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I. INTRODUCTION

VOKED response data in magneto-encephalography
(MEG) typically has a very low signal-to-noise ratio
(SNR). To address this problem, in the course of an experiment
stimuli are periodically applied to a subject dozens of times
and averaging is typically used to improve the SNR. While
the temporal response of interest to the stimulus will not
be affected by subject movement with respect to the sensor
array, the spatial signature of the signal of interest across the
sensor array will. As a consequence of this, in the absence of
any means of incorporating head movement information into
MEG signal processing algorithms, in order to stimulate the
subject enough times to increase SNR to necessary levels we
must require the subject to remain perfectly still throughout
the experiment. This requirement is not practical in conscious
subjects, necessary to undergo stimulation, of age 1 to 6 years,
a critical period of cognitive development. This motivates our
work of incorporating subject head movement information into
MEG signal processing algorithms.
de Munck, et al. [6] employ Legendre polynomials to
correct MEG data for movement by the minimum norm
interpolation method of Hidmildinen and Ilmoniemi [7] and
extrapolation of the data to a reference MEG grid. This method
requires attaching magnetic coils to the subject head which is
not agreeable with the subject age group we are interested
in working with. Uutela, Taulu, et al. [8] suggest using the
minimum norm estimate of the cortical current in each position
to recalculate the magnetic field at a standardized sensor
location. Taula, et al. [4] propose a method of standardizing
multiple head positions called Signal Space Separation (SSS).
SSS is based on expanding the magnetic field in terms of
spherical harmonics. SSS has been applied to movement
compensation in localization studies. Imada, et al. [9] employ
SSS to correct for movements less than 7 millimeters in an
infant speech perception localization study. Medvedovsky, et al
[10] compare localization performance of two variants of SSS
head movement compensation with median nerve stimulation
and suggest limiting movement to less than 3 centimeters
yields good results. Wehner, et al. [11] evaluated SSS when
performing source localization of auditory evoked responses
in 8-12 year old children and found that SSS can compensate
for the spatial smoothing caused by head movements. The SSS
approach does not appear to have been studied in the context
of recovering evoked response morphology.
A second approach to dealing with head movement is to
incorporate the head movement into the forward models used
in the signal processing algorithms for performing source

localization or estimation. In principle, directly incorporat-
ing movement into the signal processing alhorithms offers
potential improvement over two-step approaches that first
rely on interpolation. Uutela et al. [8] propose averaging the
minimum norm estimate of cortical currents computed using
each epoch. However, this approach does not exploit the full
extent of available information, i.e., find the one minimum
norm solution simultaneously satisfying the sets of linear
equations associated with each head postion. Consequently, as
discussed above, the low SNR associated with each individual
epoch limits the quality of the individual solutions.

We present two approaches for estimating the repeated com-
ponent of the evoked response while relaxing the requirement
that the subject remain perfectly still. One approach uses
Signal Space Separation to “transform” the data from multiple
distinct head positions to a reference position. At this point
we apply the work of DogandZi¢ and Nehorai [1]. The second
approach extends the same work of Dogandzi¢ and A. Nehorai
by incorporating head movement information into the source
models.

Section II of this paper develops the theory of the two
approaches of this work. The efficacy of each approach is
demonstrated in Section III using simulated and phantom
MEG data. Section IV presents a discussion of the proposed
methods. Our notation uses bold lower and uppercase symbols
to denote vectors and matrices, respectively.

II. PROBLEM FORMULATION

Assume multiple observations or epochs of a spatio-
temporal series are recorded. The signal of interest is assumed
to be repeated across epochs, while the nonrepeated compo-
nent is assumed to be background brain activity and sensor
noise. However, this repeatability is spatially obscured in the
recorded data by the source moving with respect to the sensor
array. So potentially, each trial has a different spatial identity
and we represent a trial of the spatiotemporal signal measured
in the p'* head position at N sensors and T" time samples as
the N x T matrix S,

S, =H,(¢)0C", p=1,...,P (1)

where P is the number of head positions, H,(¢) is a known
N x @ spatial basis matrix, C is a known 7' x L temporal
basis matrix, and € is an unknown () x L basis coefficient
matrix. The spatial basis matrix H,,(¢) relates neural activity
at location ¢ on the cortical surface to the measured signal at
the N sensors. Example MEG or EEG spatial bases include
dipoles [13], multipoles [14], and cortical patches [12]. We



say that the signal is rank @ if there are () spatial bases
in the columns of H,(¢). The bases in C represent prior
temporal knowledge of the signal such as bandwidth or typical
waveform morphologies [1], [3]. Many choices of temporal
bases, including Fourier bases or wavelets can be utilized
depending on the temporal attributes of interest. Without
loss of generality, we assume orthogonal basis functions, i.e.,
H,(¢)TH,(¢) =Ig and CTC =1;.

The single-trial observation at the sensors is denoted by the
N x T matrix Xg;

X)=8,+NJ, j=1,....Jp, p=1,....,.P (2

where J, is the number of trials in the p" head position, the
N x T matrix N{) is zero-mean Gaussian noise with unknown
positive-definite spatial covariance R, and known temporal
covariance R; = Ip. Hence, we write N{, ~N(0,Ir ®R,),
where I ® Ry, represents the covariance of vec{NJ}. The
noise is assumed independent and identically distributed across
trials. The subsequent analysis is applicable to the case when
R, # Ir if the data are temporally whitened, i.e., we replace
X7 with X = XJR, '\’

The single-head position observation at the sensors is de-
noted by the N x T'J, matrix X,

X, =[Sy Sp] +[N,, ... NJ#|, p= P (3
Then X, ~ N'(H,(¢)0D] Ir;, ® R,) where the L x TJ,
matrix DT [CT CcT CT].

A. Signal Space Separation (SSS)

One modern signal processing method used to standardize
different head positions in MEG signals is the Signal Space
Separation (SSS) method. Using sensor geometry and the
sensor array’s relative position with respect to the head only,
SSS provides a basis spanning all signals of magnetic origin
[5].

The basis used in SSS is built out of spherical harmonic
functions. An arbitrary N dimensional signal vector for a
single time sample can be expressed as [4]
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Py, (cos Ap) is the associated Legendre function. As a function
of the sensor coordinates in the p“‘ position, 7, is the vector
specifying each sensor’s radial distance from the origin, A,
specifies each sensor’s elevation angle and 7, specifies each
sensor’s azimuthal angle.

Note the multipliers, 7, and ré in equation (4) indicate
that a]  is associated with sources within the sensor array and
b} is associated with sources outside the sensor array [4].
Since signals of interest lie only within the sensor array, after
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deconstructing the recorded data into coefficients, ozljm and
], we can filter out the contribution of interfering sources by
leaving off the contribution of 3] = in the signal reconstruction.
The basis vectors, aj, , b specified by | = 1 represent the
lowest spatial frequency in the measured data while increasing
l represents increasing spatial frequency. Physically, there
becomes a point based on the system sensor geometry where
higher [,m terms no longer represent measureable signals
and instead their associated coefficients represent noise. It is
above this point where we can truncate the basis. We denote
the appropriate cutoff values for aj, and b} to be Li,
and Ly, respectively. It is desireable from a computat10nal
perspective to have the total number of basis vectors be less
than the number of spatial channels in order to avoid an
overdetermined system of equations. Specifically, we require
N > (Lin +1)?+ (Lo + 1)? — 2 [4]. In fact, truncation of the
basis results in the normal tradeoff of noise reduction versus
complete signal representation. The point at which to truncate
the basis for a particular sensor array can be determined
experimentally through reconstructing known signals. Now
equation (4) can be written as

Lou

= Z Z amal, + Y Z Bimbl,. (5

=1 m=—1 =1 m=-1

Or in matrix form one N x T" epoch, S; recorded in the p”"
head position can be written as,

Sp=M,A, = [Myin Mo [:J (©)
where

M, = [af7_1 a’ii"Li"] , (7
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B(1) Lo Lo B(T) Lo Low

Then the coefficient matrix, A, can be found from equation
(6).

We consider the initial head position, p = 1, to be the
position of interest and we apply SSS to data recorded from
head positions following the first. Then for epochs recorded
from head positions p = 2, ..., P the “corrected” data is

S; = My inAin (11)

which is the data we would observe had there been no head
movement, plus noise.
If we define the N x T'.J, noise observation matrix for the

p'" head position as N, [N;) ...N;p} then the whole
N x T'J observation matrix can be written as

X =H;(¢)0F" + [N, N, Np| (12



where the L x JT matrix FT = [DlT DI Dg and
noise matrices, IN;, for head positions p = 2, ..., P have been
transformed to IN,, by the SSS operation.

B. Maximum Likelihood Estimation - SSS (MLESSS)

If we were to assume that after applying the SSS operation
to data within head positions p = 2,..., P the covariance
matrix of each head position was identical then the probability
density function for the data matrix X can be written as

f(X7 R,Hy(¢),0) = (QW)*(NTJN)(detR)f(TJ/Q)

X exp{ — ;tr(R_lQ(gb))} (13)
where

Q(¢) = (X — Hi(¢)6F")(X — Hi(9)0F ). (14)
Note that our assumption above does not hold. The application
of SSS will result in a different noise covariance for different
head positions [5]. However, we argue the assumption is within
reason and apply it within this section.

Following the SSS operation the problem setup is the same
as in [1], [3]. It can be shown that the MLE for R is given as
a function of the unknown 6 by [2, Theorem 3.1.5]

N _ 1 =~ _ T
R = 75(X-Hi(¢)6F") (15)
x (X —H;(¢)0FT)T (16)
1
= ﬁQ(QS)- (17)

Then the MLE of the signal amplitude € is found by mini-
mizing [1]

min (X — Hy (¢)0F")(X — Hi(¢)0F")|.  (18)

Following [1] we define the following quantities:
Xr = XFFE'F)Y? (19)
Xz = XF (20)
Qr = XgXg @
0 = OFTF)/2 (22)

It was shown in [1] that the estimate for @ is

6 = (H (¢)Qp'Hi(4)) 'H] (¢)Qp'Xr.  (23)

At this point, we search over ¢ to find the matrices, H; (¢),
6 that maximize the log-likelihood function
-~ 1
log (f(X; R, Hi1(¢),0)) ~ —5r(R7'Q(¢))  (24)

in order to find the source location, ¢A> that best represents the
recorded data.

C. Approximate Position Maximum-Likelihood

(AMPML)

Multiple

At this point we introduce our second approach. Instead
of the two-step approach of transforming the data prior to
processing as in the MLESSS method we propose another
method that extends the work of [1] in order to accomodate
multiple head positions. We call this approach Approximate
Multiple Position Maximum-Likelihood (AMPML).

For P head positions, the probability density function for
the N x T'J observation matrix X may be written

,
J(X, Ry Hy (0),0) = (2m)~ “F* (T Ryl~ ")
p=1
P
X exp{ - %Ztr(R};lQp@)) } (25)

where Q,(¢) = (X, — H,(¢)0D?)(X, — H,(4)0D)".
In this problem a closed form solution for the maximum-
likelihood estimator of R, is not available. So instead we
estimate R, in the following way. Define the J,T" x J,T — L
matrix D, whose columns are an orthonormal basis for the
null-space of the columns of D,. That is Dgﬁp = 0 and
D!D, = I Then define

Xpp = XpDyp. (26)
Note that since the rows of S, lie outside of the space spanned
by the rows of D,, so that Xp, contains noise alone. We
estimate R, by using Xp, to construct the sample noise
covariance matrix. That is,

N 1

_ _ XT
R, = 77— X0,XE, 27)

Because we assume R, is known our task is to maximize
the exponential term in equation (25) with respect to 8 and ¢.
Equivalently, our task is to find the solution of the following
expression;

P
min L;U{RPI(XP —H,(¢)6D))

x (Xp — Hp(@eDg)T}]

P

= min ltr{ > (R,'X,X] — R, 'X,D,0"H] (¢)

: =
—R,'H,(¢)6D] X

—s—Rlep((b)HDgDpeTHg((ﬁ))}] (28)
Since D] D, = J,I the last term in the previous equation

becomes J, R, 1Hp(¢)00TH17;(¢). Using linearity and invari-
ance under cyclic permutations properties of the trace operator



we can write
P
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=1
pP
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=1
pP
K = > RyX,X]. (32)
p=1
Then equation (29) can be written more clearly as
min {67 F(6)6 — 67G(6) - GT(0)0 + K} (33)

We complete the square to write equation (33) as
min [ir{ (6~ F~(6)G(¢) "F(¢) (8 ~ F~()G(9))
+K -G (9)F(9)G()}]. 64

Because F is positive-definite, the minimum satisfies 6 —
F~'(¢)G(¢) =0 s0

(35)

or

il —1
0(¢) = (3 JH,y(6) "Ry, H,(9))

-
x (Y H,(0)"Ry,X,D, ) (6)
p=1

Substituting 6(¢) into equation (34), we are left with the
problem,

min [1{K - GT(0)F 1 (9)G(9)}] (37)
in order to find the source location, (ﬁ, that best represents the
recorded data.

ITI. RESULTS
A. Phantom Generated Waveforms

The successful application of Signal Space Separation relies
on accurate knowledge of sensor geometry [4]. Much of
the work in the literature is carried out on a sensor array
of hundreds of sensors allowing whole-head coverage and
gradiometers precisely constructed through a precise thin film
process [5]. The MEG system available for this research

is a Magnes-II dual-dewar system employing either one or
two parabolic sensor arrays of 35 functioning hand-wound
gradiometers each. The effects of imprecisely constructed
sensors (mismatch) is a topic studied in the literature but
the effects of employing a relatively small number of sensors
as well as not having whole head coverage is not. Both are
issues with our available hardware. To study these effects we
used the Magnes-II MEG system to collect data generated
from a single dipole source within a phantom. Sources of
noise in the experiment is inherent noise from the function
generator and MEG sensors; no artificial noise was added.
A waveform mimicking a typical evoked sinusoidal response
was generated from the initial phantom position and after
rotating the phantom about its vertical axis which resulted
in a dipolar source translation of 8.6 millimeters. Waveforms
from each phantom position are shown in Figures la and 1b.
Figure 2a shows the effect of applying SSS to interpolate
the data from the second phantom position to the first. We
use Li, = 4 to perform the SSS operation as we must have
(Lin +1)? < N = 35. Figure 2b is the average of 64 epochs
after applying SSS interpolation to each. As a comparison
of averaged waveforms, Figure 2c is the average of the 64
epochs from the first phantom position. Comparing Figures
2a and 2b we can clearly see that by increasing the SNR
through averaging familiar signal characteristics emerge. In
other words applying SSS on our hardware decreases the SNR.

We demonstrate the effects of AMPML and SSSML on
high-SNR phantom data used to show the effects of SSS on the
Magnes-II dual-dewar MEG hardware. We use four phantom
positions and record 64 epochs in each position. There is
approximately 4.5 degrees of rotation between each position
and the dipolar source is located such that a total rotation of
13.5 degrees results in a total source translation of approxi-
mately 8.6 millimeters. When applying AMPML and SSSML
to the phantom dataset, each yields a localization error of 2.4
millimeters. The source dipole chosen is the dipole nearest
the physical source location. i.e., the 2.4 millimeter localiza-
tion error is the minimum. Since the estimated waveform is
reconstructed as S = H; (¢)0CT and with the true waveform
unknown we propose the average of the sixty-four epochs from
the first head position to be a reference signal in place of the
unknown true signal. This reference signal is shown in Figure
3. Based on this reference signal, the root mean squared error
of the estimated signals under recursive maximum-likelihood
and SSS compared to the reference signal are 26.351 and
36.728 femto-Tesla, respectively. Reconstructed waveforms
using recursive maximum-likelihood and SSS are shown in
Figures 4 and 5, respectively.

B. Simulated Waveforms

In order to compare results on simulated data with results
on phantom generated data we generate simulated data using
both the 37 and 74 sensor configurations of the Magnes II
system (Biomagnetic Technologies, Inc.) in our lab. We also
utilize both sensor configurations in order to observe gains in
both algorithms due to an increased number of sensors. Each
simulation run consists of 100 600 millisecond long epochs.
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Data from two phantom positions with a common source waveform. (a) Single unprocessed epoch from the initial phantom position. (b) Single

unprocessed epoch after the phantom was rotated on its axis approximately 13.5°.
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(a) Result of applying SSS to the epoch shown in Fig 1b. Note how SSS enhances the noise to a level that obscures a once visible waveform. (b)
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Average of the 64 epochs in the second phantom position. Note how familiar signal characteristics reappear. (c) As a reference for Fig 2b, average of the 64

epochs in the first phantom position.
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Fig. 3. Reference signal (average of data from the first head position)

The signal of interest represents a typical evoked response and
is 100 milliseconds long. Fig. 6 depicts the noiseless waveform
used in simulation. To generate the localization-error vs. SNR
and RMSE vs. SNR curves we generate J unity-power N X T’
noise matrices IN; once and apply a scalar to the matrices to
achieve the desired SNR per epoch values in the curves. We
compare algorithm performance under two noise structures.
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Fig. 4. AMPML reconstruction of phantom data

The first is to add spatially and temporally white noise to
the data. The second is to add spatially colored, temporally
white noise to the data. We make this comparison in order
to observe how well each algorithm exploits structure in the
noise. To construct a colored noise realization we first generate
30 dipoles whose coordinates are uniformly distributed within
the head model. Thirty independent 1 xT" Gaussian distributed
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Fig. 5. SSSML reconstruction of phantom data

vectors with mean zero and a random variance uniformly
distributed on the interval [0.1, 1] are generated to construct
the time sequence of each dipole. Finally, white noise with
one hundred times less power than the colored noise is added
to the colored noise matrix. Fig. 7a and Fig. 7b compare
the localization error and root mean squared error (RMSE),
respectively, using 35 channels. The error metrics are com-
puted as the average over 20 independent simulations. Clearly,
at realistic operating SNR values and considering white and
colored noise scenarios separately, AMPML algorithm offers
gains in both source localization and waveform estimation
performance. This shift to the right of the AMPML curve can
be explained by the observations made from Figs. 2a and 2b -
applying SSS to a dataset under our sensor configuration has
the effect of lowering the SNR. So while using SSSML we are
able to localize the source and estimate the waveform well at
a certain point, it requires a higher SNR than the one step
AMPML algorithm. As expected, each algorithm performs
better under the colored noise scenario due to the ability of the
maximum-likelihood algorithms to exploit the colored noise
structure.

Fig. 8a and Fig. 8b compare the localization error and RMSE,
respectively, using 70 channels. The same general observations
can be made as in the 35 channel simulations but now we can
also observe how the SSSML curves better fit the AMPML
curves in each noise scenario compared to the 35 channel
simulations. In the RMSE plots, we see a shift to the left in
the AMPML SNR curves when moving between 35 and 70
channels but we see a larger shift in the SSSML performance.
This can be explained by referencing [5] - increasing the
number of sensors has the effect of improving the effect of
SSS on noise enhancement.

C. Simulated Waveforms - Sensor Mismatch

It is stressed in the literature that SSS is a method sensitive
to the accuracy of the calibration of the measurement device
[5]. The sensors in our MEG system are hand wound, where
each is understood to be wound within one percent of the
nominal specification. This makes mismatch an important
effect when interpreting real data where the true signal and

estimation errors are unknown. We simulate and analyze
sensor mismatch in this section. This is done by assuming
perfect sensor construction in the algorithms but generating
test data with sensor error. Based on the knowledge of one
percent construction accuracy we generate independent normal
scalars for each coil with mean one and variance 0.01 and
apply each to corresponding coils in the forward model when
generating data. The same set of random scalars is used
across SNR values within an experiment but a new set of
scalars is generated for each of the twenty experiments shown
averaged in the SNR curves. The resulting localization error
and waveform RMSE for 35 and 70 channels can be seen
in Figs. 9a - 10b. From Figs. 9a and 10a, localization error
performance of 35 and 70 channel configurations, respectively,
we see that AMPML is not as sensitive to sensor mismatch as
SSS.

field, Tesla

0.06 0.08 0.1

Fig. 6. Single epoch of the noiseless waveform used in simulation.

IV. DISCUSSION

We proposed two methods for estimating evoked dipole

responses when the recorded data is corrupted by a known
subject head trajectory. The SSSML method is a two step
algorithm that through the SSS transformation standardizes all
head positions to a reference head position. Following the SSS
transformation the maximum-likelihood methods of [1] for
estimating dipole responses of stationary subjects is applied.
The AMPML method is a one step algorithm that extends the
work of [1] to incorporate known head movement information
directly into the source models. In the absence of a closed
form solution for the maximum-likelihood estimator of the
covariance matrix we propose a substitute that is based on
projecting the recorded data onto the null space of the known
temporal basis matrix for the signal of interest and using the
resulting signal-free data to compute a noise sample covariance
matrix.
We presented numerical simulations demonstrating the perfor-
mance of the SSSML and AMPML methods. The SSSML and
AMPML methods were compared where under the available
MEG hardware the AMPML method was shown to be a more
accurate estimation algorithm and more robust to imperfect
sensor construction.
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