between two
nonnested models, one with two stationary sources and an
alternative with a single moving source. These two models
may result in EEG/MEG measurements that are difficult to dis-
tinguish in certain cases (e.g., the magnetic fields and electric
potentials induced by two dipoles when the strength of one of
the dipoles is increasing while the other is decreasing may be
similar to those of a single moving dipole.) For example, in
Jacksonian seizures [9], there is a wave of epileptiform activity
that marches along the cortex of the post-central gyrus. In
contrast, when an epileptic spike is seen first over one temporal
lobe and then 10-20 milliseconds later over the other temporal
lobe, it is likely that this reflects transcallosal propagation of
activity between the hemispheres, and not a spread of activation
in the aforementioned sense. Also, in the case of intralobular
activities both marching dipole and propagation models may
be valid. For instance, the M100 response elicited by auditory
stimuli appears to have early and late components. Some have
modeled this as being generated by two discrete sources with
temporally delayed activation profiles [10], while others have
suggested that activity reflects a wave of cortical excitation
spreading across the temporal lobe [11]. We present a number
of statistical methods to decide on one of the models mentioned,
analyze their limiting behavior, and test them using numerical
examples. We employ a spherical head model to simplify
the solution, however the same model selection methods can
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be applied to a realistic head model [12] for improving the
performance at the price of increased computations.

In Section II, we present the two possible data models. We
give a brief overview of the parameter estimation for these
models in Section III. Section IV is devoted to a number of
model selection methods with comments on their advantages
and disadvantages. In Section V, we show that all the methods
that we use in this paper select the correct model with prob-
ability one when number of trials goes to infinity and one of
the candidate models is actually correct. We present numerical
examples in Section VI to compare the methods and evaluate
their performances for different values of signal-to-noise ratio
(SNR), source depths, and separation of the sources, and apply
the methods to real MEG data for epilepsy in Section VII.
A conclusion and a summary of possible directions of future
research are given in Section VIII.

II. MEASUREMENT AND SOURCE MODELS

Consider a system of mg MEG sensors and mg EEG sensors
to measure the magnetic fields and electric potentials induced by
[ current dipoles inside the brain responding to a stimulus. The
measurements at the m = mp + mg sensors can be modeled as

y=A(0)s+n, (2.1)

where 6 is the vector of dipole location parameters, n is an m x 1
vector representing additive noise (assumed to be zero-mean
normally distributed, independent of the source, and uncorre-
lated in space and time with a variance 0?), s is the 31 x 1 vector
of dipole moments, and A(@) the m X 3l array response ma-
trix. This matrix has the form A() = [AL(0), AL(0)]T, where
Apg(0) represents the MEG and Ag(#) the EEG response.

The matrix A(#) can be computed using the quasistatic ap-
proximation of the Maxwell’s equations [13], [14]. Note that
for the spherical head model, the third column of Ag(#) is zero
since the radial components of the dipoles inside the head do
not produce magnetic fields outside the head.

It is convenient to use spherical coordinates for the dipole
moments since we utilize a spherical head model. In this case,
the moment of a single dipole s can be expressed as

$ = 5,Uy + SpUp + SpU, (2.2)

where

u, = [cos v cos g, cosvsin o, —sinv]T

u, = [—sin g, cos p, 0]"

u, =p/p
are orthonormal vectors, p is the position vector of the dipole
relative to the center of the sphere, p its magnitude (distance
from the center), v the elevation angle of the dipole position,
and ¢ the azimuth. The position of a single dipole is fully given
by the three parameters, v, ¢, and p. The above model can be
extended to multiple trials (useful to reduce the effect of noise)
and to multiple temporal samples for tracking moving sources.

We define the spatio-temporal data with K trials, and NV time
samples

Y1) = AB(D)s(t) +ni(t),

This model can be used for either a single moving source or two
stationary sources with appropriate choices of 6(¢)’s and s(t)’s.
For two stationary dipoles we have

9 — [alT,a;f}T

= [’/17@17P177/27<P27P2]T
A(0) = [A(0:1), A(82)],

s(t) = [s¥ (0).53 ()]
where the subscripts 1 and 2 correspond to each of the two
dipoles. Observe that we have omitted the dependence of # on
t, since the locations of the dipoles, #; and 65, are assumed to
be fixed, whereas their strengths and directions are allowed to
change in time. For a single moving source the dipole location
varies in time

8(t) = [v(1), (1), p(t)] " 2.4)
In this case it is possible to estimate the dipole location at each
time sample independently. This would provide maximum
freedom for the dipole location variations in time. However, the
resulting number of unknown parameters and hence computa-
tional cost of the estimation would be quite high. To decrease
the number of estimated parameters we employ basis functions
to form the path of the moving dipole [3]

0(t) = X¢(t) 2.5)

where ¢(t) is a d x 1 vector whose entries are known temporal
basis functions and X a matrix of unknown coefficients of di-
mension 3 X d. In this case, we have to estimate only 3d pa-
rameters which are the coefficients of the basis functions (en-
tries of X). Unlike #(t), the dimension 3d of X is fixed and
not increasing with time. Note that the number of basis func-
tions should be chosen as a trade off between accuracy and com-
putational complexity. Avoiding basis functions and estimating
point by point is less accurate compared with using good basis
functions based on prior info. Incorrect or insufficient number
of basis functions would not represent the data well, and the
resulting estimates would be biased. However, considering the
limited spatial resolution of EEG/MEG, it is not possible to
estimate very detailed paths (even if they exist); hence, it is
sufficient to use a few basis functions even though the exact
path cannot be represented using these, and the resulting bias
is negligible.

III. PARAMETER ESTIMATION

We briefly overview the ordinary least-squares method (OLS)
we use to estimate the unknown location parameters 6(¢) and
dipole moments s(t), see also [15]. OLS estimate of 6 is

N
-~ . _ T _
= —_ Pq .

0 = argmin ; y(t) P (0)y(1) (3.6)
where g(t) = 1/KY, ,y.(t), and P,(0) =
A0)[A(0)TA0)]"1A(G)T. Here, the subscript “s”
stands for stationary sources. We then estimate s(¢) using

3(t) = [AB)TAB)] 7" A(B) y(1) 3.7

assuming sufficient number of sensors so that A(8)TA(8) is
nonsingular.
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For a single moving source, the OLS estimate of X is

]\T
X =arg min > —g(t) " Pu(X)y(t) (3.8)
where
Po(X) = A(X¢(t)[AXo(1)TAXp(1)] T AXp(1)T

[3el)

and subscript “m
estimate s(¢) using
3(1) = [A(X (1) TA(Xp(1)] FAXp(1)Tg(1).  (3.9)

It is possible to generalize the estimation to the generalized
least-squares method (GLS) [15] for correlated noise with
known covariance ¥ = s2W, where s reduces to the estimate
of the noise variance for the uncorrelated case. A whitening
filter W—1/2 (obtained from the Cholesky decomposition
[17]) can be used to pre-whiten the data. In this case, y(t)
will be replaced by W~='/2y(t), and A(8)s(t) will be re-
placed by W—1/2A(8)s(t), resulting in the unexplained data
W12y (t)—W—1/2 A() to be used instead of y(t)— A(6)s(t).
It is also possible to extend to unknown covariance as in [16],
[18], [19].

It can be seen that the cost functions (3.6) and (3.8) are
equivalent to the negative likelihood function for a normally
distributed and uncorrelated noise. Hence, OLS and maximum
likelihood (ML) estimation are equivalent in this case. There
exist alternative methods to calculate these estimates such as
MUSIC [15], [20] however we will not pursue them here since
our primary concern is the model selection.

stands for moving source. We then

IV. MODEL SELECTION

We describe the model selection methods we use to distin-
guish between the moving dipole and two stationary dipole
sources. For each method we first explain the criterion used and
then discuss its advantages and disadvantages. We calculate the
value of the criterion under both models and select the one with
larger or smaller value depending on the method.

A. Residual Variance

This method simply measures the error between the real data
and its estimate. We define residual variance as follows [21]:

r2(V)
_ Tl l(t) — AG@)3(0]"V " [y(t) — AB(1)A(1)]
S y(H) TV y(t)

(4.10)

where V' is a positive definite matrix, which we choose to be
the identity matrix in this paper (another V' could be used to
assign different penalties to the errors at different sensors.) The
correct model and a perfect fit of the parameters together would
give a residual variance equal to zero. We calculate the residual
variance for the two alternative models and choose the one that
makes the residual variance closer to zero.

The residual variance is doubly noncentral F-distributed,
since the denominator is noncentral x? distributed. The number
of degrees of freedom (DOFs) depends on the value of V. The
residual variance may seem intuitively appealing, but it has a
number of drawbacks. First, it has a low value for large noise
variance even if the model is correct, although averaging the

data may mitigate this effect. Secondly, it cannot use any prior
information we may have regarding the noise. Also, for large
data power it gets closer to zero, indicating a better fit. It has a
low value when the performance of the parameter estimation
is poor even if the model is correct. These factors often give
misleading results when the residual variance method is used
for the model selection. However, we have included it for
comparison purposes and its common use in the literature.

B. Smirnov Test

In this method [22], the selection is based on finding the
model that makes the distribution of the “unexplained data”
closer to the normal distribution. The unexplained data can be
written as a spatio-temporal matrix

Ex = Yi — [AB(1)3(1) ... AB(N))3(N)]

where

.11

Vi = (1) - 9 (V).

For the correct model E, consists of the noise and the estima-
tion error, whereas for an incorrect model we also have a mod-
eling error. We calculate Ej, under both models, and choose the
one that is closer to a normal distribution. The Smirnov test is
used at this point by providing a criterion to test the normality
of the unexplained data, i.e., the elements of Fj. The criterion
suggested by Smirnov is
K N m
€s = Z Z Z[S<eik(t)) — Flea () few(t)) (4.13)

k=1 t=1 i=1

(4.12)

where ¢, (t) is a single sample of the unexplained data, i.e., an
element of Ej, S(e;x(t)) is the empirical cumulative distribu-
tion function (CDF) of the noise constructed using these sam-
ples, F(e;x(t)) the true CDF, and f(e;r(t)) the true probability
density function, i.e., the normal probability density function.
We calculate S(e;(t)) by counting the number of noise samples
belonging to a certain interval, and calculate F'(e;x(t)) consid-
ering the normal distribution in this interval. This process, en-
abling us to handle continuous distributions, is called binning,
hence the Smirnov test is said to be a member of the binned tests.

The measurements at all the sensors and time instants, i.e.,
all the elements of Ey, Fs, ..., Fx can be used separately as
the samples to construct S(e;x(t)) and calculate eg, since we
assume uncorrelated sensor noise in space and time.

This criterion simply measures weighted squared difference
between the assumed true CDF and the sample CDF of the noise
obtained using the measurements. It is zero for the correct model
and large sample size, and large for an incorrect model. We cal-
culate eg under the two alternative models and choose the one
with smaller eg.

The Smirnov test drastically suffers from small number of
samples, which occurs when we have small numbers of trials,
or time samples and sensors.

C. Chi-Square Method

In this method [23], we compare the unexplained data with
the pure noise. If the energy of the unexplained data is much
larger than the noise variance, we can argue that the model is not
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correct. We use the data from each trial separately to construct
the test statistic since the trials are independent
N T T T T4\ T
_lei(t),...,ex(t)]| |le;(t),...,ex(t
PR oA 4 C { GRS 201 I NSNS 1) P

o2

where e; (t) is the unexplained data vector of dimension m x 1
obtained from the sth trial. This test is also related to measuring
the normality of the unexplained data. When the model is cor-
rect the unexplained data coincides with the pure noise only and
hence the statistic given by (4.14) is x? distributed. When the
model is not correct, the unexplained data is not normally dis-
tributed, making the statistic distributed differently from x?2.
Assuming the noise is white and normal with known vari-
ance, this statistic is x? distributed with K Nm —q DOFs, where
q is the number of parameters to be estimated, since we are
adding K Nm independent normally distributed random vari-
ables squared with ¢ parameters estimated. The independence
of the terms can be seen by recalling that, (i) the trials are inde-
pendent, (ii) the unknown location parameters are assumed to be
deterministic, (iii) the time samples are independent since ey (¢;)
and ey (t;) are normally distributed and E{ex(t;)e} (t;)} =
E{er(t;)}E{e} (t;)} for all 4,5. The term E{e(t;)ed (t;)} is
not equal to 8,7, since eg(t;) is the unexplained data (not pure
noise), and it will have components other than noise for a wrong
model. We compute this statistic for both models and select the
one that is less significant, since the model with less significance
is more successful in explaining the total error by the noise error.
The y? test has the advantage of incorporating noise informa-
tion, i.e., the variance, however it must be known a priori.

D. Lack of Fit

This method [24] is a modification of the x? test for the
case of unknown noise variance. We replace o2 by its unbi-

ased estimator (62 = Yr_ SN (y,(t) — 9(1)T (y,(t) —
y(t)))/(mKN(K — 1))). The lack of fit (LOF) statistic is then

Lop — 2t [1(®), - ek (®)] [e] (), .

(4.15)

We noted previously that
Y lel (), ek M)ef (1), ... ek @] /o is ¥
distributed with KNm — ¢ DOFs. Similarly, 62 is x2
distributed since it is the sum of normal distributed random
variables squared. To be exact, mNK (K — 1)62/0? is x*
distributed with mNK(K — 1) DOFs. So the statistic
in (4.15) is the ratio between two x2 random variables
divided by their DOFs. Hence, it is F' distributed with
KNm — qand mNK(K — 1) DOFs.

For the correct model and true parameter values, the unex-
plained data becomes normally distributed and therefore the
statistic in (4.15) is F distributed. If the model is not correct,
this statistic is not F distributed. Similarly to the X2 test, we
compute the statistics for both models and select the model that
is less significant.

The LOF test incorporates the effect of noise and furthermore
it has the advantage that it does not require prior knowledge of
the noise statistics.

E. Akaike’s Information Criterion

Akaike’s information criterion (AIC) [25] measures the
goodness of a model using the log-likelihood function. AIC
also has a penalty term for the number of parameters, therefore
it favors simpler models and is defined as

AIC = —2log(pe(y)) + 29

where pg(y) is the data likelihood function, and ¢ is the number
of parameters to be estimated. Substituting the normal pdf for
the likelihood function

AIC = log((2m)™ VK 5?)

N T
L e (). k(@] [eF (1) (1)
)
We calculate the AIC values under the two alternative models,
and select the smaller one. We can generalize AIC to the un-
known noise variance case by substituting o2 by its unbiased
estimate &2.

(4.16)

+2¢. (4.17)

V. LIMITING ANALYSIS

We show that all the above model selection methods select the
correct model with probability one when the number of trials K
goes to infinity and one of the candidate models is correct. First
we introduce some notation to simplify the presentation.

o Ag(t) is the true A(6(t)) which is unknown but assumed

to be equal to one of the possibilities considered.

o 50(t) is the true dipole moment vector s(t).

« A(t) is the estimated A(0(t)) after a model is selected.

* 3(t) is the estimated dipole moment vector after a model

is selected.

Observe that ey (t) plays a crucial role in all the model selec-
tion methods, since it is the unexplained data. With the above
notation

ex(t) = wi(t) — AD)s(t) = Ao(t)so(t) — A(D)3(1) + i (t)
. K (5.18)

’

since y;,(t) = Ao(t)so(t) + ni(t). Note that the OLS estimates
are consistent, i.e., converge to the true parameter values when
K — oo. This can be seen by writing the OLS cost function as

> {yf(t)yk(t) — (A(0)8(6)) Tyi(t) — yi (D(A)3(2))

t=1 k=1
+ADSE) (AB3®).} (519
Substituting y;,(t) = Ao(t)so(t) + ni(t), we have

{(Ao(t)SO(t) — A(1)3(1)) " (Ao(t)so(t) — A(t)3(1))

+ (Ao(t)so(t) — A(£)3(1)) " + mif (Ao(t)so (1)

—A(4)3(1)) + nl (H)na(t), } (5.20)
and letting K — oo we obtain
N K R
NKo® + lim DD {(Ao(t)so(t) — A(t)s(1)T
t=1 k=1
x (Ao(t)so(t) — A(1)3(1)}. (5.21)



YETIK et al.: DISTINGUISHING BETWEEN MOVING AND STATIONARY SOURCES USING EEG/MEG MEASUREMENTS 475

The OLS cost function is minimized for the true parameter
values and correct model. This can be seen by realizing that
the summation term is always nonnegative and zero only for
the true parameter values, and also considering that one of the
candidate models is correct which makes it possible to obtain
an A(t) which is exactly equal to Ag(t). In this case, the OLS
cost is simply N Ka2. As for s(t), its estimate is then equal to
the true value of s(t):

8(1) = [Ao(t)T Ao ()]~ Ao (1) T 9(2)
[Ao(t) Ao(1)] ™ Ao (t) T Ao(t)s0(t)
s(t)
since y(t) = Ao(t)so(t) for K — oo.
In the following, we analyze each of the model selection
methods and show that all of them choose the correct model

with probability one for K — oo, when one of the candidate
models is actually correct.

A. Residual Variance
We have

1« K 1
yi(t) = X E yi(t) = ?Ao(t)so(t)+? E ni(t). (5.22)
k=1 k=1

For large values of K, that last term vanishes since the noise is
zero mean, therefore

Kh_I)IlOO 7. = 4o (t)SO(t). (5.23)

With the above limit of #,(t) the residual variance be-
comes zero if and only if the model is correct assuming that
|sT(t) AL (t)Ao(t)so(t)| is bounded. The correct model makes
the term () — A(B(t))3(t) zero, and an incorrect model which
makes A(0(t))3(t) different from Ag(t)so(t) for arbitrary
dipole locations and moments results in a residual variance
larger than zero. Therefore, the residual variance becomes zero
if and only if the model is correct, guaranteeing the selection
of the correct model.

B. Smirnov Test

For the correct model, E}, in (4.11) becomes zero-mean
normal since the OLS method gives the true parameter values
for K — oo. Also, we have infinitely many samples of the
normal distribution when K — oo. Hence S(e) becomes equal
to F(e), and eg becomes zero for the correct model, when
K — oo. For an incorrect model, when A(t)$(t) fails to be
equal to Ag(¢)so(t) for arbitrary dipole locations and moments,
FEj; will not be zero mean, which will result in a positive eg.
Therefore, the Smirnov test chooses the correct model with
probability one when K — oo.

C. Chi-Square and Lack of Fit

Consider YN [eX(t),....eL()][eX(t),...,eE®)]T, a
common factor in the test statistics of the y? test and LOF.
We can see that this is equal to the OLS cost function, hence
the arguments made at the beginning of this section are valid.
When the DOFs are the same, the correct model will always be
less significant and hence both methods will select the correct
model. For both the F and x? distributions, there is a factor K

in the DOFs as a multiplying term. Hence for any model with
arbitrary number of parameters to be estimated we will have
the same DOFs when K — oo. Therefore, both methods select
the correct model with probability one when K — oo.

D. Akaike’s Information Criterion

When K — oo, the first and second term of (4.17)
dominate and the penalty term vanishes. The first term
is independent of the model, hence we are left with
SN eE®),. .. eE D)X (t),. .., eL(t)]T, and the pre-
vious arguments regarding this term are valid, i.e., this term
will be minimum if and only if the model is correct. Therefore
AIC chooses the correct model with probability one when
K — oo.

VI. NUMERICAL EXAMPLES

We test the methods using computer simulations and analyze
their performance by varying a number of factors. In our sim-
ulations, the parameter estimation and model selection are per-
formed based on 40 trials for the evoked responses and we have
repeated these experiments 50 times to be able to compare the
performances of the methods using the percentage of correct
decisions. We have used mg = 37 MEG and mg = 37 EEG
sensors which are positioned in rings of 1, 6, 12, 18 sensors each
separated by 12 degrees. These positions are chosen to approx-
imate a realistic system following [26], [27]. The MEG sensors
are radially oriented at 11 cm’s and EEG sensors at 9 cm’s from
the center of the head with a radius of 9 cm’s. For EEG we have
used a three-layer (scalp, brain, and skull) head model, with con-
ductivity values 0.33, 0.33, and 0.0042 (Qm)~!; and radii 8.8,
8.1, and 8.5 cm’s respectively [28]. We have calculated the SNR
using the average power of the signals at all sensors

K
1 Tr[YY/]/m
SNR = — E —_—
K — o2

(6.24)

where “Tr” represents the trace operation.

We have used dipoles tangential to the sphere since the radial
components are silent for MEG. We have created two dipole
locations in depths of 1 to 4 cm’s with steps of 0.5 cm’s. The two
dipole locations are assumed to be in the same depth at angles
@ = 20,180 deg., ¢ = 30,170 deg., ¢ = 40,160 deg., ¢ =
50,150 deg., ¢ = 60, 140 deg., ¢ = 70,130 deg., ¢ = 80,120
deg., ¢ = 90,110 deg. and a fixed » = 30 degrees. For the
strength of a single moving dipole, we have assumed a half-sine
variation at a frequency of 20 Hz. For the strengths of the two
stationary dipoles we have used a half-sine for one of them and a
half-cosine time variation for the other one, so that the strength
of one dipole is increasing while the other one is decreasing.

For the model with a single moving dipole, the source is as-
sumed to travel linearly between the two locations with a speed
of 0.4 cm/ms. We have used 100 time samples for both models.
These values are chosen to mimic a real case, and the sensor
signals under the two models look close to each other. For the
model described above we have estimated the locations of the
stationary dipoles, the path of the moving dipole, and the dipole
moments using the OLS method as described in Section III.
For the moving dipole model, three basis functions are used:
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(a)—(1) Comparisons of the percentages of correct decision for all of the methods. The symbol *“.” is used for residual variance, “o” for the Smirnov test,

“x” for x2, “A” for LOF, and “+” for AIC. (a) Shows the results when the correct model is with two stationary dipoles and (b) with a single moving dipole, both
as a function of source angle separation; (c) and (d) give similar plots but as a function of depth this time, all for SNR = 8. (e)—(h) Same as (a)—(d) except for
SNR = 16. (i)—(1) Same as (a)—(d) except for SNR = 24. (m), (n) Comparisons of the percentages of correct decision for all the methods as a function of SNR.
(m) Shows the results when the correct model is two stationary dipoles and (n) the correct model is a moving dipole.

¢1(t) = 1,¢2(t) = t,¢3(t) = t2. The same basis func-
tions are used for all three components, ¢, v, and p so that
d(t) = [p1(t), da(t), p3(t)]T, and X is a 3 x 3 matrix of un-
known coefficients.

Fig. 1(a) and (b) shows the results when the model with
stationary dipoles and a single moving dipole is correct re-
spectively, for SNR = 8. The percentages of correct decisions
are plotted as a function of the separation angle of the two
source locations, after averaging over results for different
depths. Fig. 1(c) and (d) shows similar plots, but this time as
a function of the depth of the locations averaging over data
for different angle separations. Similar plots are given for
SNR = 16 in Fig. 1(e)—(h), and for SNR = 24 in Fig. 1(1)—(D).
In Fig. 1(m)—(n), we plot the percentages of correct decisions
as a function of SNR after averaging over data for different
source angle separations and depths. Fig. 1(m) is for the case
when the correct model is two stationary dipoles, and Fig. 1(n)
is for the true single moving dipole case.

Additionally, assuming 80% correct decision is satisfactory,
we present the cutoff SNR values that achieves this performance
for all methods in Table I.

Observe that all of the methods perform well at high SNR
values. We could expect the models accounting for the noise
variance to perform well also in low SNR, but this is not the
case in practice since low SNR adversely affects the estimation
of the parameters. Hence there will be unexplained data due to
the estimation error in addition to the error stemming from pure
noise or selecting an incorrect model. It is also observed that
the methods perform better for well separated sources. This is

TABLE 1
CUT-OFF SNR VALUES FOR 80% CORRECT DECISIONS ON THE AVERAGE

Res. Var. | Smirnov Test X2 LOF AlIC
Stat. 20dB 16dB 20dB | 20dB | 14dB
Mov. 20dB 17dB 20dB | 20dB | 17dB

also expected and related to the spatial performance of the esti-
mation methods. Deeper sources result in poor performance of
the methods, hence misfitting of the data plays a more important
role.

In general, the residual variance performs poorly compared
with other methods as explained in Section IV. The Smirnov
and AIC tests perform better than the other three methods. Also
the 2 and LOF tests give very similar results, since the only
difference is the estimation of the noise variance. For closely
separated locations, the Smirnov test seems to perform slightly
better than others.

Observe that the methods are more successful when the cor-
rect model is stationary. This can be explained by the path esti-
mation which makes the parameter estimation less accurate. The
AIC method tends to choose the stationary model, and hence
performs well when the correct model is stationary. This is due
to the penalty term for the number of parameters to be estimated
in the AIC, giving preference to the model with less parameters.

VII. APPLICATION TO EPILEPSY DATA

We apply the methods of residual variance, LOF, and AIC to
real MEG data of epilepsy. It is not possible to use the Smirnov



YETIK et al.: DISTINGUISHING BETWEEN MOVING AND STATIONARY SOURCES USING EEG/MEG MEASUREMENTS 477

Sensor array (61 locations) Sensor array (101 locations)

Fig. 2. Sensor array configurations for real MEG data, (a) with 61 recording
locations and (b) the system with 101 recording locations.
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Fig. 3. Estimated source positions for all 5 real MEG data sets. Left: results

assuming the stationary sources model and right: assuming moving source
model. The symbol “.” shows the estimated locations of the stationary sources,
and the continuous line shows the estimated path of the single moving source.

and x? tests since they require precise knowledge of the noise
variance. In real life, we can only estimate the noise variance
which brings us to the LOF test instead of x? test.

We use five data sets taken from three subjects. All measure-
ments are made using single trials, and filtered at 650 Hz for
noise reduction. We have 104 to 196 time samples for the data,
covering a time duration of approximately 0.35 to 0.65 s. A pair
of data sets are obtained using a pair of planar gradiometers at
61 locations resulting in 122 sensors, and the remaining three
using 102 pairs of planar gradiometers resulting in 204 sensors
as shown in Fig. 2. For the moving source, we have used three
basis functions: ¢1(t) = 1,¢2(t) = t, and ¢3(t) = t2. Fig. 3
shows the estimated source positions under the two alternative
models. Fig. 3 (a)—(e) are the estimated positions assuming the
stationary sources model, and Fig. 3(f)—(j) assuming the moving
source model. The results of the model selection methods is
given in Table II. For each data set, we give the value of the test
statistics for the residual variance, Smirnov, LOF, and AIC tests.
The selected model is listed in the last column of this table. We

TABLE I
RESULTS OF MODEL SELECTION METHODS FOR REAL MEG DATA. THE FIRST
AND SECOND COLUMN FOR EACH METHOD SHOWS THE CRITERION
VALUE UNDER THE STATIONARY SOURCES MODEL AND THE MOVING
SOURCE MODEL RESPECTIVELY, AND THE THIRD COLUMN SHOWS THE
SELECTED MODEL (STATIONARY OR MOVING)

Set Res. Var. LOF AIC
1 0.39 | 0.51 S 1.003 | 1.009 | S | 87125 | 87533 S
2 041 | 024 | M 1.007 | 1.001 | M | 65132 | 64876 | M
3 040 | 024 | M 1.007 | 1.001 | M | 65127 | 64867 | M
4 045 1 022 | M 1.007 | 1.001 | M | 54982 | 54112 | M
5 056 | 033 | M 1.009 | 1.004 | M | 59871 | 58994 | M
S M Sel

observe that all the model selection methods agree for all data
sets, making the decisions quite confident.

VIII. CONCLUSION

In this paper, we have compared five statistical methods
for distinguishing between a single moving source and two
stationary sources that may result in similar EEG/MEG mea-
surments. These two models may appear for example in
intralobular activities or Jacksonian seizures (e.g., epilepsy).
The methods of residual variance, Smirnov test, X2 test, LOF,
and AIC were reviewed and applied to the problem.

The limiting behavior of the methods were investigated an-
alytically. We showed that when the number of trials goes to
infinity and one of the alternatives is correct, all of the methods
select the correct model with probability one. We have also con-
ducted computer simulations to compare the methods, varying
parameters such as the separation of the two source locations,
depths of the sources and SNR. The methods were observed to
perform better for well separated sources, sources that are closer
to the surface, and high SNR. Additionally, we have applied the
methods to real MEG data for epilepsy for certain cases where
both models may have been valid as discussed in Section 1. We
observed that, the results of all methods agreed for all cases,
giving us the information about the model that should be used.

We have assumed for simplicity that the additive noise is un-
correlated in space and time. When this assumption fails (that
is an incorrect noise covariance is used), only the covariance of
the measurements will be affected and the primary factor for
distinguishing between the models is the mean. However, we
should note that a severely incorrect noise covariance may over-
come the effect of difference in the means, particularly when the
means are close (when it is more difficult to distinguish between
the models). The models we have used are certainly far from
representing a realistic scenario of the electrical activity in the
brain. However, focal sources are used very commonly to repre-
sent activities confined in a small area even though the activity
may, in fact, have a local spread. The moving dipole model also
assumes that the activity consists of delta function like spikes
which is a simplification of the electrical activity in the brain.
Nevertheless, in this paper we aim to make a coarse distinc-
tion between moving and stationary models, and do not claim
that the epileptic spikes (moving or stationary) can perfectly be
represented using delta like functions. We should also note that
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DOFs of the models (number of samples, and number of param-
eters that determine the path of the moving dipole model) will
affect the goodness of fit. However, this effect is likely to cause
significant errors when the two compared models are nested. For
nested models, even a simpler model (a special case of the more
complex model) may result in a better fit when compared to the
more complex model when the number of time samples are dif-
ferent. However, the models that are compared in this paper are
nonnested models and hence are less effected than the differ-
ences between the goodness of fit of a particular model. That is,
more number of samples may result in a better fit for a certain
model, but this is not likely to result in the selection of an in-
correct model since the two models are fundamentally different
unlike nested models.

As a future research, it would be interesting to develop con-
fidence criteria for the selection methods. The criteria would be
useful to choose the method to be used or combine several model
selection methods. Also it is possible to generalize the methods
to correlated noise. Another interesting subject would be to ex-
plore sequential tests in terms of the number of trials, K. It is
worth to investigate a test that decides whether the current trials
are sufficient or more trials are needed for a confident decision.
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