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Estimation of the neural active sources from the scalp electroencephalogram (EEG) is an ill-posed inverse
problem. In this paper, we propose a new source model: Gaussian distributed Source Model (GSM), to
model the activations in brain. GSM may imitate an Isolated Source Model (ISM) or a Distributed Source
Model (DSM) by adopting different supporting range parameter of the Gaussian function. Using GSM,
an iterative Gaussian source Imaging Algorithm (GIA) is developed to detect the EEG sources. As GIA
dynamically reduces the solution space, the solution may gradually converge to a desired distribution. A
comparative evaluation among LORETA, FOCUSS and GIA was conducted for both isolated point sources
and distributed sources, the results demonstrate that GIA is more flexible and efficient for various actual
sources configurations. Finally, GSM was applied to real recordings obtained from a visual spatial atten-
tion task; the corresponding source activation areas of the early component are localized in contralateral
occipital cortices, consistent with the retinotopic organization of early visual spatial attention effects.

© 2009 Published by Elsevier Ltd.

1. Introduction

The scalp electroencephalogram (EEG) represents electrical activ-
ity manifested by the ensemble of a great number of neurons within
the brain. When a large number of neurons synchronously change
their post-synaptic potentials, significant currents start to flow in
the surrounding tissue and they may produce potentials at a level
that is possibly to be recorded by electrodes on the scalp. Currently,
the pyramidal neurons of layer IV, aligned in parallel and widely
inter-connected, are thought to be one of the main cells responsible
for scalp EEG potentials [1], and deeper cortical structures including
hippocampus, cerebellum and thalamus may potentially contribute
to EEG, too [2]. A set of active pyramidal cells can be modeled elec-
trically as a dipole layer [3].

Estimating the location and distribution of the underlying neural
generators based on the scalp EEG is a typical inverse problem, and
it greatly depends on the source model selected [4]. If one assumes
that only a few restricted areas are active simultaneously and each
area evolves with a unified temporal process, then the EEG potentials
can be modeled by a small set of isolated dipoles, the Isolated point
Source Model (ISM). This localized single time-course hypothesis is
both convenient and fairly realistic since neurons in a population
are expected to be strongly coherent in time [5]. However, ISM has
some drawbacks to be tackled. ISM position may well approximate
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the center of a cortical patch, yet it is not able to describe its extent.
Indeed, in case of a highly extended cortical area, even the optimal
ISM localization may be meaningless [6]. Worse more, in the case of
multiple sources, estimating the number of dipoles is often a diffi-
cult task [7]. These potential traps have led some scientists to pre-
fer distributed sources where a large number of dipoles are placed
evenly in the head, either in the whole brain volume [8] or along
the surface of the cortex [9], the Distributed Source Model (DSM).
Usually, additional spatial and/or temporal constraints are used to
reduce the under-determination of DSM inverse solution [10]. The
current constraints include minimum norm (MN) [8], maximum spa-
tial smoothness [11], sparsity [12,13] or Bayesian approaches [14,15]
and these constraints are partly reasonable in sense of the actual
neurophysiology.

In this work, we are going to seek if there is a further constraint for
DSM that is physiologically reasonable andmeaningful for improving
the neural source imaging. Based on some neurophysiological facts,
we assume the equivalent dipoles in a restricted area will be approx-
imately oriented in the same direction, and their strengths are close
to a Gaussian distribution. Apparently, such a Gaussian distributed
Source Model (GSM) is consisted of a group of sources closely lo-
cated, and it is determined by the center of the “group” and the sup-
port range of the Gaussian distribution. Most importantly, GSM may
flexibly cover the conventional ISM and DSM by using a narrow or
wide support range of the Gaussian distribution. The detail of GSM
is introduced in Section 2, then a corresponding algorithm, Gaussian
source Imaging Algorithm (GIA), is introduced in Section 3, and the
adopted head model and evaluation indexes were given in Section 4
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GIA is tested and compared with LORETA [11], the improved FO-
CUSS algorithm [16] under various noisy situations in Section 5. In
Section 6, GSM was applied to real recordings. Finally, discussions
and conclusions are given in Section 7, respectively.

2. Methods

2.1. Isolated point source model

In ISM, no matter dipole or charge [17,18], sources are assumed
to be located at a few distinct positions. Under the assumption of
a few isolated point sources, the sources can be uniquely identified
mathematically [19] and the parametersmay be estimated by various
nonlinear optimization algorithms [20].

The advantage of ISM is its simplicity and the main drawback
is that one needs to priori specify the number of sources, which is
unfeasible for many problems [7]. Furthermore, the optimization is
often trapped in the local minima and the sources to be localized
need to be of small number. In addition, as some researches revealed,
for complex cognitive processes or widespread epileptic discharges,
the ISM assumption is inappropriate [7].

2.2. Distributed source model

In DSM [8,21,22], the number of unknown variables is usually
much larger than the number of measurement electrodes, some ad-
ditional constraints on the solution are needed, such as minimum
norm (MN) [8] or smooth requirement in low resolution electromag-
netic tomography (LORETA) [11]. The result of LORETA is very blur-
ring, and the current neurophysiological functional localization idea
indicates that the main neural electric activities should be sparsely
localized [13,22], thus a reasonable solution should not only ex-
plain the scalp recordings but also be sparsely localized. Presently,
there are two approaches to get sparse solution. One way is to di-
rectly solve the lp (p�1) norm solution, such as the l1 norm solution
[13]. Another way is to shrink the solution space iteratively thus to
change the initially underdetermined problem to a finally overde-
termined problem. In this approach, an initial blurring distributed
source solution, such as LORETA, is obtained firstly, then with itera-
tively shrinking the solution space, the solution gradually converges
to a relatively sparse one, such as the focal underdetermined system
solver (FOCUSS) [12,23] and the self-coherence enhancement algo-
rithm (SCEA) [21].

2.3. Gaussian source model

As shown above, both ISM and DSM have their own advan-
tages and disadvantages, and the tricking point is quite possibly the
“isolated” (ISM) or “distributed” (DSM) requirement. In fact, in our
previous work of scalp Laplacian [24], we found that a Gaussian
radial-basis function (RBF) based Laplacian is better than the previ-
ous local or global Laplacian, and the reason is that the Gauss func-
tion with the flexible support range in space provides a choice over
local or the global approaches. Now, for the EEG inverse problem, is
there a better source model integrating the advantages of ISM and
DSM? We believe that GSM is one of the answers. Neurophysiologi-
cally, cortical neurons are known to be strongly interconnected and
aligned in parallel [1]. The scalp potential is thought to be generated
by synchronized post-synaptic activity of neuronal macrocolumns
[6]. The macrocolumns that with common functional properties are
grouped together [25] and their preferred stimulus values progress
gradually across the cortical sheet [26]. In addition, cortical activation
always propagates into the adjacent regions very soon [27]. These
facts mean the focally clustered dipoles have parallel orientation
and gradualness distribution. Hence such a distributed source is a

Fig. 1. Gaussian function with different standard deviation �. Blue bashed line:
� = 0.4 and red dotted line: � = 2. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)

situation from the very locally equivalent point source to the ex-
treme uniform distribution source, Gaussian distribution would be
a more adaptive and flexible approximation compared to these two
existed distributions. On the other hand, Gaussian distribution with
adaptive shape can evolve to any one of these two cases when nec-
essary.

Based on the above facts, we assume the neural electric sources of
the scalp recordings are in Gaussian distribution for each restricted
active area, thus their spatial extent may be approximately described
by Gaussian function. With GSM, there may have a few restricted
areas being simultaneously activated, and for each area, the neigh-
boring neurons are aligned in parallel [1], and their strengths are in
Gaussian distribution:

�(z,�) = 1

�
√
2�

exp

(
− z2

2�2

)
, (1)

where z denote the variable and � is the standard deviation, which
determines the support range. Fig. 1 shows two Gaussian functions
with different standard deviations. Obviously, with the larger � = 2,
the half-strength distributed sources are from grid −3 to 3; with the
smaller � = 0.4, only a point source located at grid 0 is remained.
These facts mean that, with GSM, DSM and ISM can be easily realized,
thus even GSM is not a strict model of the real neural electric source,
it provides more general adaptation for various practical problems
than the previous DSM and ISM.

2.4. Linear inversion problem and LORETA

Based on DSM, EEG inverse problem can be stated as

Y = AX + E, (2)

where Y is the scalp recordings ofM×1,M is the number of electrodes.
A is the lead field matrix of M×3N, where N is the size of the solution
space, 3 indicates the three orthogonal components of each dipole. X
is the source solution matrix of 3N×1, consisted of N column vectors
of size 3×1, X(j) for each grid node in solution space, j = 1, . . . ,N. E is
the noise vector in the recordings. Here M is usually much smaller
than N. Eq. (2) is a linear equation, and the EEG inverse problem is
to solve this equation. In LORETA [11,18], the solution is

X = W−1AT [AW−1AT ]+Y , (3)
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where [ ]+ denotes the Moore–Penrose pseudo-inverse. The
weighted matrix W is defined as

W = B × diag(‖A1‖, ‖A2‖, . . . , ‖A3N‖), (4)

where B denotes the discrete spatial Laplacian operator; ‖Ai‖ is the
ith column norm of the lead field matrix A.

2.5. FOCUSS

FOCUSS is an energy localized iterative procedure [12,23]. By a
linear transform X = Wq, Eq. (2) is changed to{
min ||q||
s.t. : AWq = Y .

(5)

FOCUSS is an iterative procedure and in its kth iteration the transform
Wk is a diagonal matrix constructed by the prior iteration solution
Xk−1. The iteration procedure can be briefly stated as the following
two steps:

(1) Wk = Diag[1/‖A1‖, . . . , 1/‖A3N‖] × (Diag(Xk−1)), (6)

(2) Xk = WkW
T
k A

T (AWkW
TAT )+Y , (7)

where ‖Ai‖ is the norm of the ith column of the matrix A. Wk is con-
structed directly from the amplitudes of the elements of Xk−1 esti-
mated in the preceding steps, which in turn enhances some of the
elements in Xk−1 having large amplitude. As FOCUSS tends to en-
hance those prominent solution elements with relatively large am-
plitude and simultaneously decrease the remaining elements until
they become zero during iteration procedure, a proper initializa-
tion is important for correct localization when FOCUSS is used. The
smooth source distribution provided by LORETA is the widely ac-
cepted choice in current practice. In each step of the current FOCUSS,
the solution space is the same, 3N in our model. The algorithm must,
therefore, repeatedly handle large matrices, even though many el-
ements in the solution are forced toward zero during the iteration
procedure. Moreover, there is nothing inherent in the methodology
to limit an increase in error from the current iteration to the next.
And if some real sources are incorrectly eliminated at some previous
steps, it is hard to recover them in the subsequent iterations [22].

2.6. GIA

In GSM, we assume the sources in a local area are approximately
of same orientation with strengths in Gaussian distribution. Com-
bining GSM with the iterative strategy of FOCUSS, we have a new
algorithm-GSM based Iterative Algorithm (GIA), which can be real-
ized with the following steps:

(1) Initialization: Iteration index k = 1; the maximum iteration
number Tmax and the tolerances error � to terminate the iter-
ation; initialize source distribution X0 with LORETA solution;
initialize neighboring range d1 for searching a local peak in X0.

(2) Solve Eqs. (6) and (7) for Xk.
(3) GSM process: Determine the parameters of GSMs as follows.

(i) GSM center: Each GSM center is defined as the grid node
which meets the following two conditions: (a) its magni-
tude P (a scalar term) is larger than 1% of the maximum
value in the entire solution space and (b) P is the largest one
among the nearest six neighbors (for boundary nodes, the
number of the nearest neighbors may be smaller than 6).

(ii) GSM neighbors: Neighbors of each GSM consist of these
nodes within the sphere located at the center of this GSM
with radius dk.

(iii) Adjust the source at each GSM neighbor: The source strength
is re-determined by the Gaussian function. For such as the
ith GSM, firstly, its �i is determined, and then, the dipole
moment is readjusted. �i is defined by the local maxi-
mum Pmax and the mean value of its nearest neighbors
Pneighbor:

�2
i = D2/ln(Pmax/Pneighbor), (8)

where D is the distance between the local maximum and
its nearest neighbor, the inter-grid distance. The dipole
moment of a neighbor node noted by position vector sj is
determined by

Qj = Qi × exp

(
−‖si − sj‖2

�2
i

)
. (9)

The Qi denotes the dipole moment of the center node i,
its magnitude is the local maximum Pmax. The si and sj
are the spatial position vectors of the grid nodes i and
j, respectively. If Pj, norm of Qj is larger than that of the
current solution at node j, norm of Xk(j), Qj is set to node
j. Otherwise, moment of node j will not be changed.

(4) Solution space shrinking: Redefine the solution space to include
only the nodes covered by GSMs. i.e., only keep the correspond-
ing elements in X and columns in A. The size of matrix X and A
will, thus, decrease with subsequent iterations. After each iter-
ation, take the new A for Eqs. (2), (5)–(7), and set dk+1 = dk/2.

(5) Termination judgment: k = k+1, repeat steps (2), (3) and (4) until
a stopping condition initialized in step (1) is satisfied, as dis-
cussed below.

(6) GIA solution: Let the solution of the last iteration be the GIA
solution.

Note that steps (3) and (4) are the smoothing and shrinking oper-
ations that modify the solution space. In our practice, we stop chang-
ing the solution space when any of the following conditions are met:
(1) The new solution space has fewer nodes than the number of sen-
sors; (2) the difference between the current and the last solution is
smaller than the iteration termination error �, i.e., ‖Xk − Xk−1‖<�;
and (3) the iteration step is larger than the max iteration (k>Tmax).
The first condition implies that the shrinking operation has turned
the under-determined problem into an over-determined problem.
The second condition indicates the solution has converged. In either
case, we stop the shrinking and smoothing operations and repeat
only step (2) until convergence. Step (2) transforms the procedure
into a FOCUSS process and it is guaranteed to converge as shown
in reference [23]. Detailed discussion about convergence is given in
Section 4.

2.7. Head model

As shown in Fig. 2, simulations were conducted on a standard
3-shell realistic head model registered to Talairach human brain at-
las [28]. The conductivities for brain tissue cortex, skull and scalp
are 1.0, 0.0125, and 1.0�−1 m−1, respectively. The solution space
is restricted to cortical gray matter and hippocampus, consisting of
6777 nodes at 5-mm spatial resolution. The lead field matrix cal-
culated with dipole model by boundary element method (BEM) is
of 129×20331, where 20331 = 6777×3. The origin of the coordinate
system is defined as the midpoint between the left and right preau-
riculars, and the directed line from the origin through the nasion
defines the +X-axis, the +Y-axis is the directed line from the origin
through the left preauricular. Finally, the +Z-axis is the line from the
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Fig. 2. The 3-shell realistic head model and solution space used to define the forward model: (a) the three meshes correspond to the scalp, the skull and cortex. The red dots
indicate the position of the 129 EEG channels and 3 EOG channels. Channel locations were registered to the scalp meshes and (b) solution space of the inverse problem.
The upper-left slice is the lowest part of the brain; the lower-right slice is the topmost part of the brain. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

origin toward the top of the head (through electrode Cz). The 129
electrodes were registered on the scalp.

2.8. Evaluation indexes

In this work, we take the following three evaluation indexes. One
is the localization error [4], Elocalization, which is the distance between
the simulated and the estimated point source, the center of DSM,
respectively, the estimated one is automatically searched within a
spherical volume with radius re centered at the assumed one; the
second is the source energy error [4], Eenergy = ‖Xest − Xmax‖/‖Xest‖,
which is used to measure the source energy recovery ability, where
Xmax is the moment of the simulated point source or the moment at
the center of DSM, Xest is the moment of the estimated source with
maximum power within a spherical volume with radius re centered
at the simulated one. The third is the normalized blurring index (NBI)
in region of interest (ROI) to measure the spatial resolution ability

[21], NBIi =
√∑

l‖rl − ri‖2X2(l)/
∑

lX2(l)/
√∑

l‖rl − ri‖2/
∑

l1, where the
subscript i refers to a grid node of the solution space in the 3-D
model, for assumed point source, it is selected as the actual node
position of the simulated point dipole, for the assumed DSM, it is
the center node. For the reconstructed distributions, it is selected
as the node with maximum power within a spherical volume with
radius re centered at the simulated one. The subscript l refers to the
neighboring nodes within the spherical ROI with radius rn centered
at the node i, and

∑
l1 is the total nodes in this ROI. X(l) is themoment

value at node l, sl and si are the spatial position vectors corresponding
to the grid nodes l and i, respectively. Generally, the smoother the
sources in ROI are the closer to 1 the NBI is; otherwise, if the sources
are sharply distributed, NBI is close to 0. Obviously, for well isolated
sources, a small NBI is expected. An excellent localization algorithm
should be of low Elocalization, Eenergy, and a NBI similar to the NBI of
the actual source.

In this paper, the noise-to-signal-ratio (NSR) is defined as the ratio
between the power of noise and that of signal. In all the simulations,
the maximum iteration number was 10 for FOCUSS and 6 for GIA.

3. Results

3.1. Tests for isolated point source

In this simulation, we evaluate the efficiency of LORETA, FOCUSS
and GIA when applied to localize three isolated sources. Three dipole

sources with moments of (2.64, 6.60, −5.28), (1.78, 8.91, −1.78) and
(−6.11, 3.82, −7.64) were placed at three isolated positions (10, 25,
−20), (−15, −75, 15) and (40, −25, 50) (mm), respectively. The scalp
potentials were obtained by BEM and contaminated with Gaussian
noise of different NSRs. For different NSR cases, LORETA, FOCUSS,
and GIA were taken for source imaging. The Elocalization and Eenergy
were calculated with re =25mm. For NBI, rn =25mm and the center
for calculation is at the position of the estimated source with the
maximum power. The localization results were shown on the MRI
slices in Fig. 3 and the performances in all noise cases were shown
in Fig. 4.

As shown in Figs. 3 and 4, among these three localization algo-
rithms, the estimated sources areas with LORETA were mostly blur-
ring, usually large clouds on the MRI slices, and the Elocalization, Eenergy,
and NBI of LORETA were relatively large when compared with the
other two methods. While in all simulated cases, LORETA could es-
tablish a relatively strong source at the corresponding simulated
source position like that with NSR = 0.15 shown in Fig. 4. For FO-
CUSS, when NSR< 0.05, the Elocalization, Eenergy, and NBI were small,
which meant that the localization ability of FOCUSS under low NSR
was good for isolated sparse sources. But for NSR> 0.05, FOCUSS
was not stable with a remarkable increase of Elocalization, Eenergy. As
shown by Fig. 4 for NSR = 0.15, no strong sources were obtained by
FOCUSS at the assumed source positions, even some far away fake
weak sources were generated. For GIA, in all the cases, the Elocalization
was nearly 0.0. Comparing GIA with FOCUSS (Fig. 4), the sources
configuration localized by GIA was much clearer and of fewer fake
sources. The Eenergy and NBIs of GIA were also relatively small. All
the three indexes showed that GIA was much stabler over noise than
FOCUSS.

Furthermore, the statistical performances of these three algo-
rithmswere evaluated by a way similar to theMont Carlo simulation.
As the literature [13,22] described, by placing one dipole source on
each grid node (totally 100 randomly selected nodes) of the solution
space, Elocalization and Eenergy were calculated for each grid node, and
then the mean and standard deviation (SD) of Elocalization andEenergy
were calculated, respectively. For each of the 100 positions, a dipole
with moment randomly selected within [−5, 5] was put on it. And
for each case, the simulated scalp data was mixed with NSR = 0.1.
Elocalization and Eenergy were calculated between the simulated one
and the estimated source with maximum power, and NBI was calcu-
lated at the position of the estimated source with maximum power.



Author's personal copy

982 X. Lei et al. / Computers in Biology and Medicine 39 (2009) 978–988

Fig. 3. Localization results of LORETA, FOCUSS and GIA on MRI slices at the simulated source positions for three isolated sources under noise of NSR = 0.15: (a) LORETA,
the nodes with power smaller than 1% of the maximum value in the entire brain volume are discarded; (b) FOCUSS localized sources; (c) GIA localized sources. Colorful
rectangle area is the estimated source location; the center of circle is the simulated source. Blue circle around the colorful rectangle area indicates the overlapping area of
the simulated source and the estimated source; green circle indicates those simulated source locations that are not overlapped with the positions of the estimated sources;
green arrow indicates those estimated sources locations near the simulated sources. In LORETA results (a) and FOCUSS results (b), no corresponding sources at the position
of simulated deep source 1 were found. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

The mean and SD of the three evaluation indexes for the 100 cases
were shown in Fig. 5. As the results show, LORETA has the largest
Elocalization, Eenergy and NBI, GIA has the smallest Elocalization, and NBI of
GIA is smaller than LORETA, but larger than FOCUSS. That is to say,
the isolated point-like source can be robustly localized by GIA with
an acceptable distance and energy error. While, due to the smooth-
ing effect of GSM, the solution of GSM is a little smoother than
FOCUSS, but it is much more regional than LORETA.

3.2. Test for extended sources

In this section, the results for two focally distributed sources were
shown. One DSM with 27 dipoles were placed within a sphere cen-

tered at (−15, −75, 15) (mm) with radius of 5
√
3mm, the dipole mo-

ment was set according to a Gaussian distribution with � = 11.7. An-
other DSM with seven dipoles were placed within a sphere centered
at (60, −25, 35) (mm) with radius of 5mm. The dipole moment was
the same within this sphere. They were listed in Table 1 (NSR = 0.1).

The above three indexes for these focally extended sources were
calculated as follows. The central of the simulated DSM was taken
as the reference node. Elocalization was the distance between the ref-
erence and the node with the maximum power in the estimated
sources. NBIs were calculated with rn=30mm-sphere centered at the
central positions of the simulated or the estimated dipoles withmax-
imum powers, respectively. Eenergy was the average obtained over all
the simulated or estimated sources, respectively. The results on MRI
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Fig. 4. Localization indexes at different noise NSRs: (a) Source 1; (b) Source 2; and (c) Source 3.

Fig. 5. Statistical features of the three methods: (a) mean and SD of Elocalization; (b)
mean and SD of Eenerge; and (c) mean and SD of NBI.

slices near the simulated sources area were shown in Fig. 6 and the
indexes were listed in Table 2, too.

On theMRI slices, the estimated sources area by LORETA (FOCUSS)
was much broader (smaller) than actually it was, and that of GIA
was similar to the true case. The nodes number with power larger

than 50% of the maximum in the entire brain volume was 152 for
LORETA, 17 for FOCUSS and 33 for GIA, respectively. For the assumed
DSM source with Gaussian distribution, the Elocalization and Eenergy of
GIA were 0.3208 and 0.3121mm, respectively, and they were the
smallest among the three methods. The NBI of GIA was 0.9613, the
closest to the actual NBI (0.9339). These factsmean that, GIA perfectly
reconstructed this DSM with Gaussian distribution. For the assumed
DSM source, the Elocalization and Eenergy of GIA were 0.0 and 0.0191,
respectively, and they were the smallest among the three methods,
too. The NBI of GIA was 0.9800, a similar value of LORETA (0.9825),
and they are close to the actual 1.000. However, by FOCUSS, only one
node is found, and its NBI (0) is far away from the actual one. These
facts mean that, with the emphasis on the sparsity of the extended
source, FOCUSS may converge to an over-sparser solution with fewer
dipoles. Apparently, FOCUSS is not suitable for DSM, and GIA is still
meaningful for DSM.

The ideal case is that all the simulated distributed source be re-
covered correctly, it is rather difficult for EEG inverse problem, and
generally if most of the estimated sources are located near or within
the simulated area and the difference of NBI between the simu-
lated distributed source and the estimated distributed source is not
too large, the localization could be thought to be successful for the



Author's personal copy

984 X. Lei et al. / Computers in Biology and Medicine 39 (2009) 978–988

Table 1
Moment and position of each dipole.

Source Moments Positions [x, y, z] (mm)

Gaussian distribution [−1.1547 −5.7735 1.1547] Center of source 1: [−15, −75, 15]
[−0.9623 −4.8113 0.9623] [−15 −75 10] [−20 −75 15] [−15 −80 15]

[−15 −70 15] [−10 −75 15] [−15 −75 20]
[−0.8019 −4.0094 0.8019] [−20 −75 10] [−15 −80 10] [−15 −70 10] [−10 −75 10]

[−20 −80 15] [−20 −70 15] [−10 −80 15] [−10 −70 15]
[−20 −75 20] [−15 −80 20] [−15 −70 20] [−10 −75 20]

[−0.6682 −3.3411 0.6682] [−20 −80 10] [−20 −70 10] [−10 −80 10] [−10 −70 10]
[−20 −80 20] [−20 −70 20] [−10 −80 20] [−10 −70 20]

Uniform distribution [4.0637 −1.6932 2.3705] Center of source 2: [60 −25 35]
[60 −25 30] [55 −25 35] [60 −30 35]
[60 −20 35] [65 −25 35] [60 −25 40]

extended source [10]. By the estimated source locations onMRI slices
(Fig. 6) and the indexes in Table 2, all the three methods were suc-
cessful in this simulation study. Each of them established a corre-
sponding equivalent source distribution, and the differences among
them were that the result of LORETA was a blurring and enlarged
area, and that of FOCUSS was a little sparse and focal areas, only GIA
almost correctly recovered the features of both DSM with Gaussian
and uniformly distribution sources. This simulation also showed that
different localization method may result in a different equivalent
source distribution and the difference should be taken into account
in explanation of the result for an EEG inverse problem, especially
for the real EEG data [10].

3.3. Real data test

3.3.1. Experiment
Classical experiment paradigm of spatial selective attention was

adopted to acquire the ERP recordings [29–31], data were collected
in a spatial selective attention study with the NeuroScan System [32].
Ten normal healthy right-handed subjects include seven males and
three females, 22–34 years old, were recruited from universities in
Beijing. They had no hearing and seeing problems andwere paid after
testing. The stimulus consists of two different sizes of small circular
checkerboards. The bigger checkerboard is the standard stimulus and
the smaller one is the target stimulus, with a probability of 80% and
20%, respectively. All stimuli were presented to left or right visual
field with a rapid random sequence and each subject was required
to focus on one visual field at a time and respond to the targets using
a keyboard. The durations of the stimuli were 59ms and the inter-
stimulus interval (ISI) ranged randomly between 250 and 550ms.
Total 16 blocks were presented, each block consisted of 100 trials
and short breaks were allowed between blocks.

The same electrodemontage as that used in simulation is adopted
to record EEG in this experiment. Considering the signal quality, the
recordings are visually inspected and the bad or artifact contami-
nated channels and the three EOG channels are not involved in the
further analysis, and 119 sensors in the 132 sensors are finally used
for EEG source estimation. Grand average visual ERPs over ten sub-
jects recorded from 119 scalp sites were analyzed. EEG was digitized
at a rate of 250Hz and average reference was adopted. The elec-
trooculogram (EOG) was recorded, trials contaminated with EOG ar-
tifacts (mean EOG voltage exceeding ± 80�V) or those with artifacts
due to amplifier clipping, bursts of electromyographic (EMG) activity,
or peak-to-peak deflection exceeding ± 80�V were excluded from
averaging. Electrode positions (localized by NeuroScan System) are
group-averaged over ten subjects. Then positions are coregistrated
to our standard 3-shell realistic head model. Attention to the stimu-
lus location produces increased amplitude of the P100 (80–130ms)
component over the contra-occipital scalp [31]. In the present study,

the data with attention to the right visual field and stimulus loca-
tion in the same field (attended data), and the data with attention to
the left visual field and stimulus at the right visual field (unattended
data) were analyzed in detail.

As shown in Fig. 7, an enlarged P100 component was observed
over the hemisphere contralateral to the attended right visual field
in O1, which is in line with previous studies [29–31]. P100 shows
a significant peak at 96ms after the onset of the target, and the
following analysis is focused on this component.

3.3.2. Result and discussions of attended VEP
For attended case, as shown in Fig. 8, the activations in the bilat-

eral inferior temporal (Brodmann area 20, Fig. 8(a.1)) and fusiform
gyrus (Brodmann area 19 Fig. 8(a.2)) were detected by LORETA. How-
ever, the active on right calcarine cuneus (Brodmann area 17 Fig. 8
(a.3)) is hard to correlate with certain cognitive function because a
stimulus at the right would mainly result in neural activities at the
left occipital cortex. FOCUSS localized activations in right inferior oc-
cipital (Fig. 8(b.1)) and left fusiform gyrus (Brodmann area 19, Fig. 8
(b.2)). The action on right inferior occipital is also difficult to explain.
For GIA (Fig. 8(c)), three activation areas were detected: temporal
fusiform gyrus (Brodmann area 19), occipital fusiform gyrus (Brod-
mann area 37) and middle occipital gyrus (Brodmann area 19). These
strong activations all are in the contralateral (left) dorsal occipital ar-
eas (Fig. 8(c.1-2)), which are associable with sustained attention and
the focal early ERP positivity effect [30]. The effect in the fusiform
gyrus (Fig. 8(c.3)) seen in the present experiment may reflect some
activation of the ventral pathway for object analysis or other higher-
order processing as lateralized attention to right visual stimuli may
result in both ventral (fusiform gyrus) and dorsal (middle occipital
gyrus). Compared with the other two methods, GIA result is more
consistent with previous functional neuroimaging studies [29]. Sim-
ilar to the simulations, activations detected by LORETA were of large
area and the activations localized by FOCUSS and GIA were relatively
sparse and local, and the result of GIA seems most meaningful.

3.3.3. Result and discussions of the difference between attended and
unattended VEP

The reasonable result of GIA spirit us to analyze the difference
data between attended and unattended data in detail. As shown
in Fig. 9(a), under condition of unattended, the activations in the
bilateral inferior temporal and fusiform gyrus were detected and
contrast with the result of attended data (Fig. 8(c)), fewer cortexes is
active. More interesting is that, compared to the attended condition,
the area coverage is reduced. This is intelligibly as that the spatial
attention exerts a gain control or selective amplification of sensory
information flow in the visual pathways, thus the involved neural
mass may be different for the attended and unattended cases. By GIA,
the support range of a neural eventmay be recoveredwith dynamical
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Fig. 6. Localization results of LORETA, FOCUSS, and GIA on MRI slices near the
simulated sources area for a focally extended source under noise of NSR = 0.15.
(a) GSM centered at (−15, −75, 15) (mm) with radius of 5

√
3mm, DSM centered

at (60, −25, 35) (mm) with radius of 5mm; (b) LORETA; (c) FOCUSS; and (d) GIA.
Colorful rectangle area is the estimated source location; the center of circle is
the simulated source. Blue circle around the colorful rectangle area indicates the
overlapping area of the simulated source and the estimated source; green circle
indicates those simulated source locations that are not overlapped with the positions
of the estimated sources. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

adjustment of −�. In Section 4, we will discuss this in more
detail.

To verify the exact localization of this early spatial attention
effect, the difference data between attended data and unattended
data were analyzed to eliminate any nonspecific arousal or motiva-
tional effects. As shown in Fig. 9(b), the effect is only localized in

the fusiform gyrus. This result is consistent with previous ERP and
blood-flow neuroimaging studies [29–31]. Our results provide sup-
port for the hypothesis that neural activity in the posterior fusiform
gyrus was modulated by spatial attention over the latency range
90–130ms, and it is consistent with the combined ERP and blood-
flow neuroimaging evidence [30].

4. Discussions

ISM may be a good choice for really focal neural activity of the
brain. DSM, in the other hand, may be appropriate to other cases,
such as complex cognitive processes and widespread epileptic dis-
charges. In this work, we present GSM, consisting of a “group” of
sources, being determined by the center of the “group” and the sup-
port range of a Gauss distribution to combine the advantages of ISM
and DSM. Based on GSM, we developed GIA to tackle the EEG inverse
problem. The above simulation tests show that GIA can localize both
isolated and extended sources robustly. In addition, GIA was applied
to spatial attention task data measured in a real condition and suc-
cessfully reconstructed sources on contralateral occipital cortices,
which is consistent with the psychological assumption [30].

In literature [23], it was proved that FOCUSS is absolutely conver-
gent with at least a quadratic rate of convergence. In GIA, we adopt
the same steps as FOCUSS, except that the search space is smoothed
by Gaussian function with the flexible support range, so the behavior
of the searching space is the only factor that may affect the conver-
gence of GIA. Indeed, using Gaussian function distribution for each
area, the search space may become larger than that of the previous
step, which may cause the process failed to converge. To avoid this
case, as described in Section 2.6, we stop the “GSM process”, the so-
lution space iteration, and continue the iterative calculation along
the basic FOCUSS in a fixed solution space which is guaranteed to
converge. Apparently, in this way, GIA is always convergent.

We highlight the smoothing process of GIA. In contrast with FO-
CUSS, which iteratively weights the solution space to reinforce or
weaken regions of the solution space where the source strengths
are relatively strong or weak, respectively. And in this process, some
fake sources due to measurement noise are not easy to be inhibited;
some spurious peaks may exist in the final result. In GIA, the Gaus-
sian function effectively filters the spiky spurious sources and im-
poses a relatively weak weighting on the corresponding nodes in the
following iterations. This smoothing process gives more opportunity
to avoid falling in local minima, which is similar to the simulated
annealing (SA) optimization [20] in finding the global minimum.

In this work, GIA was evaluated first by various computer
simulations, and the result indicates that GIA can improve the lo-
calization ability when compared with FOCUSS and LORETA. The
improvement was due to the using of a Gaussian kernel to reduce
spurious sources, which may be problematic for the FOCUSS algo-
rithm [12] when strong noise existed in the EEG recordings. The
support range parameter of the Gaussian function � directly affected
those GIA performances such as elimination of spurious sources and
the spatial resolution, a larger one avails for the removing of noise
and a small one corresponds to a high (local) spatial solution. The
dynamic adjustment of � provides the iteration a stable process
from an initial smooth filter for removing spurious sources to a
final relative focal localization. When the actual source is ISM, the
final smoothness of the smoothing operator is almost zero, and GIA
is the same as FOCUSS. In case of an extended source distribution,
the support range of the smoothing kernel will be spread widely,
and GIA was likely to give a blurred solution, just like LORETA. The
smart adjustment of � makes GIA a flexible integration of FOCUSS
and LORETA.

The above simulation studies indicate that GIA is able to recover
various sources, isolated point sources or distributed sources. GIA
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Table 2
Evaluation indexes for extended source under noise of NSR = 0.15.

Index GSM centered at (−15, −75, 15) (mm) DSM centered at (60, −25, 35) (mm)

Simu. LORETA FOCUSS GIA Simu. LORETA FOCUSS GIA

Elocalization (mm) 0 3.1751 2.0734 0.3208 0 5.4003 4.2857 0
Eaverage 0 0.8937 0.4629 0.3121 0 0.927 0.8731 0.019
NBI 0.9339 0.8847 0.8744 0.9613 1 0.9825 0 0.98

Fig. 7. Visual evoked potential collected in a spatial attention task. The stimulus is in the right visual field. Upper part: Averaged time series between 0 and 200ms after
stimulus onset, the blue curves stand for attentive state (atten.), and the green curves stand for un-attentive state (unatt.). Lower part: Averaged scalp patterns at 96ms and
difference of attentive and un-attentive pattern (atten.–unatt.). (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article.)

improved the localization ability by iteratively reducing possible spu-
rious sources in a Gaussian smoothing strategy. The combination of
GSM into the weighted minimum norm solution (WMNS) can force
the solution to robustly converge to a reasonable distribution with
desired localization and energy error. Furthermore, the solution of
GIA is Gaussian distributed in the brain area, which might be phys-
iologically consistent with the actual brain activations with large
number of neurons.

In ISM, the widely adopted algorithms are various optimization
approaches; In DSM, linear approach (such as LORETA) and iterative
linear approach (such as FOCUSS) is the usually accepted realization.
For GSM, though an iterative linear approach is proposed in this
paper, it can be realized by optimization approach, too. And this fact
again shows that GSM is an advantage integration of ISM and DSM,
and that is why our simulation studies indicate GIA is able to recover
various sources from isolated points to distributed ones.

In current work, we adopted an isotropic Gaussian function in the
three orthogonal directions. For actual neural activities, it may be
anisotropic, thus an anisotropic GSM may be a better model of the
actual distributed sources. For anisotropic GSM, the current scalar

� will be replaced by a vector �. In general, the anisotropy may
be assumed by possible anatomic information, or determined by
applying Eq. (9) for the three orthogonal directions separately.

In summary, GSM and GIA improved the localization ability by re-
ducing spurious sources. The validation of GIA for EEG source imag-
ing is confirmed by the above simulation tests and a real data test.
GIA appears to have small localization and energy error, and it is ro-
bust to noisy data. The combination of GSM into WMNS can force
the solution to converge to the actual source. Furthermore, in our
practice, GIA is efficient, as only several iteration steps are needed
for the algorithm to converge.
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Fig. 8. The activations of attended case detected by these three methods: (a) LORETA, (a.1) left temporal inferior, (a.2) left fusiform gyrus, (a.3) right calcarine cuneus; (b)
FOCUSS, (b.1) right inferior occipital, (b.2) left fusiform gyrus; and (c) GIA, (c.1) left occipital fusiform gyrus, (c.2) left middle occipital gyrus, (c.3) left temporal fusiform gyrus.

Fig. 9. The activations of the difference wave detected by GIA. (a) unattented, (a.1)
left temporal fusiform gyrus, (a.2) left inferior occipital gyrus and (b) attented-u-
nattented, left temporal fusiform gyrus.
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