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Abstract
Electrocorticography (ECoG) is an electrophysiological technique that records brain activity directly from the cortical 
surface with high temporal (ms) and spatial (mm) resolution. Its major limitations are in the high invasiveness and in the 
restricted field-of-view of the electrode grid, which partially covers the cortex. To infer brain activity at locations different 
from just below the electrodes, it is necessary to solve the electromagnetic inverse problem. Limitations in the performance 
of source reconstruction algorithms from ECoG have been, to date, only partially addressed in the literature, and a system-
atic evaluation is still lacking. The main goal of this study is to provide a quantitative evaluation of resolution properties 
of widely used inverse methods (eLORETA and MNE) for various ECoG grid sizes, in terms of localization error, spatial 
dispersion, and overall amplitude. Additionally, this study aims at evaluating how the use of simultaneous electroencepha-
lography (EEG) affects the above properties. For these purposes, we take advantage of a unique dataset in which a monkey 
underwent a simultaneous recording with a 128 channel ECoG grid and an 18 channel EEG grid. Our results show that, in 
general conditions, the reconstruction of cortical activity located more than 1 cm away from the ECoG grid is not accurate, 
since the localization error increases linearly with the distance from the electrodes. This problem can be partially overcome 
by recording simultaneously ECoG and EEG. However, this analysis enlightens the necessity to design inverse algorithms 
specifically targeted at taking into account the limited field-of-view of the ECoG grid.
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Introduction

Electrocorticography (ECoG) is a neuroimaging technique 
which records, directly on the cortical surface, the electric 
potential generated by neural currents. In order to reach the 
surface of the cortex, a craniotomy is necessary, thus ECoG 
is performed on human subjects only in clinical applications, 
e.g., in pharmacoresistant epilepsy for which surgery is 

already planned. The ECoG signals are recorded by stainless 
steel electrodes embedded in silastic strips, usually hous-
ing tens of electrodes. In order to limit the chance of infec-
tion, the strips don’t cover the entire cortical surface but are 
inserted right above the areas that have to be mapped in view 
of a possible surgical intervention. The strips are designed 
with enough flexibility to ensure that cortical regions not 
exposed by the craniotomy can still be, at least partially, 
reached, thus allowing for a broader, although still spatially 
limited, brain mapping.

High invasiveness and limited coverage are the main 
drawbacks of ECoG. However, ECoG benefits from high 
temporal (ms) and spatial (mm) resolution and features a 
signal-to-noise ratio (SNR) much higher than that of non-
invasive techniques such as Electroencephalography (EEG), 
in which the low conductivity of the skull attenuates scalp 
potentials. For these unique advantages, ECoG signals have 
been successfully used for clinical purposes: e.g., identify 
epileptogenic zones (Ortega et al. 2008) and predict the suc-
cess of surgical resection (Sugano et al. 2007). Indeed, the 
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high SNR of the ECoG signals allowed to use them as gold 
standard to characterize epileptogenic zones identified by 
the source estimates obtained from non-invasive techniques, 
e.g. EEG and Magnetoencephalography (MEG) (Ding et al. 
2007; de Gooijer-van de Groep et al. 2013).

At the same time, data recorded for diagnosis have 
allowed to address a limited number of neuroscience ques-
tions: e.g., map cortical functions (Potes et al. 2012; Gunduz 
et al. 2012; Mesgarani and Chang 2012), and investigate 
functional mechanisms of brain oscillations (Crone et al. 
1998; Daitch et al. 2013; Watrous et al. 2015). A more exten-
sive use of ECoG is possible in nonhuman primates, where 
a mapping of the activity of a larger portion of the cortex is 
feasible (Yanagawa et al. 2013; Takaura et al. 2016). Nev-
ertheless, the partial coverage of the ECoG grid still limits 
application in cognitive studies. For example, in research 
experiments where a human patient undergoes ECoG, often 
the cortical areas involved in the cognitive process of inter-
est are not directly located below the electrodes, since the 
grid placement is led by clinical requirements with no ref-
erence to neuroscientific purposes. The same problem may 
arise in clinical studies, when the ECoG grid is misplaced 
because of a wrong presurgical evaluation. Thus, to study 
these areas it is necessary to reconstruct brain activity from 
the measured ECoG potentials by solving the correspond-
ing electromagnetic inverse problem, and this also has the 
additional advantage of overcoming the reference electrode 
issue. Indeed, ECoG potentials depend on the chosen refer-
ence electrode or on the offline re-referencing scheme (Liu 
et al. 2015), in analogy to the EEG case (Neuper and Klime-
sch 2006; Marzetti et al. 2007; Chella et al. 2016).

The technical aspects involved in solving the ECoG 
inverse problem have a great overlap with those pertaining 
to the EEG inverse problem. Certainly, source reconstruc-
tion literature for EEG has a long-lasting tradition and many 
different inverse algorithms have been explored [for a review 
see Michel et al. (2004) and Grech et al. (2008)], with the 
EEG expertise having thus been a natural starting point for 
ECoG researchers.

The advantages and disadvantages of source reconstruc-
tion from EEG data have been largely discussed in literature 
(Koles 1998; Michel et al. 2004). Given the clear advantages 
of being able to reconstruct the source activity inside the 
brain with improved spatial resolution, the disadvantage of 
this procedure is in the ill-posedness of the inverse prob-
lem, i.e. the non-uniqueness of the solution and its instability 
with respect to noise. On the one side, being the ECoG grid 
directly placed above the cortical surface, the high SNR of 
the recorded signals allows to obtain robust solutions, at 
least under the electrodes. On the other side, since the cov-
erage of the ECoG grid is limited, data contain poor infor-
mation from sources not directly covered by the electrodes. 
Despite these issues, in the last years, steps forward have 

been made toward an accurate source reconstruction of neu-
ral sources located under the ECoG grid (Zhang et al. 2008; 
Dümpelmann et al. 2009, 2012; Pascarella et al. 2016), with 
a significant improvement in the ability to identify also deep 
and nearby sources (Cho et al. 2011) in respect to the ECoG 
potentials.

To date, an extensive characterization of the performance 
of various inverse methods at different brain sites, especially 
for sources laying far from the ECoG electrodes, for differ-
ent electrode arrangements, and for simultaneous ECoG and 
EEG still lacks in the literature. The study from Zhang et al. 
(2008) has shown that the higher SNR of ECoG turns into 
an improvement in the localization accuracy of the recon-
structed activities for sources located underneath the ECoG 
grid while, far from the ECoG electrodes, EEG outperforms 
ECoG in localization accuracy. This study is the first that 
has quantitatively investigated the performance of inverse 
methods in ECoG, although it simulates a restricted number 
of source configurations, and uses the sole localization error 
to characterize the inverse solver properties. Indeed, making 
inferences about the performance of inverse solvers on the 
basis of the localization error alone has been shown to be 
not sufficient for configurations consisting in more than one 
source (Molins et al. 2008; Hauk et al. 2011).

In this paper, we extend the results obtained by Zhang 
et al. by simulating data from a combined grid layout con-
sisting in a 128 channels ECoG and a 18 channels EEG in a 
realistic monkey set-up1 which was also used in Papadopou-
lou et al. (2015). In our case, this set-up is ideal to address 
the controversial issue of the usefulness of source localiza-
tion far from the electrodes for ECoG data. In this study, this 
issue will be addressed by posing two specific questions:

	 (i)	 How far from the brain regions directly covered by 
the ECoG electrode grid it is possible to obtain reli-
able source estimation?

	 (ii)	 Can ECoG source reconstruction performance be 
improved by integration with simultaneous EEG?

These questions will be here addressed by a quantitative 
analysis of the performance of two inverse methods: eLO-
RETA (Pascual-Marqui 2007) and MNE (Hämäläinen et al. 
1993). This analysis uses the resolution metrics described by 
Hauk et al. (2011) and takes into account several performance 
indicators: the dipole localization error (mislocalization), the 
spatial dispersion (spread of the activity for point-like sources), 

1  This data-set was proposed in the “Controversies in EEG source 
analysis” workshop (Chengdu, China, 2014) and consists in simul-
taneous ECoG and EEG recordings performed on a specimen of 
Macaca mulatta and in the corresponding lead field matrices calcu-
lated by Pedro A. Valdes-Hernandez.
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and the overall amplitude (relative sensibility across cortical 
locations).

Materials and Methods

The ECoG Inverse Problem

The ECoG inverse problem, i.e. the estimate of the current 
sources J inside the brain that generate the observed electric 
potentials V, can be expressed through:

where the symbol · indicates matrix product and L is the 
so called lead field matrix or forward operator. The lead field 
matrix is a linear operator incorporating the conduction prop-
erties of the head model (that must be known in advance) and 
describing the contribution of each brain source to each chan-
nel. In our case, the sources can be represented as a discrete 
set of unitary current dipoles in the whole cortex, referred to as 
source space, which model small patches of cortical sheet with 
an area of a few mm2. Each current dipole is characterized by 
its position, magnitude and orientation. The dipole orientation 
is often supposed to be normal to the cortical surface, whose 
small patches can be punctually approximated as a plane sur-
face. This assumption will hold throughout the following text.

To the aim of solving the inverse problem, an estimate of 
the current Ĵ must be calculated by means of a given inverse 
operator T, such that

Unfortunately, the electromagnetic inverse problem is 
inherently ill-posed since a set of ECoG observations can be 
associated to multiple (infinite) solutions; nevertheless, the use 
of a priori information on source parameters allows to find a 
unique solution for Ĵ. Different choices of a priori information 
result into different inverse operators T with different prop-
erties. In this paper, we will use two specific algorithms for 
the solution of the inverse problem: the exact Low Resolution 
Electromagnetic Tomography (eLORETA) and the Minimum 
Norm Estimate (MNE). These approaches have been chosen 
since they are widely used for electromagnetic source recon-
struction; in particular, we used the implementations given in 
the FieldTrip toolbox (Oostenveld et al. 2011). In the follow-
ing, these inverse operators are briefly described.

The eLORETA solver, extensively described in Pascual-
Marqui (2007), is characterized by zero localization error for 
point-like test sources in the presence of measurement and 
structured biological noise. The inverse operator matrix for 
eLORETA is defined as

(1)V = L ⋅ J

(2)Ĵ = T ⋅ V

(3)TeLORETA = W−1
⋅ Lt ⋅

(
L ⋅ W−1

⋅ Lt + �I
)†

where α is the regularization parameter, I is the identity 
matrix, † is the Moore–Penrose pseudoinverse operator and 
W is a diagonal weighting matrix. Each diagonal element Wi 
corresponds to the i-th element of the source space (e.g. the 
discretized cerebral cortex) and can be written as

where Li is the i-th column of the lead field matrix L. The 
matrix W is chosen such that the estimated current covari-
ance matrix has the minimum difference, in the least square 
sense, with the identity matrix. It has been shown that this 
procedure reaches zero localization error for each point-like 
source in the whole cortical surface (Pascual-Marqui 2007).

The MNE algorithm (Hämäläinen et al. 1993) requires 
that the estimated neural current fits the measured data in 
the least square sense while having the minimum power. The 
resulting inverse operator is

where α is the regularization parameter and C is the 
covariance matrix of the noise.

The MNE method is known to suffer from overestimation 
of superficial sources which can be partially solved by means 
of depth weighting correction (Lin et al. 2006) and noise 
normalization (Dale et al. 2000). In this study, we apply 
depth weighting correction by normalizing each column of 
the lead field matrix by its l2 norm, while we assume that 
the noise is Gaussian, white, independent and identically 
distributed between channels, thus C = I in Eq. (5).

In particular, the regularization parameter is chosen to 
be inversely proportional to the SNR and to the number of 
electrodes in the grid and directly proportional to the trace 
of the first term that must be regularized in Eqs. (3) and (5), 
for eLORETA and MNE, respectively. In the case of noise-
less data, the regularization parameter is estimated using a 
value of SNR = 1000.

Resolution Metrics

To assess the ability of a given inverse method to accurately 
estimate the neural currents, it is possible to evaluate the 
relationship between the estimated current Ĵ and the actual 
(unknown) current J by means of the resolution matrix, 
namely R.

From combining Eqs. (1) and (2), Ĵ can be related to J 
as in the following

The resolution matrix R has as many rows as columns, 
equal to the number of unknowns, i.e. the number of sources. 
By definition, R depends on the lead field matrix L, which, 

(4)Wi =

[
Lt
i
⋅

(
L ⋅W−1

⋅ Lt + �I
)†

⋅ Li

] −1

2

(5)TMNE = Lt ⋅
(
L ⋅ Lt + �C

)−1

(6)Ĵ = T ⋅ V = T ⋅ (L ⋅ J) = R ⋅ J where R = T ⋅ L
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in turn, depends on the electrode grid geometry, on the 
source space and on the head model. In case of perfect 
source reconstruction (i.e., Ĵ = J), the resolution matrix 
would be the identity matrix, as is clearly seen from the 
third equality in Eq. (6). Practically, non-zero off-diagonal 
elements in R arise due to distortions in the reconstructed 
cortical activity. To characterize the influence of the off-
diagonal elements on source reconstruction, the columns and 
rows of R must be considered. From here on, following the 
definition given by Hauk et al. (2011) and Hauk and Sten-
roos (2014), we will refer to each column of R as the point 
spread function (PSF) and to each row of R as the cross-talk 
function (CTF). Specifically, each column of R expresses 
how the activity of a single source in a specific brain loca-
tion spreads out, in the reconstruction process, over the 
whole cortical surface; while each row of R expresses how 
the activity of all sources throughout the brain affects the 
reconstruction of the activity in a specific brain location. 
Moreover, to quantify the distortion in source reconstruction 
related to either the PSF or the CTF, we rely on the metrics 
described by Molins et al. (2008) and Hauk et al. (2011), 
namely: the dipole localization error (DLE), the spatial dis-
persion (SD), and the overall amplitude (OA). The definition 
of these metrics is recalled in the following paragraph for the 
reader’s convenience.

For a given dipolar source located at xi, let ri be, with 
abuse of notation, either a column or a row of R, i.e., the 
corresponding PSF or CTF, and (ri)j the j-th element of vec-
tor ri. Thus, the DLE, SD, and OA metrics are defined as

The DLE represents the Euclidean distance between the 
position of i-th source and that of the estimated one2, in our 
notation xi and xp, respectively. The ideal DLE value is zero, 
indicating exact spatial localization.

The SD expresses the spreading radius of the recon-
structed activity of the i-th source, weighted by the distance 

(7)DLEi =
‖‖
‖
xp − xi

‖‖
‖2

where p = argmax
(
ri

)

(8)SDi =

������
�

∑
j

�
dij
�
ri

�
j

�2

∑
j

��
ri

�
j

�2 where dij =
���
xi − xj

���2

(9)OAi =
∑

j

||
|

(
ri

)
j

||
|

(normalized to maxiOAi)

of the source from all the other sources. The ideal SD value 
is zero, indicating no spatial spread for a point-like source.

The OA is the normalized sensitivity profile, i.e., sources 
with a higher OA value correspond to “powerful” loca-
tions the activity of which is overestimated with respect to 
“weaker” locations. The OA values lay in the range [0, 1] by 
definition, and, in the ideal case, are uniform over the cortex 
indicating no over- or underestimated locations.

The above metrics altogether allow to evaluate the reso-
lution properties of the source reconstruction algorithms in 
the absence of noise. Here, we rely on DLE, SD, and OA 
for the PSF and the CTF of eLORETA and MNE inverse 
algorithms to assess their performance while varying grid 
layouts. Specifically, we varied: the number of channels in 
the ECoG grid, the grid position over the cortical surface, 
and the combination of the ECoG grid together with the 
EEG grids.

Source Space and Grid Layout

The source space and ECoG and EEG grid layouts used in 
this study is derived from the publicly available data pre-
sented in the workshop entitled “Controversies in EEG 
Source Imaging” held on August 2014 in Chengdu, China. 
In particular, we used the set-up corresponding to the “mon-
key Su” data released by Naotaka Fujii (http://www.neuroty-
cho.org) consisting in simultaneous ECoG and EEG record-
ings from a female specimen of Macaca mulatta [for more 
details see Nagasaka et al. (2011)]. The electrode grids are 
briefly described below:

•	 ECoG grid with 128 electrodes embedded in a 1 mm-
thick silicone sheet, covering almost entirely the left 
hemisphere with a mean electrode spacing of around 
5 mm.

•	 EEG grid with 18 electrodes positioned according to the 
standard 10–20 electrode system in which the Cz channel 
was removed to avoid contact with one ECoG connector. 
Of note this grid covers the whole brain, with a mean 
distance of about 30 mm between nearby electrodes (but 
for Cz).

To model the monkey’s head for solving the electromag-
netic forward problem, four compartments were taken into 
account: the brain (enclosed by the pial surface) together 
with the surrounding cerebrospinal fluid, the skull, the skin 
and the silicone sheet holding the ECoG electrodes. In each 
compartment, the electrical conductivity is assumed to be 
constant. Specifically, the conductivity ratio between con-
secutive compartments was set to 1/25 for skull-to-other 
brain layers, while, being the silicone layer conductivity very 
low, its conductivity was set to a negligible value compared 
to other compartments.

2  For imaging methods for solving the inverse problem, a source is 
often referred to as a local maximum in the reconstructed activity.

http://www.neurotycho.org
http://www.neurotycho.org
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A high resolution source space, spanning the whole cor-
tical surface and modeled by a mesh consisting of 104,650 
vertices (source positions) and 209,300 triangles was pro-
vided in the original data set. This source space considered 
a free orientation for each source. For computational rea-
sons, in this work the Edge-Collapse method implemented 
in the open-source 3D computer graphics software Blender 
(http://www.blender.org/) was used to down-sample the 
high resolution source space to 5232 vertices and 10,464 
triangles with a distance constraint of 3 mm between every 
vertex and at least one of its neighbors. Additionally, since 
we have assumed the orientation of the sources to be nor-
mal to the cortical surface, we fixed the source orientation 
as the sum of the normal vectors of the mesh triangles 
adjacent to the selected vertex.

The ECoG and the EEG lead field matrices were origi-
nally calculated by using the Finite Element Method 
implemented in the software NeuroFEM (http://www.mrt.
uni-jena.de/simbio). Consistently with the cortical mesh, 
the lead field matrices were downsampled to 5232 sources 
with direction normal to the cortical surface.

Starting from the ECoG grid with 128 electrodes, we 
defined smaller sub-grids by splitting the original layout in 
such a way that all the sub-grids together cover the same 
portion of the cortex covered by the full grid. This proce-
dure led to the definition of two 64 electrode grids, four 32 
electrode grids and eight 16 electrode grids.

Furthermore, we simulated a dense EEG grid with 73 
channels, accordingly to the 10–10 system (inter-elec-
trodes distance of around 15 mm), starting from the 18 
channels EEG grid. We choose this set-up to quantify 
to what extent increasing the number of EEG electrodes 
increases the resolution of the ECoG + EEG grid layout in 
a more realistic human scenario where most often high-
density EEG grid is used. Figure 1 shows the defined 
sub-grids and, for each sub-grid, the Euclidean distance 
between every vertex in the cortical mesh and the nearest 
electrode of the sub-grid, i.e., the source-to-grid distance. 
We divided the source space into distance classes span-
ning 5 mm each: sources in the first class have a source-
to-grid distance strictly less than 5 mm; sources in the 
second class feature a source-to-grid distance between 5 
and 10 mm; etc.

The resolution matrices for eLORETA and MNE for 
each of the constructed ECoG grids were calculated, 
together with the DLE, SD and OA metrics for the PSF 
and the CTF. To asses these metrics for a given source-to-
grid distance class, we averaged together the correspond-
ing values for all points within that class.

The same strategy was used for the combination of each 
of the ECoG sub-grids (including the original 128 elec-
trodes grid) with the EEG array of 18 channels.

Fig. 1   ECoG (a) and EEG (b) 
grid layouts. For each grid, 
every point of the cortex is 
color coded according to its 
source-to-grid distance

http://www.blender.org/
http://www.mrt.uni-jena.de/simbio
http://www.mrt.uni-jena.de/simbio
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Influence of Gaussian Noise

The analysis of the PSF of the resolution matrix provides 
information about the noise-free cases in which one source is 
active at a time. However, in real applications the electrical 
potential recorded by the electrode grid is contaminated by 
noise. In order to investigate the influence of different levels 
of noise on the resolution metrics we estimated the neural 
activity from data generated by one simulated dipole with 
superimposed Gaussian noise to account for different levels 
of SNR (20, 10 and 3 dB).

For each dipole in the source space, we simulated the 
noisy data generated by such dipole, we reconstructed the 
PSF with eLORETA and MNE, and then we calculated 
DLE, SD, and OA values. We repeated this procedure for 
each level of SNR and for different grids. We chose two 
representative grids to reconstruct the source activities: the 
128 channels ECoG grid, and the ECoG + EEG grid with 
128 + 18 channels. As well as for the noise-free case, we 
studied the resolution metrics as a function of the source-to-
grid distance by averaging together all the points belonging 
to the same distance class for every level of SNR.

Extending the concept of the PSF previously defined, we 
can interpret the estimated activity as a “noisy PSF”. This 
idea cannot be extended to identify the analogous of the 
“noisy CTF” using the resolution matrix, which we defined 
under the noise-free assumption [see Eq. (6)]. Nevertheless, 
further considerations on the influence of noise on the reso-
lution matrix will be addressed in the “Discussion” section.

Results

Figure 2 summarizes the results for the chosen resolu-
tion metrics as defined in Eqs. (7), (8) and (9). For each 
of the ECoG grid layouts as defined above, the DLE, SD 
and OA are given as a function of the source-to-grid dis-
tance classes. Specifically, the first and second rows show 
the results for DLE, SD and OA for the eLORETA- and 
MNE-PSF, respectively. Similarly, the third and the fourth 
rows show the corresponding results for the CTF. It can be 
observed that DLE values (Fig. 2, first column) increase 
for increasing source-to-grid distance for both PSFs and 
CTFs for all the ECoG grids and both inverse algorithms, 
the only exception being the eLORETA-PSF-DLE which 
is always zero by construction (Pascual-Marqui 2007). 
The other DLE values, i.e. for MNE-PSF, MNE-CTF and 
eLORETA-CTF, are mainly influenced by the source-to-
grid distance, irrespectively of the grid position and the 
number of electrodes. The difference in DLEs between the 
various grids observed for source-to-grid distances in the 
higher distance classes is not significant, rather it is due to 
the lower number of sources pertaining to those classes. 

Indeed, the average DLE values in each class have a larger 
uncertainty when estimated from a low number of sources.

On the other hand, the SD values (Fig. 2, second col-
umn), which also increase for increasing source-to-grid 
distance for both PSF and CTF for all the ECoG grids 
and both inverse algorithms, are also influenced by the 
number of electrodes in the grid. Indeed, grids with 16 
electrodes show, for all source-to-grid distances, the high-
est SD values, while grids with 32 and 64 electrodes have 
intermediate values and the 128 electrode grid features 
the smallest values. This effect is more evident for the 
eLORETA-PSF-SD (Fig. 2, second column, first row). In 
fact, a direct comparison of the SD results for eLORETA 
and MNE shows clear differences for both the PSF- and 
the CTF-SD. Specifically, the eLORETA-PSF-SD values 
lie in the range 10–35 mm, being loosely related to the 
source-to-grid distance for each grid, while the MNE-PSF-
SD values show a clear positive relation with the source-
to-grid distance for each grid, with lower values for classes 
characterized by small source-to-grid distances. The high 
spatial accuracy of eLORETA-PSF-DLE comes at the 
expenses of the larger PSF-SD values, but not for the CTF 
values, in accordance with Hauk et al. (2011).

Additionally, the eLORETA-CTF-SD values show, for 
each grid, a steeper dependence on the source-to-grid dis-
tance in comparison to the corresponding MNE values, 
resulting in a wider spatial spread for eLORETA at distances 
larger than 20 mm. For these distances, indeed, the eLO-
RETA-CTF-SD values lie in the range 20–55 mm while the 
corresponding MNE values lie in the range 20–35 mm. At 
distances lower than 20 mm, the MNE-CTF-SD values show 
worse performances in comparison to eLORETA-CTF-SD. 
It should be noted that, for MNE, all the metrics calculated 
for PSF and CTF have identical profiles as expected from 
the fact that the MNE resolution matrix is symmetric (Hauk 
et al. 2011; Hauk and Stenroos 2014).

Finally, the OA values (Fig. 2, third column) are strongly 
influenced by the number of electrodes, the inverse algo-
rithm and the PSF or CTF case. The OA values are nor-
malized to the maximum of the average OA values in each 
distance class. In the ideal resolution matrix, OA values are 
constantly equal to 1 in the whole cortex, being the ideal 
sensitivity profile equal for all sources. However, neither 
eLORETA nor MNE reaches this ideal condition. In the PSF 
case for both eLORETA and MNE the sources with higher 
OA values are those underneath the electrodes, being the 
dependence steeper for eLORETA than for MNE. Further-
more, OA range spans from 1 to 0 for eLORETA, and from 
1 to 0.4 for MNE, hence eLORETA underestimates the most 
distant sources more than MNE. For eLORETA-CTF, there 
is an inverse trend, i.e. the sources with higher OA values do 
not lay underneath the grid, though in the whole brain OA 
values are always larger than 0.6.
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Overall, Fig. 2 shows that the resolution metrics calcu-
lated for MNE have a medium performance with respect 
to eLORETA. Indeed, in the PSF case the ideal value of 
eLORETA-DLE is balanced by the worst performance 
of eLORETA-SD values which are at least 5 mm higher 
than MNE-SD. In the CTF case eLORETA-DLE and -SD 
values grow steeper with the source-to-grid distance in 
respect to MNE-DLE and -SD, though MNE-SD are a few 
mm higher under the grid.

In order to investigate the effects of the combined ECoG 
and EEG recordings on the source reconstruction resolution, 
the above analysis has been replicated for the combination of 
all the ECoG grids with the 18 channels EEG grid.

Figure S1 from the Supplementary materials displays the 
same quantities shown in Fig. 2 for the combination of each 
ECoG grid with the EEG grid. The results for the EEG grid 
alone are represented as a yellow line. Note that the resolu-
tion metrics are averaged using the source-to-grid distance 

Fig. 2   Mean values of DLE, SD and OA of each distance class, calculated for every ECoG grid. Blue, red and green lines represent grids with 
16, 32 and 64 electrodes, respectively. The black line refers to the ECoG grid with 128 electrodes
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classes defined on the ECoG grids for a comparison with 
the results of Fig. 2. For the EEG alone case, the source-to-
grid distance classes are calculated with respect to the 128 
electrodes ECoG grid

A direct comparison between ECoG and ECoG + EEG 
is shown in Fig. 3 for the 128 channels ECoG and 18 chan-
nels EEG grids, being this specific case representative of the 
general trend of the resolution metrics for the multimodal 
layout.

We note two distinct behaviors for sources near and far 
from the ECoG grid. When considering sources close to the 
ECoG electrodes, the resolution metrics of the ECoG + EEG 
grid are very similar to the ones calculated for the ECoG 
grids alone. Indeed, for sources with a source-to-grid dis-
tance lower than 20 mm, practically EEG does not alter the 
ECoG results, the only exception being eLORETA-PSF-
SD case in which the SD values lower, probably due to the 
increasing number of electrodes (see also figure S1 in the 

Fig. 3   Direct comparison between the ECoG and the ECoG + EEG 
grids as a function of the source-to-grid distance in a specific case. 
The mean values of PSF- and CTF-DLE, SD and OA of each distance 

class, are calculated for the 128 channels ECoG grid (black solid 
line), 128 + 18 channels ECoG + EEG grid (black dotted line) and 18 
channels EEG grid (yellow line) with eLORETA and MNE
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supplementary material). When the distance of the sources 
from the ECoG grid is larger than 20 mm, the DLE and 
SD values no longer show a monotonic increase as previ-
ously observed in Fig. 2, but these values are close to those 
obtained for the EEG alone. Note that 20 mm represents a 
boundary for the source-to-grid distance: below 20 mm the 
sources are closer to the ECoG electrodes than to the EEG 
channels, thus it is clear that below this distance the results 
are dominated by ECoG other than by EEG.

For OA values there is a slight improvement, since the 
most distant sources have higher OA values when ECoG 
and EEG are recorded simultaneously than the same sources 
in the presence of ECoG alone. For example, eLORETA-
PSF-OA values range from 1 to 0 for ECoG grids (Fig. 2, 
third column) while for the multimodal layout OA values 
range from 1 to 0.2 (Fig. S1, third column, supplementary 
material).

Even if this multimodal setting generally improves the 
resolution of the reconstructed sources, especially for dis-
tant sources, we note that the simultaneous recording of 
ECoG and EEG differently affects eLORETA and MNE 
inverse solutions. For MNE, the resolution properties of 
the ECoG + EEG grid are always better than those obtained 
using a single modality, while for eLORETA the combina-
tion of EEG with ECoG deteriorates the resolution metric 
values with respect to the EEG grid alone. Indeed, for the 
ECoG + EEG grid (black dotted line) eLORETA-CTF-DLE 
and -SD have higher values than the same metrics for the 
EEG grid (yellow solid line). This happens because the 

eLORETA inverse operator is iteratively calculated through 
the weight in Eq. (4) in which the product of the lead field 
matrix with its transpose is repeated for each iteration (see 
Pascual-Marqui (2007) for more details). Since the norm of 
the ECoG lead field matrix columns are larger than the EEG 
ones, the improvement in resolution brought by the EEG 
grid is not enough to significantly reduce the high CTF-DLE 
and -SD values of the ECoG grids.

Nevertheless, the improvement in accuracy in respect to 
ECoG grid alone is evident for all sources with a source-to-
grid distance higher than 20 mm.

Metric Distributions Over the Cortex

The previous analyses (Figs. 2, 3 and S1) show the average 
trend of each metric with respect to source-to-grid distance 
classes regardless of the specific location over the cortex. 
It is also interesting to visualize the metric distributions on 
the whole cortical surface for different layouts, as shown 
in Figs. S2 and S3 for three representative grids: ECoG 
with 128 channels (first group of two rows), ECoG + EEG 
with 128 + 18 channels (second group of two rows) and 
ECoG + EEG with 16 + 18 channels together with EEG 
(third group of two rows) for both of the inverse algorithms. 
In particular, Figs. 4 and 5 enlighten differences over the 
whole cortical surface between the inverse algorithms and 
between the multimodal and single layout, respectively.

Figure 4 shows the differences between eLORETA and 
MNE for the 128 channels ECoG grid. In the Point-Spread 

Fig. 4   Difference for every source on the cortex between eLORETA and MNE in the PSF and CTF cases for each metric with the 128 channels 
ECoG grid
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Function (PSF) case, eLORETA has better results than 
MNE; indeed the dipole localization error (DLE) for eLO-
RETA is lower, up to 40  mm, far from the electrodes, 
although the spatial dispersion (SD) for eLORETA is higher, 
up to 25 mm, under the electrodes. In the cross-talk function 
(CTF) case, MNE performs better than eLORETA, indeed 
the eLORETA-CTF-DLE and -SD have higher values far 
from the electrodes, up to 40 and 20 mm, respectively.

The overall amplitude (OA) distributions show larger dif-
ferences between eLORETA and MNE. PSF-OA is lower for 
eLORETA than MNE, probably because MNE has a bias in 
overestimating sources towards the electrodes. This can be 
easily seen from Fig. S2 where eLORETA-PSF-OA values 
are almost uniform, except for small areas under the grid 
having very high values (first row), while for MNE-PSF-OA 
values are larger than 0.5 under the ECoG electrodes and 
very low far from the grid (second row).

Contrarily, in eLORETA-CTF-OA deep sources under 
the ECoG electrodes and sources laying distant from the 
ECoG grid, such as those in the midline structures, are over-
estimated with respect to MNE. As seen in Fig. 3 and S1, 
the multimodal layout ECoG + EEG strongly decreases the 
resolution metrics far from the ECoG grid. The metric dis-
tributions over the cortex in eLORETA-CTF case (Fig. 5a) 

show that the scalp electrodes contralateral to the 128 chan-
nels ECoG grid lower DLE, SD and OA values of 50, 20 mm 
and a factor of 0.5, respectively. In MNE-CTF case (Fig. 5b) 
DLE and SD are lowered by 40 and 10 mm, while for the OA 
distribution there is an increase (up to a factor of 0.5) in the 
gyri profile, probably due to the bias of MNE in overesti-
mating sources towards the electrodes. Finally, note that for 
eLORETA-CTF- and MNE-CTF-OA values in the midline 
structures do not change for the ECoG + EEG grid because 
this area is not covered by electrodes, neither ECoG or EEG, 
being the “Cz” electrode removed from the EEG grid for 
practical reasons (see also Fig. S3, third column).

High‑Density EEG

To understand the importance of the number of EEG elec-
trodes in the simultaneous layout, we investigated higher 
density electrode grid configuration using 73 electrodes 
with a 15 mm inter-electrode distance, which corresponds 
to the same spatial sampling of a 256 channels EEG grid in 
a human subject. Figure 6 shows the resolution metrics of 
this multimodal layout with high density EEG compared to 
the ones of the 128 channels ECoG grid, the 128 + 18 chan-
nels ECoG + EEG grid and the 73 channels EEG grid, all 

Fig. 5   Difference for every source on the cortex between the ECoG + EEG grid with 128 + 18 channels and the ECoG grid only with 128 chan-
nels in eLORETA-CTF (a) and in MNE-CTF (b) for each metric
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calculated in the source-to-grid distance classes of the ECoG 
grid for a direct comparison.

As expected, increasing the number of EEG electrodes 
substantially improves the resolution for the sources distant 
from ECoG grid, the only exception being eLORETA-PSF-
DLE which by construction is always equal to 0.

For eLORETA, the CTF-DLE and CTF-SD values of 
the ECoG + EEG grid with 128 + 73 channels decrease 
more rapidly than the multimodal layout with the 18 

channels EEG as the source-to-grid distance increases, 
reaching the same value of the 73 channels EEG grid, 
i.e. around 5 and 15 mm in the last class, respectively. 
The eLORETA-PSF-SD metric of the 128 + 73 channels 
ECoG + EEG grid reaches the smaller values (around 
10 mm) between all grid layouts, i.e. the 128 ECoG grid, 
the 128 + 18 channels ECoG + EEG grid and the 73 chan-
nels EEG grid, improving the performance of around 10, 
5 and 2 mm, respectively. The PSF- and CTF-OA values 

Fig. 6   Resolution metrics for the multimodal layout with 73 channels 
EEG grid as a function of the source-to-grid distance calculated for 
the distance classes of the 128 channels ECoG grid. The mean values 
of the PSF and CTF resolution metrics in each distance class, are cal-

culated for the 128 channels ECoG grid (black solid line), 128 + 18 
channels ECoG + EEG grid (black dotted line with circles), 128 + 73 
channels ECoG + EEG grid (black dotted line with stars) and 73 
channels EEG grid (yellow line) with eLORETA and MNE
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of the ECoG + EEG grid with 128 + 73 channels increase 
with respect to the 128 + 18 channels ECoG + EEG grid, 
especially in the PSF case.

For MNE the comparison between the 128 + 73 and the 
128 + 18 channels ECoG + EEG grids shows similar results. 
There is a slight decrease of DLE values of a few mm for 
the more distant sources. SD values decrease up to 10 mm 
as the source-to-grid distance increases, while the OA 

values highly increase (a factor of 0.3) far from the ECoG 
electrodes.

Influence of Gaussian Noise

Figure 7 shows the influence of Gaussian noise on eLO-
RETA and MNE for different level of SNR, as a function 
of the source-to-grid distance classes. To investigate this 

Fig. 7   Mean values of DLE, SD and OA for the 128 channels ECoG 
grid and the 128 + 18 channels ECoG + EEG grid obtained for the 
PSFs calculated with eLORETA (a) and MNE (b) from the noisy 

data, with SNR = 20, 10, and 3 dB (green, yellow and red lines) and 
in the noise-free data (“SNR= ∞”, blue line)
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aspect, we calculate the resolution metrics described above 
on the “noisy PSF” of each source in the source space, i.e. 
we estimate the activity from the noisy measurements gener-
ated by a single dipolar source.

As expected, the errors on the resolution metrics increase 
when the SNR decreases, especially for DLE; furthermore, 
when the source-to-grid distance increases we observe an 
increment of the errors, i.e. the difference between values 
obtained in the noise-free case, referred to as “SNR =∞” 
and other levels of SNR.

When the SNR is 20 dB, the values of DLE, SD and OA 
are comparable to the ideal values of the noise-free case, for 
each grid and both inverse methods.

When the SNR decreases below 20 dB, the performance 
of MNE worsens more than that of eLORETA, increasing 
the errors on the resolution metrics as the level of SNR 
decreases (Fig. 7b).

Note that, even for very low SNR (3 dB), DLE and SD 
values of the sources laying under the ECoG grid have 
very small difference with the values of the noise-free case 
for eLORETA and MNE, while this difference strongly 
increases for distant sources, especially for the DLE.

For low SNR, OA trend varies depending on the inverse 
algorithm. For eLORETA, the sources with higher OA val-
ues are always located under the ECoG electrodes, similarly 
to the noise-free case, while for MNE the OA profile can 
be completely reversed, probably due to the fact that in this 
study the MNE operator, described in Eq. (5), models the 
covariance matrix of the noise as the identity matrix.

Discussion

Being the ECoG grid placed directly on the cortical sur-
face, this neuroimaging technique reaches high SNR and 
millimetric spatial resolution, but suffers from the limited 
field-of-view of the electrode grid. To infer brain activity 
at locations different from just below the electrode array, it 
is necessary to solve the electromagnetic inverse problem.

Results show that the source reconstruction obtained 
with eLORETA and MNE using ECoG data features good 
performance only for brain areas located directly under the 
grid, i.e. dipole localization error (DLE) and spatial dis-
persion (SD) under 10 mm for brain areas within 10 mm 
distance from the electrodes, while for distant sources the 
performance are poor. However, to fully exploit the results 
it is important to introduce some hypothesis on the cortical 
activity as well as to consider the experimental question. 
Some examples are given below.

If the experimental question is the spatial localization of 
an area which features a strong activity, much stronger than 
the rest of the cortex, then the PSF-DLE is the proper met-
ric to be considered, since this metric quantifies the error 

in locating a source assuming that it is the only one active 
(indeed, PSF refers to Point-Spread Function). In this case, 
eLORETA is the correct choice, and the zero error for PSF-
DLE assures that the source is correctly located even if it is 
far from the ECoG grid. However, if the dominant source 
is under the ECoG grid, MNE features a better compro-
mise between localization accuracy and spatial dispersions 
than eLORETA, since eLORETA-PSF-SD values are much 
higher than those of MNE (the difference varies from 5 to 
20 mm depending on the electrode number in the ECoG 
grid). This result is in line with previous studies (Zhang et al. 
2008; Cho et al. 2011) which reported the reliability of MNE 
in the reconstruction of epileptogenic activity, modeled as 
extended sources, for high values of SNR (~ 20 dB).

If the experimental question is the spatial localization of 
the cortical activity during rest or when the activity is dis-
tributed over many cortical areas, then the CTF-DLE is the 
proper metric to be considered, since this metric quantifies 
the error in locating a source taking into account that the 
source activity may be due to the peak activity of a different 
cortical area (indeed CTF refers to Cross-Talk Function). In 
this case, eLORETA and MNE have similar performance, 
with slight better results under the grid for eLORETA, since 
DLE and SD rapidly increase as the distance between the 
sources and the electrodes increases.

Finally, if the experimental question is the characteri-
zation of the cortical activity during rest with the aim of 
investigating cortico-cortical connectivity, then the CTF-
SD is the proper metric to be considered. Indeed, CTF-SD 
informs about how different brain areas (erroneously) con-
tribute to the reconstructed activity of the voxel under study. 
Obviously, a high CTF-SD value will give rise to fake con-
nectivity results, which are known as the “leakage effects” 
(Brookes et al. 2012; Hipp et al. 2012; Wens 2015; Van de 
Steen et al. 2016).

However, it is clear that reliable source reconstruction 
from ECoG data is possible just for neural activities laying 
in the proximity of the ECoG electrode grid. A possible 
solution to this problem is to simultaneously record ECoG 
with EEG data. This study shows that the combination of 
the ECoG with the EEG grid strongly increases the resolu-
tion properties of the reconstructed sources laying far from 
the ECoG grid with maximum DLE and SD values of about 
25 mm. These results put emphasis on the impact that the 
limited field-of-view of the grid produces in source analysis. 
Indeed, we have shown that even few (18) scalp electrodes 
covering the whole cortical surface significantly improve 
the resolution of source estimates. Adding a higher density 
EEG grid (73 channels) further improves the resolution for 
sources distant from the ECoG grid. On the other hand, we 
note that there is a slight improvement underneath the ECoG 
grid when the multimodal setting is considered. A possible 
explanation is that the silastic sheet embedding the ECoG 
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electrodes negatively affects source reconstruction perfor-
mance of scalp EEG only (Lanfer et al. 2013).

In our study, we integrated ECoG and EEG data by sim-
ply concatenating the two lead field matrices: more sophis-
ticated techniques (Henson et al. 2009; Karahan et al. 2015) 
may optimize the fusion of the information gathered with 
each modality.

All the above considerations on the resolution matrix 
properties hold, by construction, for the noise-free case. A 
different approach must be taken to consider the influence 
of noise on those properties, as explained in the “Materials 
and Methods” section. Here, we superimpose Gaussian noise 
to the simulated potential of single dipoles located over the 
whole cortex in order to consider the effect of different lev-
els of SNR on the resolution of the source reconstruction 
obtained from the ECoG grid and the ECoG + EEG grid. 
Our analysis shows that for high values of SNR (20 dB) the 
resolution metrics DLE, SD and OA are very similar to those 
obtained in the noise-free case, extending the validity of the 
previous results to more realistic situations. When the SNR 
decreases, the resolution metric values increase with the dis-
tance between the sources and the electrode, especially the 
DLE. Under the ECoG electrodes the influence of noise is 
remarkably low since the resolution properties for very low 
SNR (3 dB) are comparable to the ones of the noise-free 
case. The only exception is MNE-OA for low SNR, which 
has a reversed trend in respect to the noise-free case because 
the inverse operator is not take into account statistical prop-
erties of noise, e.g. the covariance (Dale et al. 2000).

Another possible strategy to take into account noise is 
to incorporate noise information directly into the inverse 
operator. In this case, considered by Molins et al. (2008), 
Hauk et al. (2011) and Hauk and Stenroos (2014) the reso-
lution matrix is again defined as the product between the 
inverse operator and the lead field matrix, with the same 
interpretation for the Point-Spread Function and the Cross-
Talk Function. The difference between the two approaches 
is that, in our case, the resolution matrix relates the actual 
configuration of sources with the estimated one, while in 
the other case this relationship, which is made under the 
noise-free assumption, is not well-defined. Nevertheless, it 
seems reasonable to think that the better is the “suppres-
sion” of noise achieved with the inverse operator, the more 
reliable is the resolution matrix (in the sense that it truly 
relates the actual configuration of sources with the estimated 
ones). Our simulations in the presence of noise give credits 
to this last statement, as indeed for decreasing level of SNR 
the results obtained with eLORETA, are more robust than 
those of MNE.

The current analysis describes the resolution of source 
localization methods in the cortex of a rhesus macaque 
from ECoG and EEG measurements. In the literature, stud-
ies on monkeys have been a key element in understanding 

structural and functional mechanisms of brain structures, 
from cellular to whole-brain level (Zeki 1978; Wandell et al. 
2007). On the anatomical level, the major difference is that 
the monkey cortex is about half of the human cortex, i.e. 
6 × 6 × 4 cm and 15 × 11 × 11 cm, respectively, (see Fig. S4).

A detailed comparison between human and monkey 
brains is beyond the aim of this article, but being the shape 
of the monkey cortex sufficiently similar to the human 
one, it can be reasonably used as a model to evaluate the 
resolution of inverse methods as a function of the distance 
between small patches of cortical areas and ECoG or EEG 
electrodes. Reasonably, the resolution metrics will have the 
similar values near the grid in the monkey and in the human 
case, while far from the grid, as the source-to-grid distance 
reaches higher values, errors as quantified by the given reso-
lution metrics could further increase.

Given the growing interest of the activity of subcortical 
areas in cognitive mechanisms and brain disorders (Bastin 
et al. 2017; Combrisson et al. 2017; Kim et al. 2010; Morino 
et al. 2004), another useful application of ECoG source anal-
ysis could be to estimate subcortical activity, e.g. from the 
hippocampus, the amygdala, the thalamus, the cerebellum, 
the insula. In principle, ECoG grid could be a useful tool for 
studying deep brain regions because it has a wider cover-
age than stereo-tactically implanted electrodes (sEEG) and 
it has a higher SNR than MEG and EEG. Even if we cannot 
draw conclusion on this issue, since the subcortical areas 
are not included in the dataset used in this manuscript, our 
analysis suggests that unless the ECoG grid is positioned up 
to 5–10 mm near the region of interest, the source analysis 
could lead to unreliable results. Nevertheless, by using more 
restrictive assumption about the source configuration one 
can, in principle, improve the accuracy of source localiza-
tion techniques for deep sources. For example, new inverse 
methods can be designed through the resolution matrix 
imposing the subcortical areas as active region of interest 
while filtering out the activity originating from the cortex, 
e.g. by imposing a topological constraint for the Cross-Talk 
Functions (Hauk and Stenroos 2014).

Conclusions

In conclusion, this study quantifies the limits of source 
reconstruction from ECoG grid with different resolution 
metrics, such as dipole localization error, spatial dispersion 
and overall amplitude, and could be used to choose the “opti-
mal” inverse algorithm based on its resolution properties.

As a possible remedy to the poor performance obtained 
far from the ECoG grid, we evaluated the improvements 
in source reconstruction when simultaneous recordings of 
ECoG and EEG potentials are available, even with a lim-
ited number of EEG electrodes. Further studies aiming to 
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improve ECoG source analysis could involve the design of 
new inverse algorithms which specifically take into account 
the limited coverage of the ECoG grid and also the comple-
mentary features of ECoG and EEG.
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