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Abstract. Magnetoencephalography (MEG) provides dynamic spatial-temporal insight for neural
activities in the cortex. Because the possible number of sources is far greater than the number
of MEG detectors, the proposition to localize sources directly from MEG data is ill-posed. Here
we develop a novel approach based on a sequence of data processing procedures that includes
a clustering process, an new filter analysis, and an application of the maximum entropy method.
We examine the performance of our method and compare it with the minimum-norm least-square
inverse method using an artificial noisy MEG data.
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INTRODUCTION

Magnetoencephalography (MEG) records magnetic fields generated from neurons when
the brain is performing a specific function. Neural activities thus can be noninvasively
studied through analyzing the MEG data. Since the number of neurons (unknowns) are
far larger than the number of MEG sensors (knowns) outside the brain, the problem of
identifying activated neurons from the magnetic data is ill posed. The problem becomes
even more severe when noise is presented.

There are some information from some brain experiments can help us to predict a
more acurracy solution of the active region and the current intensity on the cortex. Since
MEG has high temporal resolution (about 10−3sec.) but with low spatial resolution, we
can adopt fMRI (functional Magnetic resonance imaging) information which has high
spatial resolution but poor temporal resolution (about 1 sec.) to constrain the possible
active spatial positions for the same experiment.

Although many methods have been proposed to solve the ill-posed problem, including
dipole fitting, minimum norm least square (MNLS) [1], and the maximum entropy
method [2, 3], improvements have been limited. One reason for this may be that these
methods do not properly include anatomic constrains. In this work, we propose a novel
approach to analyze noisy MEG data and include anatomic constrain by MRI (Magnetic
resonance imaging). The approach includes a sequence of data processing procedures
to incorporate pertinent prior information before the implementation of a maximum
entropy (ME) method [3] for source location.



THE DATA PROCESSING APPROACH

According to the Biot-Savart law, magnetic fields and its sources are related by,

m = A · r+n, (1)

where m are magnetic fields, r are current sources, the lead matrix A is derived from the
Biot-Savart law in vacuum, and n is a noise term. The presence of noise raises the level
of difficulty in solving Eq. (1) through methods such as MNLS and ME.

Here we propose a procedure involving a sequence of data processing steps for solving
the problem. To demonstrate our approach, considering a head model constructed from
a MRI of the auditory cortex acquired from the brain database [4]. In the whole cortex
are about 2.4 ·105 neurons, here approximated by current dipoles, whose directions are
set parallel to the normal of the cortex surface [5]. We suppose the fMRI data indicate
that a certain auditory function involves neurons, represented by 2188 current dipoles,
in the rectangular region of size 40 mm× 15 mm, as shown in Fig. 1 (a).

FIGURE 1. (a) The distributed source model from a MRI image. Suppose a fMRI for auditory function
is given and marked by orange. The 157 red dots are the MEG sensors. (b) Illustration of ISSM. There are
two sensors α1 and α2 and five clusters.

Clustering process. Although implicit in the MRI head model introduced in Fig. 1 (a)
is a dramatic reduction of the number of neurons and the complexity of the cortex, the
remaining number of effective neurons is still far greater than the number of detectors.
We use a clustering process to further decrease the number of effective sources [6],
in which the sources are partitioned according to spatial proximity and similarity in
orientation into the set of Nc clusters C = {C1,C2, ...Ck...CNC}, such that the ratio γCn =
d(Cn)/D(Cn) of the average intra-cluster distance d(Cn) = ∑i∈Cn |A
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threshold value, where i is a current source index, n and m are cluster indexes, and 〈· · · 〉
averages over all sources within a cluster. The clustering, including NC, is determined
by the threshold. Here we take the threshold to be about 1/7.
Intersection of Signal Sort Method (ISSM). The clustering results in a coarse grained
“source” distribution, where the sources are approximated by clusters. To further opti-
mize the acquisition of information regarding neural activities, we concentrate on the
set of sensors, denote by M, that have received clear signals. We then retain only those



clusters that contribute relatively strongly to all the sensors in the set M, as briefly de-
scribed below. For this discussion we consider only the case when sensors in M are in
close proximity.

First we only consider signals measured by the detectors that have z-score larger
or smaller than 5 or -5, respectively, which indicates a 99.99% confidence level that
the signals are not noises. The distribution of noise intensity is assumed to be normal.
We now assign to every source a unit dipole current intensity. For sensor α , we sort
the NC clusters by the field strength so the set C becomes the ordered set C(α) =
{C′1,C′2, · · · ,C′NC

}α , where the field at sensor α by C′n is stronger than the field C′n+1.
From C(α) we select the first NR clusters to obtain the set R(α) = {C′n|n ≤ NR}α . This
is done for every sensor in M. Now we let RMEG be the intersection of the R(α)’s:
RMEG =

⋂
α∈M R(α). Effectively, this leads to a coarse-grained, simplified head model

tailored to the MEG data at hand. As an example, suppose M is composed of just the
two sensors α1 and α2, as shown in Fig. 1 (b), R(α1) contains the red and blue clusters,
and R(α2) contains the blue, green, and yellow clusters. Then RMEG contains only the
blue cluster, which represents the simplified head model.
The ME method. Finally, given the simplified head model, the ME [3] method is
implemented to determine solutions of the inverse problem.

RESULTS AND DISCUSSIONS

Two cases, with activated regions marked by cyan in Fig. 2 and Fig. 3, respectively,
are considered for preliminary testing of the proposed approach. The artificial MEG
data are generated by a forward equation, Eq. (1). A white Gaussian noise is linearly
superimposed on the MEG data. In the construction of RMEG, the cut-off NR was set
such that 10% of the total number of clusters are included in RMEG. First, the effect
of source clustering process is examined using the method of MNLS for solving the
ill-posed inverse problem. Results obtained with and without clustering are shown in
left and right panels of Fig. 2, respectively. There, the fractional parameter Tc indicates
that sources having intensities less than Tc× the maximum intensity are removed. It
is visually obvious that clustering improves the result. In the second test, the ISSM
process is added to clustering, and both MNLS and ME are used for solving the inverse
problem. Fig. 3 shows that the ME method gives more accurate results. Quantitatively
comparisons are made with two quantities, sensitivity Sn and specificity Sp. Let A
denote all sources, P the calculated set of activated source, and T the set of actual
activated sources. Then Sn = (P

⋂
T )/T and Sp = (A− (P

⋃
T ))/(A− T ). Larger Sn

and larger Sp both indicate better results. Results are summarized in Table 1. It is seen
that improvements are obtained by clustering, and by adding the ISSM procedure, that
at least for the present test, ME is better than MNLS, and that results are sensitive to
the threshold Tc. In conclusion, the proposed approach has been demonstrated to be
promising.
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FIGURE 2. Testing the effect of clustering using MNLS. Results in (a) and (c) are obtained with
clustering and those in (b) and (d), without. The actual active region is colored in cyan. MNLS results
with Tc > 0.6 ((a) and (b), green) and Tc > 0.8 ((c) and (d), red) are shown in top and bottom respectively

FIGURE 3. Comparison of ME (a) and MNLS (b) after pre-process the MEG data with T c > 0.8. The
actual active region is colored in cyan and calculated regions are colored in red. In (a), actual active source
in left-top corner is under the red blot.
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