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ABSTRACT
Spike EEG source localization results are influenced by different errors and approximations, e.g., head-model
complexity, EEG signal noise, electrode misplacements, tissue anisotropy, tissue conductivity noise as well as
numerical errors. For accurate source localization, understanding the affects of these errors on the source lo-
calization is very crucial. Six finite element head models are selected for a head-model complexity study. A
reference head model is used to create the synthetic EEG signals by placing a dipole inside the model to mimic
the epileptic spike activity. To understand the influence of EEG signal noise, tissue conductivity noise and elec-
trode misplacements on the EEG source localization, different level of noises are added to EEG signals, tissue
conductivities and electrode positions, independently. To investigate the influence of white matter anisotropy, a
realistic head model generated from T1-weighted MRI is used and the conductivity anisotropy for the white mat-
ter is calculated from diffusion tensor imaging (DTI). Major findings of the study include (1) the CSF layer plays
an important role to achieve an accurate source localization result, (2) the source localization is very sensitive to
the tissue conductivity noises, (3) one centimeter electrode misplacement cause approximately 8 mm localization
error, (4) the source localization is robust with respect to the EEG signal noise and (5) the model with white
matter anisotropy has small source localization error but large amplitude and orientation errors compared to the
isotropic head model.

Keywords: EEG Source Localization, Model Complexity, EEG noise, Conductivity Noise, Electrode Misplace-
ments, White Matter Anisotropy

1. INTRODUCTION
Surgical therapy has become an important therapeutic alternative for patients with medically intractable epilepsy.
Correct and anatomically precise localization of the epileptic focus is mandatory to decide if resection of brain
tissue is possible. The most important diagnosis tool used at epilepsy surgery centers is electroencephalography
(EEG), which is used to find the source of activities inside the brain by measuring the voltage potential on the
scalp with the EEG electrodes at different locations. The brain activity is often modeled as a current dipole. It
is shown1 that this current dipole is an acceptable approximation for modeling the neural activities in the brain.
The procedure of the EEG source localization deals with two problems. First, the forward problem to find the
scalp potentials for the given current dipole(s) inside the brain and second the inverse problem to estimate the
source(s) that fits with the given potential distribution at the scalp electrodes. Thus, source localization requires
an accurate solution of the inverse problem with a realistic computational effort for solving the forward problem.

Source localization is heavily dependent on the choice of dipole model and several different alternatives have
been suggested in the literature,2, 3 and its accuracy is affected by different factors including, head-modeling
complexity, EEG signal noise, tissue conductivity noise and electrode misplacements. Moreover, the brain white
matter has an anisotropic conductivity with a ratio of about 1:9 (normal:parallel to fibers).11 No direct technique
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Figure 1: a) The 3D head model and b) the 2D reference head model with the label of each tissue.

exists for robust and non-invasive measurement of the conductivity properties, however, recently the relation
between the effective electrical conductivity tensor of brain tissue and the effective water diffusion tensor, as
measured by Diffusion Tensor MRI (DT-MRI), was formulated.13, 14 Understanding the influence of these errors
is very important to have a reliable source localization for pre-surgical workup. EEG-based source localization
is an active field of research,4 but partly due to the aforementioned shortcomings the computational techniques
are not yet part of the standard pre-surgical diagnostic workup.

The paper is outlined as follows. In Section 2 the influence of head model complexity, EEG signal noise,
conductivity noise and electrode misplacement on the EEG source localization are investigated. Moreover, in
Section 2, two methods, i.e., direct and volume normalized, for extracting the white matter anisotropy form
DT-MRI is presented. In Section 3, the numerical results are presented. Finally, Section 4 summarizes the paper
and conclusions are drawn.

2. METHODS
Here we use the modified subtraction method5 to model the dipole in the forward problem. The inverse problem
in EEG source localization uses the scalp EEG signal to estimate the corresponding current source inside the
brain and it is an underdetermined problem and no unique solution can usually be given. To attain uniqueness
it is necessary to impose a priori knowledge on the source distribution. For the inverse problem here we follow
the common practice and choose the parameters such that we have the best fit in least squares sense. We do an
exhaustive search pattern, i.e., inversion is performed for each possible source location in the cortex area inside
the brain, and the location producing the smallest residual norm is selected as the best possible source location.

2.1 Head-Model Complexity
The aim of this section is to understand the effects of head-model complexity on the EEG source localization and
find out the optimal number of tissues for the head-model. Six head models with 4 to 9 tissues were compared
with a reference head model, including all available tissues, see Fig. 1b.
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Table 1: Tissue names and conductivity values in each head model.

GM WM CSF Fat Bone
Marrow

Skin Skull Connective
Tissue Cerebellum Blood

Vessel

Ref. Model
value 0.089 0.0581 2.000 0.0208 0.0018 0.0002 0.0201 0.1628 0.109 0.7
Y/N Y Y Y Y Y Y Y Y Y Y

Model #1
value 0.0581 0.0581 2.000 0.0208 0.0018 0.0002 0.0201 0.1628 0.109 0.7
Y/N N Y Y Y Y Y Y Y Y Y

Model #2
value 0.0581 0.0581 0.0581 0.0208 0.0018 0.0002 0.0201 0.1628 0.109 0.7
Y/N N Y N Y Y Y Y Y Y Y

Model #3
value 0.089 0.0581 2.000 0.0201 0.0201 0.0002 0.0201 0.089 0.089 2.000
Y/N Y Y Y N N Y Y N N N

Model #4
value 0.089 0.0581 0.089 0.0201 0.0201 0.0002 0.0201 0.089 0.089 2.000
Y/N Y Y N N N Y Y N N N

Model #5
value 0.089 0.0581 0.0581 0.0201 0.0201 0.0002 0.0201 0.089 0.089 2.000
Y/N Y Y N N N Y Y N N N

Model #6
value 0.089 0.0581 0.0201 0.0201 0.0201 0.0002 0.0201 0.089 0.089 2.000
Y/N Y Y N N N Y Y N N N

Table 1 shows all the head models with their tissue names and conductivities values. In Table 1, the Y” in
each cell means that the corresponding tissue is present in the model and “N” means the tissue is not included
in the model. A reference head model was used to create synthetic EEG signals by placing an artificial dipole
source inside the model to mimic the brain activity.

2.2 Noise Study
A more realistic case closer to the clinical practice is to add noise to the model. To understand the influence
of noise on the EEG source localization here different levels of noise are added to a) EEG signals, b) tissue
conductivities and c) electrode positions. Model #3 that obtained best results without noise (see Section 3.1) is
used. In the real EEG, signal to noise ratio (SNR) which is defined as

SNR = 10log
(
Psignal

Pnoise

)
, (1)

usually has a value between 6 and 10 dB6 where Psignal and Pnoise are the power of the signal and the power of
the noise, respectively. The additive noise is generated such that its power spectrum matches the power spectrum
of human EEG.7

For the conductivity noise a random Gaussian noise with variance δ is added to the tissue conductivity values
according to

σnoise = σ + δ rand(), (2)

where σ is the tissue conductivity and rand() is a random Gaussian noise with zero mean and variance one.
Moreover, in real cases the electrode positions could be shifted approximately 1 cm. Here we added 7 levels of
random noise to generate the electrode misplacements between 4 mm and 10 mm for a 3D head-model, see Fig.
1a. For all three noise studies, each level of the noise is run 500 times to do statistical analysis and the mean of
the results are calculated.

2.3 Modeling Tissue Conductivity Anisotropy
This section describes the modeling of realistic white matter (WM) conductivity anisotropy, for the generation of
realistic anisotropic high-resolution volume conductor models of the head. Conductivity anisotropy, directionally
dependent, with a ratio of about 1 to 9 (normal to parallel to fibers) has been measured for brain WM by
Nicholson,11 however, a robust and non-invasive direct measurement seems to be challenging. Nevertheless,
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Figure 2: The fractional anisotropy image after registration of the T1 anatomy (top row), the color coded first
eigenvector of the DTI tensor co-registered with the T1-weighted MRI (bottom row).

a formalism has been described recently for relating the effective electrical conductivity tensor to the effective
water diffusion tensor in brain WM.12–14 Water diffusion can be measured non-invasively by DT-MRI. The mutual
restriction of both the ionic and the water mobility by the geometry of the porous medium (the WM fibers) builds
the basis for the described relationship. Basser et al.15 introduced the assumption that the conductivity tensor
shares the eigenvectors with the water diffusion tensor. The assumption is not that a fundamental relation exists
between the free mobility of ionic and water particles, rather that the restricted mobilities are related through
the geometry.

Two approaches are proposed in the literature for extracting the tissue anisotropy from DT-MRI, namely a
“direct mapping”16, 17 and a “volume normalized mapping”.18 The direct mapping simply scales the DTI tensors
to get the conductivity distribution. The volume normalized mapping uses the anisotropy information of the
DTI data, while maintaining the mean conductivity of the tensors at a predefined value, e.g., the WM or GM
isotropic conductivity. This approach prevents the problem of very high peak conductivity values that can occur
when the direct mapping is used.

The procedure to prepare the diffusion weighted images for the subsequent estimation of the conductivity
tensors, is based on the processing steps implemented in FDT.19 A brain mask is extracted from the first b-
value, sensitivity to diffusion, equal to zero image and the remaining images are corrected for head movements
and distortions caused by eddy-currents using a linear affine co-registration to this first b-value image. After
fitting the diffusion tensors and determining the fractional anisotropy (FA), the FA image is co-registered to
the structural T1-weighted image. A two-step procedure is used to account for local distortions in the diffusion
weighted images, starting with an affine registration and then applying a nonlinear registration. The resulting
warp field is applied to the DTI data, thereby ensuring that the correct diffusion directions are preserved. Fig.
2 shows the FA and color coded first eigenvector of the DTI tensor registered with the T1-weighted MRI, which
illustrates the fiber orientation map from a DT-MRI. Finally, the conversion schemes from the diffusion to
conductivity tensors are applied. In the next section we present two variations of these conversion schemes.

2.3.1 Direct Mapping
Tuch et al. in17 showed a linear relationship between the eigenvalues of the diffusion and conductivity tensors

σv = sdv, (3)
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where σv and dv represent the vth conductivity and diffusion eigenvalue, respectively, and s is a scaling factor.
With this assumption, the anisotropy ratio between the different diffusion eigenvalues are preserved. Tuch et
al.17 in the original scaling factor reported that results often have unrealistically high conductivity values, and
an adjusting scaling factor was applied to make sure that the conductivity stays in a reasonable range.16 The
factor s was selected such that the geometric mean of the conductivity eigenvalues, averaged across voxels, fitted
that of the isotropic conductivities reported in the literature. Thereby, a single factor s was chosen for GM and
WM such that the mean conductivities derived from DTI for both tissue types matched the isotropic reference
values as good as possible in a least-squares sense,

s = dW Mσiso
WM + dGMσ

iso
GM

d
2
WM + d

2
GM

, (4)

where σiso
WM and σiso

GM denote the isotropic conductivities of WM and GM, respectively. Typical conductivities
σiso

WM = 0.142 S/m and σiso
GM = 0.33 S/m were used as isotropic reference values for EEG source localiza-

tion.16, 20, 21 In (4), the average value across voxels of the diffusion eigenvalues d1, d2 and d3 is given by

dWM/GM =
3

√√√√√√
NWM/GM∑

k=1
(d1d2d3)k

NWM/GM
, (5)

where NWM/GM indicates the number of voxels corresponding to WM and GM, respectively.

2.3.2 Volume Normalized Mapping
An alternative for conductivity mapping from DTI is to locally match the geometric mean of the conductivity
eigenvalues of each single voxel to that of an isotropic reference value.18 This approach is referred to as a “volume
normalized” approach, with the adjusted conductivity eigenvalues being determined by

σi = di
3
√
d1d2d3

σiso
WM/GM. (6)

3. NUMERICAL RESULTS
3.1 Head-Model and Noise study
For our simulations, virtual population head models were used, which consists of eight highly detailed anatomical
whole-body models of adults and children.8 The models or numerical phantoms are based on high-resolution
MR images of healthy volunteers. We chose the 11 year-old girl model. For the 2D case a thin layer of the brain
with 1 mm resolution was selected which had 10 tissues, see Fig. 1a. Thirty equally distant EEG electrodes were
located around the model to measure the potential values. In the 3D case the head model had 2 mm resolution
with five tissues (skull, skin, WM, GM and CSF), see Fig. 1b. The 61 EEG electrodes were placed on the head
surface based on the 10/10 EEG electrode system9 and the conductivity values were taken from a database.10

To evaluate the results, three parameters were calculated; localization error (LE), relative error (RE) and
orientation error (OE). The LE is the distance between the estimated dipole position and the actual dipole
position,

LE = ‖x0 − xest‖, (7)

where x0 and xest are actual and estimated dipole positions, respectively, and ‖ · ‖ is the Euclidean norm. The
relative error is defined as:

RE = ‖uelec − uest‖
‖uelec‖

, (8)

where uelec and uest are actual and estimated electrode potentials, respectively. Moreover, the orientation error
is defined as:

OE = cos−1
(

M0 ·Mest

‖M0‖‖Mest‖

)
. (9)
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Table 2: Numerical results for the head-model study.

Model#1 Model#2 Model#3 Model#4 Model#5 Model#6

LE (mm) 3 20 1 21 24 26
RE (%) 21.13 54.97 0.34 24.77 28.3 36.78

OE (deg) 10 7.5 0.7 9.5 14 21.5

where M0 and Mest are actual and estimated dipole moments, respectively.
Table 2 shows the results for the head-model study. As we can see from Table 2, Model 3 (includes skin,

skull, WM, GM and CSF) had the smallest errors compared to the other models. Moreover, by analyzing the
results with respect to the different tissues in the models, we can see that the models without the CSF had larger
error compared to the others.
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Figure 3: (a) Localization error, (b) orientation error and (c) localization STD for Model 3 with noise added to
the EEG signals. (2D case)
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Figure 4: (a) Localization error and (b) its STD for
Model 3 with noise added to the tissue conductivity
values. (2D case)
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Figure 5: (a) Localization and (b) relative error for
Model 3 with noise added to the electrode positions.
(3D case)

Based on the result presented in Table 1, we used Model 3 for the noise study. In real EEG the background
signals have a frequency between 8 to 13 Hz, known as Alpha rhythm, and its amplitude is in the range 30 to
40 µV . The spike signals usually have duration in the range 30 to 70 ms. The amplitude of these signals could
be from 100 to 200 µV . We have added noise with different levels of SNR with respect to the background EEG.
Fig. 3 shows results for EEG signals contaminated with noises. As shown in Fig. 3, the localization error is less
than 2 mm for SNR equal to 6 and higher. Fig. 4 shows the results for Model 3 with conductivity noise. For
conductivity noise equal to 4% the mean LE is approximately 13.6 mm. Fig. 5 shows the results for electrode
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Figure 6: The maximum eigenvector co-registered to the segmented T1-weighted image. The zoom-in window
shows the corpus callosum area which has the highly anisotropic structures.

position misplacements. For electrode misplacement around 10 mm the LE is approximately 8 mm and the RE
is 17%.

3.2 White Matter Anisotropy
Both the direct and the volume normalized mapping were tested for synthetic EEG source localization with
a realistic head model to investigate the influences of anisotropic WM on EEG source localization. Fig. 6
illustrates the maximum eigenvector co-registered to the segmented T1-weighted image. The zoom-in window
in Fig. 6 shows the corpus callosum area. The corpus callosum is the major white-matter tract that crosses the
interhemispheric fissure in the human brain and it consists of approximately 200 million interhemispheric fibers,
most of which connect homologous regions of the cerebral cortex.22 The corpus callosum with highly anisotropic
cellular structures is a good reference to check the co-registration results visually.

To investigate the influence of WM anisotropy on source localization, a patch of gray matter with 725 voxels
was selected. First, the EEG signals for a model with anisotropic tissues were calculated synthetically by solving
the forward problem. Then the exhaustive search algorithm was used to locate the sources for a model with
isotropic tissues. At each point, dipoles with three polarities, i.e., x-, y- and z-polarity were tested. The relative
errors (RE) are calculated by comparing the isotropic and anisotropic solution at each electrode node as follows

RE = ‖u
aniso
elec − uiso

elec‖
‖uaniso

elec ‖
, (10)

where uiso
elec and uaniso

elec are potential values at electrodes for isotropic and anisotropic models, respectively. More-
over, for a single point source, the localization error (LE) is the distance between the estimated and the actual

Table 3: Mean and standard deviation of the localization and relative error for 725 source positions with three
polarities. The direct and the volume normalized (VN) mapping were used to calculate the WM anisotropic
conductivities from diffusion tensor images.

Direct Mapping VN Mapping
x-polarity y-polarity z-polarity x-polarity y-polarity z-polarity

LE (mm) 5.2±3.1 6.1±3.5 6.5±4.2 4.1±2.2 5.2±2.8 5.7±3.4
RE 0.22±0.03 0.26±0.04 0.20±0.03 0.19±0.04 0.22±0.04 0.17±0.05
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volume normalized mapping.

source position, defined as
LE = ‖xaniso

0 − xiso
0 ‖, (11)

where xaniso
0 is the actual source position in the anisotropic head model and xiso

0 is the estimated source position
in the isotropic head model.

Table 3 presents the mean and standard deviation (STD) of the LE and RE for both direct and volume
normalized mapping. As we can see the WM anisotropy affects the localization approximately 5 mm with a
20% relative error. Fig. 7 shows the localization and relative error results for all three polarities. As we can see
in Fig. 7 the x-polarity dipoles have smaller localization error compared to other polarities. Fig. 8 shows the
relative error projected on the gray matter voxels. This figure indicates that the source positions with strong
support, surrounded by gray matter voxels, have smaller relative compared to those which are closer to or on
the boundary.

4. CONCLUSIONS AND DISCUSSION
In this paper we studied the influence of head-model complexity and different sources of noise on the EEG
source localization. Six finite element head models constructed from MR images were selected for a head-model
complexity study. A reference head model was used to create synthetic EEG signals by placing a dipole source
inside the model to mimic an epileptic spike activity. For the inverse problem an exhaustive search method
was used to estimate the best dipole position and orientation. To investigate the influence of white matter
anisotropy a realistic head model generated form T1-weighted images was used, the conductivity anisotropy
for white matter was extracted from the diffusion tensor imaging (DTI) data. Results showed that the inverse
problem is significantly influenced by the head-model complexity. Based on the model study presented here,
the inverse problem had large localization error for models without the CSF. As normal CSF has long T1 and
long T2 times that manifest as dark signal on T1-weighted images and bright signal on T2-weighted images it
is difficult to segment the CSF accurately. Moreover, the brain extraction step during brain segmentation can
affect the CSF miss-classification significantly since a large amount of CSF is placed in between the brain and
skull compartments.23 For the accurate EEG source localization it is very important to be aware of the CSF
miss-classification. The noise study results showed that the EEG source localization is very sensitive to the tissue
conductivity errors and only 4% noise on conductivity can cause 13 mm localization error. Therefore, an accurate
source localization requires accurate knowledge of tissue conductivity, thus improved measurement methods of
tissue properties are necessary. This is in agreement with other publications.24 Electrode misplacements can
make approximately 17% RE and 8 mm LE for 1 cm electrode positioning error. Although, most of the EEG
electrode digitizers used in a clinical measurement routing have measurement accuracy around 1 mm, patient
movements may shift the EEG electrode positions during a recording. To avoid electrode misplacement error
there is a strong need to develop an electrode positioning system which can localize the electrode positions over
time during a session.25

Proc. of SPIE Vol. 8672  86720N-8



Figure 8: The color coded relative error projected on the gray matter for dipoles with x-polarity (left), y-polarity
(middle) and z-polarity (right) obtained using the volume normalized mapping.

From the white matter anisotropy investigation, we concluded that using a head model with white matter
anisotropic tissue might affect the source localization in the range of millimeters. These results are consistent with
a previous study,18 which concluded that the single-source localization errors resulting from neglecting anisotropy
were found to be smaller compared to errors associated with other modeling errors, such as misclassified tissue
or the use of nonrealistic head models.
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