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MEG-Based Imaging of Focal
Neuronal Current Sources

James W. PhillipsMember, IEEE Richard M. Leahy,*Member, IEEE and John C. MosheMember, IEEE

Abstract—We describe a new approach to imaging neural as regional cerebral blood flow or glucose metabolism, that
current sources from measurements of the magnetoencephalo-are imaged by the alternative functional modalities.
gram (MEG) associated with sensory, motor, or cognitive brain 14 hraquce estimates of the neural current sources that gen-

activation. Many previous approaches to this problem have con- . )
centrated on the use of weighted minimum norm (WMN) inverse erate the observed MEG signal, we must solve the associated

methods. While these methods ensure a unique solution, they doguasi-static electromagnetic inverse problem. The inherent ill-
not introduce information specific to the MEG inverse problem, posedness of this problem, compounded by the limited number
often producing overly smoothed solutions and exhibiting severe of spatial measurements available with current MEG systems,
sensitivity to noise. We describe a Bayesian formulation of the presents a difficult challenge for standard methods of image

inverse problem in which a Gibbs prior is constructed to reflect tructi In the followi il d b It fi
the sparse focal nature of neural current sources associated with reconstruction. in the following we will describe an alternative

evoked response data. We demonstrate the method with simulated Bayesian approach that uses a physiologically based model for
and experimental phantom data, comparing its performance with the source to estimate a plausible solution from the available

several WMN methods. data.
Index Terms— Bayesian imaging, magnetoencepha|ogram’ Physiological mOde|S for event related MEG assume that the
mean field annealing, minimum norm. dominant sources are transmembrane and intracellular currents

in the apical dendrites of the cortical pyramidal cells [1].
The source image can, therefore, be constrained to the cortex,
|. INTRODUCTION which can be extracted from a registered volume magnetic

EASUREMENTS of the magnetic field produced by€sonance (MR) image of the subject’s head. Furthermore, the
electrical brain activity can be made using an arra?/rientation of these cells normal to the cortical surface allows

of superconducting quantum interference device (SQUI to constrain the orientation of the cortical current sources
biomagnetometers. These measurements of the magneteeh- ) ) o )
cephalogram (MEG), and the associated scalp potentials oPY t€ssellating the cortex withV disjoint regions and
electroencephalogram (EEG), are able to follow changes "fPresenting the sources in each region by an equivalent
neural activity on a millisecond time scale and provide unigl@nstrained current dipole [2] oriented normal to the surface
insights into the dynamic behavior of the human brain. In conf!ith amplitudey;, the MEG inverse problem can be expressed
parison, the other functional neuroimaging modalities [fund? terms of a linear model. The linear forward model relating
tional magnetic resonance imaging (fMRI), and single-photdfi€ /V sourcesy(XV x 1) and the M MEG measurements
and positron emission computed tomography (SPECT aR§M x 1) can be written
PET)] are limited to temporal resolutions on the order of,
at best, one second, due to physiological time constants and b=Gy+n (1)
signal-to-noise considerations. Furthermore, MEG signals are
produced directly by the electrical activity through which th&here theith row of the M x N system matrixG may be
brain communicates, rather than the indirect correlates, suibwed as a discrete constrained projection of the lead field
(sensitivity) of theith sensor. Thgth column of G specifies
the gain vector for thejth constrained dipole component.
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sensor is [4] with the advantage that the inverse problem is linear in the
‘ ' source intensities and that anatomical constraints can be easily
1o r; X 1] .
e -] ?) intoduced. - .
el e The major disadvantage of the imaging approach over
where jio is the permittivity of free spacd, andr; are the multiple dipole methods is that the number of unknowns can
locations of the dipolg and sensot, respectively, ane; is a fise dramatically and the problem is typically highly under-
unit magnitude vector for the orientation of tfia constrained determined. The search for an appropriate imaging method
source. is primarily concerned with finding a way to choose within
In practice, of course, the head is not spherical and tReset of images that produces essentially the same fit to
sensors do not make point measurements of the radial cdfif data. Weighted minimum norm inverse methods [4], [7],
ponent of the magnetic field. To reduce sensitivity to distafit6], [17] typically find solutions which match the data while
sources and the earth’s magnetic field, a gradiometer is ugeifiimizing a weighted, norm on the solution vector. These
to measure the difference in the magnetic flux through twiechniques tend to smear sources over the entire reconstruction
adjacent coils. The forward model is easily modified to includ€gion and are generally unstable due to ill-conditioning of
the effects of the gradiometer and of nonradial sensors [4], [#)e system matrix. The instability can be overcome using
Finite and boundary element methods can be used to furtAéhonov regularization [18] but the reconstructions remain
extend the model to include nonspherical head geometriigeared.
(cf. [6]). While the forward model in these cases becomesThe iteratively reweighted minimum norm method [19],
increasingly complex, the problem remains linear and tf&0] is a nonlinear approach to overcoming the problem of
reconstruction methods described below can still be used.sSimeared sources in which the norm weighting is updated at
the experimental results presented below we use a spherath iteration based on the result of the previous iteration.
head geometry but specifically model the nonradial, plan&his method uses a weighting matrix which, as the iterations
gradiometer configuration of the Neuromagl122 MEG systepioceed, reinforces strong sources and reduces weak ones.
used in our work [4], [7]. This results in very sparse solutions, but again the method is
A linear relationship also exists between the primary currektremely sensitive to noise and highly dependent on the initial
density and the potential difference between two electrodestimate. Leahy and Jeffs [21], [22] examined minimization
measured by the EEG. Moshet al. [8] and Cuffin and of the [, norm of the solution vector, fo? < 1, subject
Cohen [9] show quantitatively that MEG and EEG providéo linear inequality constraints on the data. They show that
complementary information. In the spherical head moddhere exist values o < 1 for which the resulting solution
MEG is sensitive only to the tangential component of this maximally sparse. Later, Matsuuet al. [23], [24] re-
primary current density, whereas EEG is sensitive to atkamined the linear programming cage £ 1), which they
components, and the MEG lead field magnitude falls off morefer to as the selective minimum norm approach, and showed
quickly than EEG near the center of the sphere. However, EBGamples of sparse solutions obtained using linear inequality
is more sensitive to uncertainties in the head model. To obta&ianstraints.
the best conditioned data set, therefore, simultaneous EEG antlere, we propose an alternative approach to the inverse
MEG data can be acquired and used to reconstruct the currertblem based on a Bayesian formulation. Rather than use
source distribution. In the following, we will concentrate oran arbitrary weighted > norm to select the solution, we
MEG only. introduce a prior distribution on the source which is used
Most inverse procedures for EEG/MEG can be classifiéd resolve the ambiguities inherent in the inverse problem.
as either multiple dipole or imaging methods. Multiple dipoldhis prior is constructed to favor the reconstruction of phys-
methods assume that a small set of current dipoles can aiddsgically plausible solutions. Basic studies of functional
guately represent the unknown source distribution. The dipaetivation, such as somatotopic or retinotopic mapping us-
locations and moments form a set of unknown parameténg fMRI or PET, reveal the sparse and highly localized
which are typically found using a nonlinear least squares fiature of activation in the cerebral cortex [25]. Our prior
to the observed data [10], [11]. Scherg and von Cramon [1i8] therefore, specifically designed to reflect the expectation
extended the least squares approach to utilize the full spatieat current sources tend to be sparse and focal. This prior
temporal data by constraining the dipole locations to be fixésl combined with a Gaussian likelihood model for the data
for the duration of the measured response. The error surfacatsch is based on the linear model (1) and an assumption
highly nonconvex with respect to the location parameters. Thé additive white Gaussian noise. Maximization over the
multiple signal classification (MUSIC) algorithm [13] avoidsresulting posterior probability results in a maximumpos-
some of the problems due to this nonconvexity through theriori (MAP) estimate of the primary current sources. In the
use of signal subspace techniques [14]. While multiple dipdiellowing, we briefly describe the regularized, weighted min-
methods are ideal for point sources, they may perform pooimum norm (WMN) methods. We then develop our Bayesian
if sources are distributed and nondipolar over a significaapproach and describe a numerical procedure for computing
area. Multipole expansions can be used to represent thas®lAP image estimate. We compare the performance of
more distributed sources [15], but this approach has receivbé different methods for simulated data and experimental
little recent attention in the EEG and MEG literature. Imagshantom data from a clinical Neuromag 122 channel MEG
ing is also well suited for distributed source representatiogystem.
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IIl. MINIMUM [5-NORM APPROACHES For any value of the regularization parameterthe solution
The weighted minimuni,-norm approach to linear inverset@n be found as
:Jerr?]blems involves solving the constrained optimization prob- s = WWTGT(GWWTGT n )\I)_lb )
M T
arg min IWZfi(ui b)Vi (8)
Ywmn = y yTCy_ly such that ||b - Gy||2 =0 P S;

3)

where the filter parameters afe = s?/(s? + ). Note that

where C, is an arbitrary symmetric positive definite matrix.the filter coefficients decrease asdecreases. Therefore, the

Writing the Cholesky decompositiof, = WWT, we can contributions of(ulb/s;)v; to the solution from the smaller
form the solution as v ' s; are effectively filtered out. In our implementation of the

regularized WMN methods we select an optimal value Xor
y — WWIGT(GWWTGT) b = W(GW)'b (4) using the L-curve method [18], [30].
. The minimum norm methods can be reinterpreted in a
where(GW)' denotes the pseudoinverse@W. The WMN Bayesian framework. Lep(y) denote a prior probability on

solution can also be formed from the singular value decorW—e unknovyn imagey, p(bb_’) the probability of obsery_ing
position (SVD) of GW the datab given the source image, andp(b) the probability

of the observed data. Then, by Bayes’ theorem, the posterior

Mo T probability p(y|b) for the imagey given the observed data
Ywmn W;:l( 55 )V (5) IS
_ p(bly)p(y)
e p(ylb) = =75 ©)
wheres;, v;, andu; are theith singular value and correspond- p(b)

ing right and left singular vectors d&W, respectively. . . L .
Several forms of W have been proposed for megWhile a general approach to image estimation using (9)

imaging applications. In [4] and [17], the weight matri)J'n\_/olves the minimization _of the expected v_alue of an appro-
is implicitly the identity matrix W = I). In the nor- priately chosen loss function [31], in most image processing
malized minimum norm method [19], [26]W _ applications, the posterior probability is used to compute a

diag(1/|lg. |l 1/llg2]|. - 1/I|gu]l) where |lgi]| is the Eu- MAP estimate
clidean norm of theith column of G. This weighting is . arg max
designed to compensate for the reduced sensitivity of MEG y = In{p(bly)} +In{p(y)}- (10)

to deep sources which results in a preference for superficial

distributions whenW = I. The N x N Laplacian operator If y andn are independent and normally distributed with zero

B may be selected to smooth the reconstruction of minimuf€éan and covarianc€, andC,, respectively, then the MAP

norm techniques usin®v = B~! [27]. The low-resolution €stimate Is

brain electromagnetic tomography (LORETA) technique [16]

uses a combination of column normalization and the Lapacia®” = argymax{_(Gy - b)'C Gy —b) —y ' C;ly}

operatorWr, = W,..,B~!. Dale and Sereno [28] use a (11)

weighting based on estimates of signal power at each location.

The signal power is estimated from the MEG data usinfhat js

a minimum variance array beamforming technique which

may perform poorly for distributed or temporally dependent y*=C,GY(GC,GT + C,)"'h. (12)

sources. If sources are independent and represented well by

dipoles, however, the method has been shown to perfofrar the noiseless cas€{ = 0), this result is identical to (4),

well empirically. They also introduce the possibility in [28]the WMN solution. Therefore, the various weight matrices can

of making use of source location information extracted frofpe interpreted in terms of the covariances of a Gaussian prior

other functional modalities. with C, = WWT. If we assumeC,, = AL, we arrive at the
Exact matching of the data in (3) results in ill-conditioninggeneral Tikhonov regularized form as given in (7) and (8).

and high sensitivity to noise. Regularized forms of WMN This equivalence between regularized minimum norm meth-

methods lower this noise sensitivity. One popular techniquwels and MAP image estimation is well known, see for example

is the truncated SVD [29] in which the summation in (5jhe discussions of Bayesian image estimation methods in [7],

is truncated at a threshold index. Tikhonov regularizaticand [32]-[35]. If we view the WMN methods in this way,

[18] replaces the original problem (3) with the unconstraingtie choice of weight matrices are equivalent to a generally

minimization of a combination of the residual error norm andrbitrary selection of the covariance matrix of a Gaussian

weightedl; norm of the solution vector prior. The alternative formulation presented below replaces
_ this arbitrary Gaussian prior with one chosen to better reflect
arg min _ i
v = g b - Gyl? + )\yTCyly' (6) the expected attributes of the current sources that produced
Yy the observed data.
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lll. SPARSE OPTIMIZATION tion be used in reconstructing the image. This information can

Since data from PET and fMRI show the sparse natup§ na'tural!y intr'oduced into the problem using the Baye;ian
of neural activity, researchers have developed techniquesP@§adigm in which the source is modeled as a random field.
achieve a sparse image from the neuromagnetic data. In fBC€ W€ assume that sources are sparse, the large majority
WMN method of Dale and Sereno [28], sparse solutiorfd s_ource_pn.(els will have zero amplitude. We, therefore, use
are obtained by using a weighting function that favors tH# blnary indicator process to model whether -each source
formation of sources at particular locations. While the methddPole is on &; = 1) or off (z; = 0). Those sites that are
will perform well if the weightings are correctly specified 2Ctive are assumed to have a Gaussian amplitydéye can
the problem of choosing where the sources should lie, i.41€N Write the source image vectgras
choosing the weighting function, remains. Below, we briefly
review other methods that do not require that the specific

locations of the sparse sources be specified. “where “*" signifies the Schur product (element by element
Leahy and Jeffs [2_1] despnbea_method for_ﬂndmg aso'““%ir-wise multiplication) andX = diagx) is a diagonal
vector to a set of linear inequality constraints that has thgatix. Assuming independence of the indicator and amplitude

minimum number of nonzero elements. They show that undgiycesses, we can write the posterior probabilitysfcand z
certain restrictions, this maximally sparse solution can bgen the MEG data as

found by minimizing thelpr norm for all p in the range

y =x%z =Xz (15)

b
0<p < afor somed < a < 1 p(x, 2|b) = PRIX2POP(E) (16)
arg min al p(b)
_ P — < , ,
Ypuorm y z_; il such that [b — Gy| < e We find a MAP estimate* of y asy* = x*.*z* where
13
13 x* z* = arg max p(x,z|b). a7
where ¢ is a vector bounding the magnitude of the error X,z

in each data sample. The solution can be found using arhe joint probabilityp
modification of the simplex algorithm for linear programmingtion that the sources are sparse and focal. To achieve this goal,

Matsuuraet al [23], [24] also examine the linear programminqu use a Markov random field (MRF) [38] model for which
simplex algorithm for MEG image reconstruction. In [24]s

: ; L arse focal sources have a higher probability of occurring
an inequality constraint is used to bound the error on eaﬁ%

; o n more distributed sources. We defiix) to be a Gibbs

measurement te-o, wheres,, is the standard deviation of thedistribution
measurement noise. While this approach does lead to sparse
solutions, placing a separate error bound on each measurement p(x) = (1/K)exp {-V(x)} (18)
is undesirable for Gaussian noise, since we would expect a
substantial number of the measurement errors to ex¢eed whereK is the partition function and the energy functibiix)

An alternative approach to finding sparse solutions isisa given by
WMN method in which the weight matrix is iteratively up-

dated using the result of the previous iteration. This method

(x) is chosen to reflect the expecta-

was originally investigated by loannidest al. [36], then  y(x) = Z T + B:Ci{mi,z; ¥V j € &)
more thoroughly developed by Gorodnitsky al. [20]. The : ~ ~ ~

iteratively reweighted minimum norm approach, also known Sparseness Term  Clustering Term

as focal underdetermined system solution (FOCUSS) [19], is (19)

a novel inverse method which first provides an initial estimate . .
of yo using (4) WithW .. as the weighting matrix. At each where the parametets > 0 andg3; > 0 determine the relative

step thereafter, a new weight matiw (k) = diag(y(k — 1)) weights of the sparseness and clustering terms. The potential

is formed. The solution is updated using funct.ion c_*i{a:i,a:j Vi€ 521} is defined in terms of each pixel
and its eight nearest neighbofs as

Y(k) = (Wnormw(k))(Gwnorl1lw(k))Tb- (14)
For any starting pointy(0), asymptotic convergence to a . 5
fixed point is guaranteed [20]. The fixed points are, however, Cilwi x; ¥ € &} = Z(xi =) (20)
unknown and highly dependent on the initial estimate. Also, JeEs

the final error in fitting the data may be large, even fofnis cjustering term is small if neighboring pixels are of the
the noiseless case. In our implementation we use Tikhongyo magnitude. The exponential parameferdetermines
regularization with a fixed regularization parameter to avoigl strength of the clustering. A§ increases, the size of
ill conditioning. the clusters tends to increase. Some examples of 2-D binary
images produced by sampling from this prior using a Gibbs
sampler [38], are shown in Fig. 1. Note that #@r = 1 the
Since the primary sources of the MEG are widely acceptegighborhood consists of the eight nearest neighbors, but for
to be sparse and focal [25], [37], we suggest that this inform@ # 1, this dilates to the nearest 24 neighbors since the

Q

IV. THE NEw BAYESIAN APPROACH
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Fig. 1. Three examples of a random sampling frpfx) on an annular
segment reconstruction regiaf. is set as the pixel’s nearest eight neighbors®

(@ Q = 1.0, a = 020,andg = 0.25 (b) Q = 2.0, « = 0.20, and 20
£ =0.078, and ()@ = 3.0, « = 0.20, and 3 = 0.024.
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pairwise terms interactions become coupled when raised to
any power@} # 1.

Since the parameters, determine the relative probabilities
that each source pixel is active, it is straightforward to include alpha ' beta
pixel-wise probability weightings determined from fMRI or (@)

PET activation studies to influence the formation of these
sparse images. However, here we assume no specific prior
spatial information is available and we sat = « and
B; = [ for all pixel sitesi. The two characteristics of
primary significance in choosing the parameters of the priof
are the average number of active regions (clusters) and thejr
average size. By qualitative inspection of images sampléd
from this prior we determined thap = 2.5 gives acceptable %0-2
control over the average number of clusters and cluster size by
adjusting only the parametersand /3. We then used Markov
Chain Monte Carlo methods to compute the average numl:%glg,
of clusters and cluster size as a function of the parameters
and 3. Mesh plots of the number of clusters in the image and
the average cluster size are shown in Fig. 2.

To generate the values for these mesh plots, 2000 images
were generated using a Gibb’s sampler for ea¢s combi- aipha
nation. In this, we utilized the “single long run” described by (b)
Goutsias [39] by cycling through the image disregarding titdg. 2. Mesh plots showing the average properties for the annular image
first 1000 ferations and then examining the image generafSfon 16, BXL12 2 0 £ U1 < 1 SV andg <20 o)
every tenth iteration thereafter. The number of clusters amd position of thex, # combination used in subsequent studies.
cluster size were found for each image and then these values
were averaged. Once these functions are found, we can de- : . : .

] . Zero-mean Gaussian with covarianCg, we can write
termine the parameter values that match the expected image
characteristics. For the purposes of our examples, we assumed p(x, z[b) = 1 exp{—U(x, z[b)} 1)
two to three clusters on average, with an area of 0.3 fon Z

each cluster. Using the mesh plots in Fig. 2, we found that hgere 7 is the posterior partition function. The posterior

beta

appropriate parameter values are= 0.20 and 3 = 0.05. energy function is given by
Due to boundary effects, the average number of clusters
and cluster size will vary with different reconstruction regions. U(x,z|b) :l[b — GXZ]*Clb - GX]
Therefore, the plots shown in Fig. 2 and the specific parameter 2
values are included here only as examples. The procedure de- + 1zTCZ_lz + V(x). (22)
scribed here could be repeated for new reconstruction regions. 2
Alternatively, standard parameter estimation methods could Bke MAP estimate is found by maximizing over the log-
used if suitable training images are available. posterior, or equivalently
Having specified the parameters of the prior on the indicator .
processx, we proceed with the development of the posterior x*,z" = arg min U(x,z|b). (23)

probability. The source amplitude processis assumed to be x2

a set of independent zero-mean Gaussian random variatiee solution to the optimization problem (23) provides our
with covarianceC,. Assuming the noise process in (1) iestimate of the neural current sources.
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V. MEAN FIELD ANNEALING Since x* is the unique global maximizer{/ (x*[b) <
U(x|b) ¥V x # x*. Therefore, the summations go to zero

must be performed over a mixture of discrete and continuo@§ . — 0 and (27) results. o _ Q.E.D.
variables. Since this function is quadratic in the continuoys USing (28) to determinésr{x|b} is infeasible due to the

variables,z, we can derive a closed form expression for thidr9€ dimensionality and coupling ix. Instead we use a
optimal z as a function of any particular indicator process Mean field approximation [42] to simplify the computation

i.e. the vectorz*(x) which minimizes (22) given the binary of the (approximate) mean. Létrepresent all elements of the
vectorx is given by [cf. (12)] field. For each pixek we create a univariate energy function

U™t (z;|b), written as

Uimf(-’lfi|b) = ﬁ(x|b)|XS—i =X

Minimization of U(x, z|b) is difficult since the optimization

z*(x) = C,XGY(GXC,XGY + C,)"'b.  (29) 30
S—i (30)
Substitutingz® (x) into U(x, z|b) results in wherexs_; denotes the mean of the field restricted{¢h-:}.

U(x[b) = U(x, z[b)| (25 We define K%} to be the corresponding mean field local

z = 2" (x) partition function
which is a Gibbs energy function for the binary density Kt _U™ (. 1b)/T 31
p(x|b) = (1/K) exp{—U(x|b)}. We can, therefore, first find ot ;eXp{ U wilo)/T}. 1)

the optimal indicator process by minimizing(x|b), then
substitute this result in (24) to obtain the optimal amplitudé/e then approximate the joint probabilitgy(x|b), as the

process. product of independent mean field approximated univariate
Coordinate-wise optimization with respect to a collectioprobabilities
of binary variables using, for example, iterated conditional
d ’ g exp{= X2, Up"(ai[b)/ T}

modes (ICM) [40], tends to produce rapid convergence to anpif(x|b) = le_;lf(a:i|b) =
X o Kmf
undesirable local minimum. We have found that to be the case i T
here, and use instead a continuation method based on mean (32)
field annealing (MFA) [41]. ' L .
MFA changes an optimization problem into a series yhere the overall mean field partition functidiy™ is the

expected value problems. We form a new density functid?{OdUCt of all local mean field partition functions. This mean
based on a temperature parameter field approximation effectively replaces the influence of the

statistical fluctuations of neighboring sites by their mean
- values, where the means are computed with respect to the
exp{=Ulx[b)/T} (26) approximated probabilitgf (x|b).
N Using this mean field approximation, we can compute
where K1 is a temperature-dependent normalization param;,, (7)), the approximated posterior mean at temperatlire
eter. The mean of the newly defined procgsgx|b) ap- and pixel sitei, as
proaches the mode qi(x|b) asT — 0 in the following

. 1 1 1
prlalb) = 5o (xlb) = 2

sense. Zin(T) = % > wmiexp{-UM(zib)/T} (33)
Theorem: If x* is the unique global maximizer gf{(x|b), 6T 3,¢{0,1}
then 1 f
| = o ep{=UP (@ = 1)/}, (39)
zl“lglo Er{x|b} =x* (27) oI

Note that the mean is computed with respect of the approxima-
where Er{x|b} denotes the expected valuexofwith respect tion in (32) to the joint densityir (x|b) in (26). Substituting

to pr(x[b) K@ from (31) and dividing numerator and denominator by
1 5 exp{—UM(x; = 1|b)/T}, we can simplify this to
Er{x/b} = e > xexp{-U(x|b)/T}. (28) 1
Tox Zip(T) = Ao, (39)
Proof: If we separates* from the summation and multi- 1+expl——}

ply the numerator and denominator byp{U(x*|b)/T}, we where the difference in energies is given by

can rewrite this as
AU = U (s = 1|b) — U (z; = 0|b).  (36)
Er{x|b} =

of all other pixels in the image since the statistical coupling
between sites in the original probability is replaced with a
(29) coupling through their means. Therefore, the mean field must
) 1 be computed iteratively. In our work, the algorithm cycles

Note that to compute the mean of pixglwe need the mean

( > xexp{[U(x"|b) — U(x|b)]/T}

XFEX

several times through all pixels using (35) to update their

xFx” mean values.

( > exp{[U(x"|b) - U(x[b)}/T}
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The temperature parametdr is slowly reduced as the 2
iterations proceed. A%’ — 0, coordinate-wise updating using
the conditional mean reduces to the method of ICM [40]. )
Therefore, the asymptotic local convergence behavior of M Al o ",
is identical to that of ICM. It is easy to show that ICM will .
converge to a local minimunx*, i.e., to a pointx* where &
U(x*[b) < U(x[b) ¥V x € {0,1} such thatx* and x
differ at no more than one site. The potential advantage of
MFA over direct application of ICM is that by using the mean®|
in combination with an annealing schedule, we can slowly
approach the solution and hopefully avoid undesirable local
minima.

Our algorithm to perform MFA is summarized as follows.

1) Set T(0) and find an arbitrary initialization for °|

Zjpl0],j = 1---N. Set the location of interest= 1

(RN
\\\\\M\ ‘f!r/,//
Vi fry
]

and the iteration numbet = 0. 0
. -8 -6 -4 -2 4] 2 4 8 8
2) Use (24) to determine*(x[k]) for z;[k] = 0 and
. — . = . FEAN Fig. 3. Sample plot showing the support of the source region {se@@ulus

Li [k] L 3” Othel‘a:] [k] S(?t thZI{J}, [k]"j 7& b from 5 to 9 cm) and the locations of the 80 MEG sensors (radial orientation,
3) Use thez* vectors to find U™ (z; = 1|b) and point measurement). Sources are shown as full boxes (positive amplitude) and

Uimf(a:i = O|b). empty boxes (negative amplitude), with the area of the box proportional to
4) Use (35) to calculat@<|b[k] the magnitude of the source. In the following reconstructions, sources with

i .

magnitude less than 1% of the maximum are not included to improve the
5) Increment. If ¢ < N, go back to 2), else go to 6). daﬁ’ty of the figures. P

6) Increment the iteration numbér and decreasd(k),

set: = 1, and if not converged go to 2). shown in Fig. 3. The distance between source locations
We have found empirically that a good choice for thgas set to 1.5 mm providing an isotropically sampled
annealing schedul@#'(k) is image grid of 1098 pixels. All dipoles were constrained in
orientation perpendicular to the — lane. The source
T(k) = Toexp{=h/Kc} (37) images Werg chposen using stochasticysgmpling fsx) with
whereK_ is a constant controlling the rate ®1k)’s decrease @ = 2.5,a; = 0.200,/3; = 0.050, ando; = 10nAm, @ =
and 7y is the initial temperature. Bilbret al. [41] find that 1---N. The first three parameters were chosen using the
in MFA, after a certain “critical temperature,” all locationgmethod described in Section IV. The fourth parameter, the
in a binary problem move to the binary values without angtandard deviation of the dipole moments, reflects the typical
direction change. They suggest at least 40 iterations to reashivity seen in an evoked response study [7]. WeGgtto
this temperature. Hiriyannaiakt al. [43] have found the I, whereir? is the added noise variance which we assume
optimal initial temperature is noise dependent and of ordspown. For the study with noiseless data, we assumed a
o2, where 62 is the noise variance. They also find that amall nonzera/? for our likelihood function, comparable to
decrement of 5% or less in the temperature works well assignal-to-noise ratio (SNR) of 40 dB, to avoid numerical
a general annealing schedule. We have found these numbestabilities.
to be a useful guide. The results of a representative simulation are shown in
Note that this algorithm requires that we take the inverse bfg. 4 for three scenarios: one noiseless and two with added
anM x M matrix twice in step 2). This can be computationallyhite Gaussian noise. The percent residual error printed above
prohibitive, especially if we have a large number of sensors. Heese images is defined as
increase the computational spe_ed, we recognize that when we (Gy — b)T(Gy - b)
change only one element from its current value to either a zero [ bTh

or a one, we effectively make a rank one update of the mat(/%ere is the solution shown. SNR is defined as the average
L = GXC,XGT+C, in (24). A fast method for performing . Y S . rag
nal power at each sensor divided by the noise variance

. ; [
the inverse of a rank one updated matrix was proposed B :
Sherman and Morrison [cf. 27]. The method is based on tﬁgthe sensor. We compared the MAP technique to the four

property that the new inverse is a rank one update of tﬁneethods described in Sections Il and Ill: standard minimum

revious inverse. This method requires storing the reviol ;horm technique, the normalized minimum norm technique,
i_l but it reducés the order of cor?w utation frdghg to AF;[Q e LORETA method, and the iteratively reweighted minimum
' P " norm technique (FOCUSS).

These results show a wide variation in the characteristics
of the solution obtained using different weighting functions.

We have conducted extensive simulations based onAHl of the linear minimum norm methods produce results
simplified two-dimensional (2-D) source model with a oneexhibiting a relatively large degree of smoothness. In com-
dimensional (1-D) array of 80 sensors. All dipolar sourcgsarison, both the iteratively reweighted minimum norm and
are constrained to the annular segment of the y plane the new Bayesian method produce very sparse solutions.

] - 100% (38)

VI. SIMULATIONS



PHILLIPS et al..: MEG-BASED IMAGING OF FOCAL NEURONAL CURRENT SOURCES 345

True Solutlon(%R E.=0.000) Min Norm(%R E.=0.000) Norm Min Norm(%R.E.=0.000;

/ \

\/\

rng -1 47082 rng ~0. 12003 rng -0.08:0.10

Rewtd Min Norm(%R.E.=0.000) LORETA(%R.E. = 0.000) MAP Solution(%R.E.=0.001)

AN N

5/ \\ B ./ Fig. 5. A view from below of the interior of the helmet electronics of
/ \f/’ / \ / the Neuromag-122, showing the configuration of the 61 dual-channel planar
/ ; / \, first-order gradiometers (Neuromag Ltd., Helsinki, Finland).
rnu -11. 851415 rna ~-0.11 003 rﬁq —1.51:1.03
(@
For each scenario, all five methods generally give similar
True Solutlon(%R E.=0.312) Min Norm(%R E.=0.242) Norm Min Norm(%R.E.=0.251}

residual errors in the fit to the data. In some instances, the
iteratively reweighted minimum norm method gives larger
errors since there is nothing inherent in the method to limit
increases in the error from one iteration to the next. All
results can be considered “correct” in the sense that they are
configurations that could have produced the observed data.

/ \

g -1.47:0.82 109:0.0 mg ~0.04:0.05

True Solutlon(%R E.=4.232) Min Norm(%R E.=3.839) Norm Min Norm(%R.E.=3.845;

N

\ /

\ ./
Ay T -/
Y /

v/ / Y
rﬁg -1 .47:0.8V2 rng ~0.08:0.02 rng ~0.04:0. 03

This observation emphasizes the severely under-determined
nature of this problem.
Rewtd Min Norm(%R.E.=0.482) LORETA(%R.E.:0.278) MAP Solution(%R.E.=0.288) We see that as the SNR decreases, performance of all
\ . methods deteriorates. In the 20-dB and 8-dB cases, the MAP

/ solution clearly misplaces one of the source clusters, indicating
that at these SNR values, it is not possible to resolve between

the true source configuration and the MAP reconstruction since

both give similar fits to the data and both exhibit the sparse,

/ \ \ = clustered property preferred by our prior—in fact the MAP

e _3.14:0.82 e —0.09:0.05 Yy 131084 reconstruction generally produces a lower posterior energy

(b) than the true solution.

Since this is a continuation method, the time required to
converge to a solution is an important consideration. Through
our rank-one updating technigues, we have managed to keep
the time commitment to a minimum. For the simulation shown
in Fig. 4(a), using a 100-MHz Indigo-2 SGI workstation, the
total CPU time taken to converge was 4 min, 45 s. Note that

the time required is a function of th, and K. parameters
from (37). We setl; = 2.0 and K. = 80 for the MFA in our
MAP estimation algorithm.

Rewtd Min Norm(%R.E.=4.335) LORETA(%R.E.=3.541) MAP Solution(%R.E.=3.488)

/ \ \ VII. PHANTOM EXPERIMENTS
We have applied the same techniques used in Section VI
to experimental phantom data collected with a Neuromag-
\ / 122 system [7] using the 28-dipole phantom supplied by the

/ L/ / \ manufacturer. The Neuromag-122 system employs 61 dual-
e 73’ . aagn channel planar first-order gradiometer units in a helmet-shaped
ma - ra s ma - configuration at a radius of 10—11 cm, measuring the magnetic

Fig. 4. Sample 2-D simulation with a 1-D sensor array. 80 point measurfé-eld gradlent “_1 tWO orthogonal tangentlal directions, for
ments, 1,098 point image grid. The percent residual error (% RE) is sho@ntotal of 122 individual sensor measurements. The sensor
above and the range of source values (in nAm) is shown below each 'maéénflguratlon for a Neuromag-122 is shown in Fig. 5.

Three scenarios are presented: (a) No noise added to the computed data; h hant t £t half | ith 7.
white Gaussian noise added to the data to achieve an SNR of 20 dB; (c) white € phantom consists of two half circles wi a /-cm

Gaussian noise added to the data to achieve an SNR of 8 dB. radius in thex — z plane andy — = plane, with dipoles in
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(b)

Fig. 6. (a) The phantom used in the Neuromag-122 experiments consists5
of 28 tangentially oriented dipoles on two orthogonal planes. These trian-
gular-shaped magnetic dipoles are virtually identical to current dipoles in a
conducting solution (see [44] for discussion). (b) Schematic representation of
the phantom reconstruction regions (two orthogonal,®186nular regions)
with the locations of the planar gradiometers of the Neuromag-122 system
superimposed. ¥

(b)

. . . : : ig- 7. Reconstructions from a phantom experiment with three active
fixed positions in these planes oriented tangential to the O_ug‘lé'g‘oles. 122 point measurements, 768-point image grid. Colored subject noise

edge. The image reconstruction grid consisted of 768 locatiQfi added to the data to achieve an SNR of 15 dB. (a) True configuration
spaced 4 mm apart on two 18@nnuli, with an inner radius of phantom dipoles. (b) MAP Solution.

of 3 cm and an outer radius of 7 cm. A photograph of the

phantom is shown in Fig. 6(a), and a schematic of the imagingmnarably to the simulations in Section VI. The comparison
surface with the surrounding sensor elements is shown jfys are shown in Fig. 8 with high and low SNR. The phantom
Fig. 6(b). The distance between sources and sensors cregigsriments show that our forward model is accurate and that
a gain matrix which is more poorly conditioned than the onge \AP technique can also be used effectively to reconstruct
in the previous simulations. This increases the sensitivity E‘barse sources from real data. We found that colored noise
noise of all inverse. methods. In all cases, the gain matq%m the human subject was slightly more damaging than
was constructed to include gradiometer effects and nonradjgliie Gaussian noise, since human subject noise tends to be
sensor orientations assuming a spherical source volume Usifighother across the sensor array and, therefore, more likely

the Sarvas approach [4]. _ to resemble spurious sources.
The phantom data were collected at high SNR, then scaled

to reflect a reasonable evoked field response. We then added

data collected in the same system from a passive human VIIl. CONCLUSIONS

subject (100 averages of a prestimulus interval from an evokedVe have developed a Bayesian framework for image esti-

response paradigm). This background was added to the phaation from MEG data and described a MAP reconstruction

tom data to obtain a specified SNR. Fig. 7 shows the tradgorithm. In the simulations and phantom studies we have
configuration and the MAP solution plotted as a 2-D projeconducted, our MAP solution was generally superior to those

tion of the three-dimensional 3-D source distribution. In thisbtained using minimum norm methods. However, this is true

example, noise was added equivalent to an SNR of 15 dB. Ttvely when the sources exhibit the sparse focal characteristics
minimum norm techniques tested on phantom data performaawhich our method is based. We stress that all of the methods
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True Contig(3.435% R.E.) Min Norm(3.436% R E ) each of the amplitude processes,in our model with a time

/\ ﬁ”—_ ;i series modelyz;(t).
/ \ — — — The results that we have presented assume sources are
/ \

e ——— fp— . .
/ P ~ —— l—-/ —\ constrained to 2-D planes. Future research will focus on
A b 5 | ;5/ \:—j? =/ ‘= sources constrained to a realistic cortical surface. Only then
| i i | | i = == == = : - PR T g
g -3.89:5.11 g 0.00:4 08 g -0.07:0.08 ng L00a020  canwe beg_ln to establish rea_l|§t|c limits on the ability of MEG
Norm Min Norm(3.500% R.E.) Rewghted Min Norm(4.969% R .E.) to Usefully Image neural aCtIVIty.
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