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2.1.1. Integration over the cut domains
Fundamental cells that are cut by level sets, the cut cells;

can be integrated over by employing a topology preserving
marching cubes algorithm (TPMC) (Engwer and Nüßing, 2017).
The initial cell is divided into a set of snippets, each completely
contained within one subdomain. These snippets are of a simple
geometry and therefore easy to integrate over. Thus, integrals over
the fundamental cell or subdomain boundaries are replaced by
integrals over the snippets or their boundaries. The trial functions
are e�ectively cut o� at the compartment boundaries.

See Figure 1 for an overview of the reconstruction steps.
Notably, the trial functions are coupled to their respective submesh,
not to the TPMC reconstruction of the domain. The latter only
determines the area over which the functions are integrated.

Starting on the fundamental mesh, the algorithm is applied
once per level set. Each following iteration is applied on the cut cells
of the previous iteration, i.e., �rst the fundamental mesh is cut, then
the resulting snippets are cut. This ensures the correct handling of
mesh cells that are cut by multiple level sets.

2.1.2. Source model and transfer matrix
Following the principle of St. Venant, the source term f will be

approximated by a set of monopoles. Where �tted FEM use mesh

vertices as monopole locations, this is not feasible for CutFEM
as fundamental cells may have vertices not belonging to the
source compartment. Only gray matter cut cells are used, and the
locations are based on a Gauss-Legendre quadrature rule. For more
information on the Venant source model, see Buchner et al. (1997)
and Medani et al. (2015).

For an accurate source analysis, it is necessary to compute the
EEG-forward solution for a large number, i.e., tens of thousands,
of possible sources. However, the electric potential induced by a
source is only of interest at a set of predetermined points, namely,
the electrodes at the scalp. However, rather than solving (11) for
each source individually, a transfer matrix approach (Gençer and
Acar, 2004; Wolters et al., 2004) is employed, signi�cantly reducing
the amount of computation time needed.

2.2. Numerical validation

2.2.1. Head models
For numerical evaluations, three progressively more realistic

scenarios were created, two sphere models, one of which contains
realistic brain tissues, and a �ve compartment model created from
anatomical data. For each model, we will compare CutFEM and
a geometry-adapted hexahedral CG-FEM approach (Hex) with a

FIGURE 1

Level sets over fundamental mesh and TPMC reconstruction. Left: Fundamental mesh with two spherical level sets, topology preserving marching
cubes reconstruction. Center: Overlapping submeshes for the two compartments enclosed by the level sets. Right: Trial function space for the inner
compartment with white dots representing degrees of freedom, cut area that the DOF are restricted to.
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FIGURE 2

EEG forward modeling errors for di�erent fundamental mesh resolutions in a shifted sphere scenario. Top: Errors for tangential source directions.
Bottom: Errors for radial source directions. Errors are in percent and grouped by eccentricities. The green line marks optimal error values. The gray
area indicates the physiologically most realistic eccentricities.

TABLE 3 Computation times, RAM/degree of freedom usage in the
shifted sphere model.

CutFEM UDG Hex

Number DOF 552 985 3 601 824 3 341 280

Max. RAM used 6.91 GB 64.77 GB 40.2 GB

Driver setup 44 s 45 s 52 s

Matrix assembly 319 s 161 s 25 s

Solver setup 353 s 235 s 45 s

Solving 1,111 s 2,367 s 1,550 s

Lead �eld 22 s 20 s 125 s

Total time 1,849 s 2,828 s 1,797 s

the �nal lead �eld as the time needed to locate each dipole within
the 2 mm background mesh is lower than the 1 mm hexahedral
mesh. In total, the hexahedral CG was only faster than CutFEM by
a negligible 3% or 52 s.

Error comparisons between CutFEM, UDG, and Hex are
shown in Figure 3. CutFEM outperforms Hex in all eccentricity
categories and for both radial and tangential source directions.
As the pyramidal cells that give rise to the EEG potential are
located in layer 5 of the gray matter (Murakami and Okada, 2006),
eccentricities corresponding to 1�2 mm distance to the skull are the
physiologically most relevant. For eccentricities between 0.96 and
0.98 and both source directions, CutFEM has average RDM/MAG
values of 0.18 and �0.06%, comparable to UDGs 0.17 and �0.2%
and signi�cantly lower than Hex’s 0.94 and 1.57%.

The most pronounced di�erences are at low eccentricities
or when looking at magnitudes. CutFEM performance is similar
for both radial and tangential source directions, and UDG
shows similar or slightly better results at low eccentricities.
However, except for radial RDM’s, UDG deteriorates faster at high
eccentricities above 0.98. As both operate on the same cut mesh, the
larger variance in the UDG results can most likely be explained by
CutFEM’s use of the ghost penalty stabilization. The overall largest
absolute error values for CutFEM are 3.08 % RDM and 8.21 %
MAG, underlining its performance with regard to outliers. Due to
the similar numerical accuracy of CutFEM and UDG, we will only
compare CutFEM and Hex in the following scenarios.

3.2. Sphere containing realistic brain

The results in the previous section were achieved using
analytically computed level sets. Deviating from this, we will
now use a semi-realistic case where realistic brain compartments
are contained within spheres. Again, several di�erent penalty
parameters were tried, showing that a combination of 
 D 40 and
a ghost penalty of 
g D 0.5 yield good results for CutFEM.

The results are presented in Figure 4. Notably, eccentricity is
stated with respect to the distance to the skull. As source points are
only inside the gray matter, the number of source points at high
eccentricities is much lower. The eccentricity groups 0.98, 0.985,
0.99, and 0.995 were thus combined into one group containing 136
points.

Much like before, CutFEM remains well below 1.5 and 2% RDM
and MAG, respectively, whereas Hex has higher median values for
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FIGURE 3

EEG forward modeling errors for Hex and un�tted FEM approaches in a shifted sphere scenario. Top: Errors for tangential source directions. Bottom:
Errors for radial source directions. Errors are in percent and grouped by eccentricities. The green line marks optimal error values. The gray area
indicates the physiologically most realistic eccentricities.

FIGURE 4

Overview of di�erent EEG-errors for �ve layer continuous Galerkin- and CutFEM approaches using realistic brain compartments contained in
spherical skull and scalp shells. Top: Errors for tangential source directions. Bottom: Errors for radial source directions. Errors are in percent and
grouped by eccentricities. The green line marks optimal error values. The gray area indicates the physiologically most realistic eccentricities.

nearly all eccentricities and more outliers going up to more than
1.5% RDM and 4% MAG. CutFEM is again more stable with regard
to outliers and especially when looking at magnitudes, di�erences
between the two methods are in the several percent range.

Overall, it can be stated that CutFEM is about as fast as and
more accurate than Hex and about as accurate as and faster than
UDG.

3.3. Realistic 5-compartment head model

For the �nal part of this study, two lead �elds, one from
CutFEM, one from hexahedral CG, were created using realistic 5-
compartment head models including the gray and white matter,
CSF, skull and scalp tissues. Somatosensory evoked potentials were
acquired from a medianus stimulation of the right hand.
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3.3.1. Lead �eld di�erences
Before looking at inverse reconstructions, we will investigate

the di�erences between the forward results. As the same source
space and electrodes were used for both models, we can again
compute MAG and RDM values. In the absence of an analytical
solution, these measurements cannot capture errors but rather
di�erences between the methods without making a clear statement
which is more accurate.

For visualization purposes, for each gray matter centerpoint
of the Hex mesh, the closest source point is identi�ed, RDM and
MAG are computed for each spatial direction and averages over
the directions are calculated. The results are shown in Figure 5.
Looking �rst at the di�erences between the Hex and TPM-CutFEM
model, we see that in both measures, the highest di�erences can
be observed in inferior areas near the foramen magnum and optic
channels or in superior areas. Overall, the di�erence in potential
distribution was 9.40 � 4.15% and the di�erence in magnitude
was 18.94 � 12.03%. Interestingly, with a correlation coe�cient of
only 0.22, high RDM values do not necessarily coincide with high
MAG values.

When comparing Tet to Tri-CutFEM we see that the di�erences
are signi�cantly smaller. With RDMs of 4.59 � 3.54% and MAGs of
8.74 � 8.30%, they average less than half the di�erences between
the TPM-based models. Additionally, the di�erences between Tri-
CutFEM and TPM-CutFEM are 4.52� 2.86% (RDM)/0.03 �
14.50%(MAG) lower than when comparing Tet and Hex. This is

to be expected as the CutFEM lead �elds only di�er in the way the
surfaces are provided while the di�erences between hexahedral and
tetrahedral FEM also encompass geometry adaptation, multi-linear
vs. linear FE-spaces and local di�erences in mesh resolution.

3.3.2. Reconstruction of somatosensory
stimulation

Finally, all four lead �elds were used to perform a source
reconstruction of the P20 component of an electric wrist
stimulation. Dipole scans were conducted over the entire source
space, the results of which are shown in Figure 6. In total, 93.03
and 92.15% of the data could be explained the TPM-CutFEM
and the Hex lead �eld, respectively, resulting in dipole strengths
of 5.8 and 7.56 nAm. These are slightly weaker than the Tri-
CutFEM and Tet dipoles at 8.1 and 8.7 nAm, respectively. From the
literature (Buchner et al., 1994), one expects the P20 component
to be located in Brodmann Area 3b, located in the anterior wall
of the postcentral gyrus (and oriented toward the motor cortex).
This is in line with the TPM-CutFEM reconstruction while the
other three lead �elds yield reconstructed dipoles that located on
the posterior wall. Overall, the CutFEM-based reconstructions are
located slightly more medial and frontal than their counterparts.
While this is only a single subject study, it shows that the choice of
the FEM method can signi�cantly change the localization result of
a dipole scan.

FIGURE 5

Lead �eld di�erences in distribution and magnitude. Top: TPM-CutFEM vs. Hex, Bottom: Tri-CutFEM vs. Tet. Di�erences are interpolated onto the
gray matter.
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FIGURE 6

Dipole reconstruction results of P20 component of the medianus stimulation based on four di�erent lead �elds: Tet (dark green), Hex (dark blue),
Tri-CutFEM (light blue), and TPM-CutFEM (light green). Left to right: Axial, Coronal, and Sagittal view.

4. Discussion

The purpose of this study is to introduce CutFEM, an un�tted
FEM for applications in EEG forward modeling. After discussing
the mathematical theory behind CutFEM and implementational
aspects, three progressively more realistic scenarios are introduced,
ranging from a multi-layer sphere model to the reconstruction of
somatosensory evoked potentials.

At similar computation times, CutFEM shows preferable results
when compared with a geometry-adapted hexahedral CG-FEM
(Wolters et al., 2007) in both a shifted sphere scenario and a
sphere model with realistic brain tissues. While CutFEM requires
signi�cantly less DOF, both methods require similar computation
times due to the di�erent number of solver iterations. Thus, a
thorough investigation of di�erent iterative solver techniques such
as multigrid methods and possibly a modi�cation of the ghost
penalty will be a part of future studies.

Compared with UDG (Bastian and Engwer, 2009), it is shown
that CutFEM combined with a ghost penalty leads to a decrease in
outlier values at high eccentricities as well as a signi�cant reduction
in memory consumption and computation time.

Using a realistic �ve-compartment head model based on either
tissue probability maps or surface triangulations, we found larger
di�erences compared with standard hexahedral or tetrahedral �rst
order FEM when using TPM. Of all four computed lead �elds,
only CutFEM in conjunction with tissue probability maps correctly
localizes the somatosensory P20 in the expected Brodmann area
3b. Especially in applications such as presurgical epilepsy diagnosis,
such accurate reconstructions might contribute signi�cantly to the
correct localization of the irritative zone (Neugebauer et al., 2022).
The employed somatosensory experiment featured clear peaks and
a high signal-to-noise ratio, making it an ideal candidate for an
initial study. Further investigations and a larger study size are
necessary to determine CutFEM’s contribution to accurate source
reconstructions when used with noisier data and/or more advanced
inverse methods.

In the study by VallaghØ and Papadopoulo (2010), a trilinear
immersed FEM approach was introduced that like CutFEM
employs level sets as tissue surfaces. Rather than using a Nitsche-
based coupling, continuity of the electric potential is enforced by
modifying the trial function space. Compared with CutFEM, no

free parameters such as 
 and 
G are introduced but the absence of
overlapping submeshes means that there is no increased resolution
in areas with complex geometries.

In the study by Windho� et al. (2013); Nielsen et al. (2018),
the process of building a tetrahedral mesh from segmentation data
is investigated. Surface triangulations that are free of topological
defects, self-intersections, or degenerate angles have to be created
before volumetric meshing. The authors show that it is possible
to create such high quality surfaces and subsequent tetrahedral
meshes for realistic head models; however, they may come at the
cost of modeling inaccuracies such as the separation of the gray
matter and skull by a thin layer of CSF.

A main advantage of CutFEM is its �exibility with regard
to the anatomical input data. Level sets can be created from a
variety of sources, such as tissue probability maps, binary images,
or surface triangulations. This simpli�es the question of how to
create a mesh from segmentation data. However, CutFEM does
not answer the question which of these sources should be used in
future. Numerically, one can expect the smoother level sets created
from surface triangulations to produce fewer distorted cut cells
than those created from TPM. As shown in the results though,
CutFEM is stable with regard to tissue probability maps. Future
investigations will show whether staying close to the raw MRI data
by using tissue probability maps is preferable over having nested,
smooth surfaces as required for tetrahedral models. The n = 1
study we performed here cannot conclusively answer this question.
From an anatomical perspective, CutFEM now o�ers the possibility
to accurately model supine subject positioning where the brain
touches the skull. Quantifying the impact, this has on EEG source
estimation will also be a part of future investigations.

5. Conclusion

CutFEM performed well both when the underlying head
model was created using analytical level sets or realistic
segmentation results. Application to an inverse reconstruction of
a somatosensory evoked potential yielded �ndings that are in line
with the literature. The level sets underlying CutFEM impose few
restrictions on the compartments, thus allowing for more simpli�ed
segmentation routines when compared with other FEM approaches
using surface triangulations.
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FIGURE 1

Schematic illustration of the Hyperparameter Optimization (HPO) techniques applied; (A) the exhaustive search method evaluates the entire
hyperparameter space, case by case; (B) The direct search method employs a pattern that shrinks in size towards the direction in which the objective
function decays; and (C) the recursive search divides the space into subspaces based on the size of the search lattice, shrinking and repositioning the
lattice towards the most �tting solution in a recursive manner.

The reciprocity principle follows by writing the intensity as
0 D �K yT

K sK with �K D kRKLT
1 x1k1=kx1k2 and sK D

RKLT
1 x1=kRKLT

1 x1k1 describing that 0 can be interpreted as a
projection of yK on �K sK . Thus, the maximum of 0 is achieved
when yK is parallel to sK . The maximizer is then up-scaled to
match the applied current dose �, i.e., yK D � sK . Therefore, the
corresponding maximum intensity is0 D ��K ksKk2

2. The optimal
maximizer montage is
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where, by de�nition, ksKk1 D 1 for any K D 1, 2, : : : , N, and
the entries of sK are ordered in descending order with respect to
their absolute value. Assuming that these entries are given by �1 �
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The equality follows a straightforward substitution, the �rst
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This assumption is valid since a montage with only two active
channels cannot contain more than two halves of the total dose
(otherwise, the sum of said currents will be less than zero). Hence,
ksKk2

2 � ksK�1k2
2 � 0 for any montage, and the maximum of 0 is

obtained with the bipolar pattern that corresponds to the �rst two
entries i1 and i2 in the set S .

2.4 Mathematical optimization software

We solve the optimization task (Equation 2) using the Interior-
Point (IP), the Primal-Simplex (PS), and the Dual-Simplex
(DS) methods. The class of the IP methods is sub-divided
into the primal-dual algorithms (predictor-corrector) (Fiacco and
McCormick, 1964; Mehrotra, 1992) and the barrier methods, which
determine the feasible set via a barrier function. While IP methods
utilize Newton’s method to operate in the interior of a feasible set
(Boyd and Vandenberghe, 2004), simplex methods seek solutions
by considering the feasible set as a convex polytope and moving
along its edges. While this strategy uses less memory than the
interior-point strategy, it has lower predictability for large-problem
convergence.

The concepts of primal- and dual-simplex refer to the
formulation of the linear programming problem; by presenting
the entries of the current pattern y as di�erences of non-negative
variables (yi D si � pi, si, pi � 0) and the equality constraint
via two inequalities (condition a D 0 is satis�ed, a � 0 and
�a � 0), the task can be brought back to the following standard
primal formulation:

max
z

cTz subject to Az � b, z � 0 ,
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FIGURE 1

Visualization of the FEM head model showing electrode positions (red) and (from outside to inside) skin, skull, CSF, gray matter, and white matter
surfaces (left). Lateral and medial view of source depth (distance to inner skull surface) visualized on in�ated left cortex surface (right).

second source space are the triangle centers of the cortex surface
on which the original source space sources_cortex is based. The
resulting source space consists of 69,990 vertices; we refer to this
source space as sources_cortex�. sources_cortex� is used for all
inverse calculations, whereas sources_cortex is used for the forward
simulations. Again, we ensured that the closest node of the volume
conductor model for all source positions of sources_cortex� is
fully contained in the gray matter compartment. On average, the
distance between a node of sources_cortex� and the closest node in
sources_cortex is 0.8 mm, which is the average minimal localization
error, accordingly.

We used the FEM multipole approach for all forward
simulations, as it was shown to achieve high numerical accuracy
with a high computational e�ciency (Vorwerk et al., 2019b). The
multipole approach was implemented based on the FieldTrip-
SimBio pipeline (Vorwerk et al., 2018).

2.3 EEG forward problem sensitivity
analysis

We mostly rely on Monte Carlo approaches for our
sensitivity analysis. To handle the large number of forward
simulations for di�erent conductivity values necessary for the
sensitivity/uncertainty analysis, we employ generalized polynomial
chaos (gPC) expansions (Vorwerk et al., 2019a). Based on
prede�ned probability distributions and precomputed forward
solutions generated for corresponding sets of conductivities,
gPC expansions allow to rapidly approximate accurate forward
simulations for arbitrary conductivity values. We used UQLab
2.0 to perform the gPC calculations in this study (https://www.
uqlab.com/; Marelli and Sudret 2014). The details of the used gPC
approach are described in Vorwerk et al. (2019a).

As in Vorwerk et al. (2019a), we chose uniform distributions
for all tissue conductivities considered uncertain. The uniform
distribution represents minimal knowledge about the distribution
of these conductivities. The intervals within which each
conductivity could vary are shown in Table 1; the CSF conductivity

was not considered uncertain as it was shown to have a negligible
inter-individual variation (Baumann et al., 1997).

With four tissue conductivities varying uniformly within the
ranges indicated in Table 1, it is of interest to estimate the
contribution of each of the four uncertain tissue conductivities to
the overall variation of the EEG forward solution. Therefore, we
use Sobol indices (Sobol, 2001). These are de�ned as

Si1 ,:::,is D
V(i1, : : : , is)

V
, (1)

i.e., the Sobol index Si1 ,:::,is is de�ned as the ratio between the
variance caused by the interaction of the subset of input parameters
fi1, : : : , isg � f1, : : : , ng and the overall variance. It is important
to note that V(i1, : : : , is) only includes the variance caused by
the interaction of the subset of indices i1, : : : , is but not the
contributions that can be attributed to a single variable or a smaller
subset of these variables. For example, for a second-order Sobol
index Si,j, the variance V(i, j) does not include the variances V(i)
and V(j) that can be attributed to either i or j individually.

In this study, we focus on �rst- and second-order Sobol indices,
i.e., the share of variance caused by the uncertainty of a single
uncertain tissue conductivity or the share of variance caused by
the uncertainty of two conductivities that cannot be attributed to
the uncertainties of a single conductivity, respectively. We further
consider total-e�ect or full Sobol indices, ST

i , for which all Sobol
indices involving a certain input parameter i are summed up:

ST
i D Si C

X

i6Dj

Si,j C
X

i6Dj,k
j<k

Si,j,k C : : : . (2)

The Sobol indices were computed with UQLab using a Monte
Carlo approach with 50,000 samples per parameter. We found
that this number of samples guaranteed a more than su�cient
convergence of the Sobol indices for the requirements of this
study. To calculate the Sobol indices, the Janon estimator was used
(Janon et al., 2014, Equation 2.6), which has optimal asymptotic
variance and is robust against model perturbations. Further details
regarding the calculation of the Sobol indices are provided as
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TABLE 1 Tissue conductivity intervals (mS/m).

Tissue Min. �min Max. �max Standard �st References

Skin 280.0 870.0 430.0 Haueisen et al., 1997; Ramon et al., 2004

Skull 1.6 33.0 10.0 Akhtari et al., 2002; Hoekema et al., 2003; Dannhauer et al.,
2011

CSF 1,769.6 1,810.4 1,790.0 Baumann et al., 1997

GM 220.0 670.0 330.0 Haueisen et al., 1997; Ramon et al., 2004

WM 90.0 290.0 140.0 Haueisen et al., 1997; Ramon et al., 2004

Supplementary material. Furthermore, we would like to refer the
interested reader to the original publication of Janon et al. (2014)
or the UQLab User Manual (https://uqftp.ethz.ch/uqlab_doc_pdf/
2.0.0/UserManual_Sensitivity.pdf) for additional information.

In the sensitivity analysis of EEG forward simulations, we have
the challenge that we do not have a single output parameter, but
each computed electrode potential is a separate output parameter.
To allow for a comprehensible and easily interpretable evaluation
of the Sobol indices, we introduce the relative di�erence measure
(RDM) and the magnitude error (MAG) (Meijs et al., 1989).
Computing these error measures in comparison to a reference
solution, it is possible to express the topography and magnitude
change of the set of electrode potentials through a single parameter
for each source position. Interpreting RDM and MAG as functions
of the conductivities, we can then compute the Sobol indices
for the changes of RDM and MAG, expressing the in�uence
of changes in each tissue conductivity on signal topography
and magnitude. A similar approach was previously used by
VallaghØ and Clerc (2008). As a reference solution, we use the
forward solution for the standard conductivity values indicated
in Table 1.

RDM and MAG are de�ned as follows:

RDM(utest , uref ) D







utest

kutestk2
�

uref

kuref k2







2

,

MAG(utest , uref ) D
kutestk2

kuref k2
,

(3)

where utest corresponds to the vector of electrode potentials for
varied conductivities and uref corresponds to the vector of electrode
potentials for standard conductivities.

The RDM represents the change in signal topography in
comparison to the reference solution, which was shown to be
linked to source localization accuracy, whereas the MAG de�nes
the change in signal magnitude. In most applications of EEG source
analysis, only the change of signal topography is of relevance,
whereas there are only a few cases where the exact source
magnitude is of interest. Thus, we mainly focus on the RDM
evaluations in this study.

2.4 EEG source analysis sensitivity analysis

To evaluate the in�uence of conductivity uncertainties on EEG
inverse solutions, we performed forward simulations for 1,000
randomly drawn sets of conductivities. Following, for each source

position, we calculate inverse solutions using the source space
sources_cortex� and a lead�eld matrix obtained with standard
conductivity values. This scenario corresponds to the common
problem of EEG source analysis that the actual tissue conductivities
that in�uence the measurement result are unknown, while the
EEG source analysis is performed using conductivity values from
the literature. The resulting 1,000 source localizations per source
position can then be evaluated to investigate the sensitivity of the
EEG inverse solution to conductivity variations.

As an inverse method, we used goal function scans (GFS) with a
free source orientation, i.e., the source position i in the source space
for which

GoF D 1 �

 
kumeas � LiLC

i umeask2

kumeask2

!2

(4)

is maximal is selected as the reconstructed source location. Here,
umeas is the (simulated) measurement result, k � k2 is the Euclidian
norm, Li D L(xi) is the #sensors � 3 lead�eld matrix for position xi,
i.e., a matrix containing the forward simulation results for dipoles
with moments oriented in each of the three cartesian directions at
the source position, and LC

i its Moore-Penrose inverse. In a single
dipole scenario, as it is given in our simulation study, the GFS
reliably �nds the source position that optimally explains the data
(Knösche, 1997; Fuchs et al., 1998).

To evaluate the in�uence of the conductivity uncertainties
on the source localization, we calculate and visualize the average
localization error, i.e., the distance between source localization and
original source position, for the 1,000 sets of conductivities at
each source position. This allows to understand how much the
conductivity variations a�ect the accuracy of the source localization
for each source position. We further calculate and visualize the ratio
between the di�erence in source depth and the localization error
and again take the average over all sets of conductivities to analyze
to what extent the localization error can be explained by a change in
source depth. Here, �change in source depth� denotes the absolute
value of the di�erence between the source depth of the original
source and the source depth of the reconstructed source.

To understand the in�uence of the variation of each tissue
conductivity on the source localization, we calculate and visualize
the correlation between deviations of each conductivity from the
average conductivity and distance of the source reconstruction
to the center of the point cloud of source localizations, and
the correlation between each conductivity and the source depth.
Again, these measures are calculated for each source position in
sources_cortex.
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