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Abstract. We introduce forward solutions (lead fields) from SimNIBS for use in electroencephalo-
graphy source analysis. Specifically, we compare with the SimBio implementation in FieldTrip. We 
analyze the public dataset from Wakeman and Henson (2015). Forward solutions differ mostly in 
orbitofrontal and parietal/occipital areas. Both methods seem to find sources in the right fusiform face 
area, however, differences are also apparent. We attribute these mostly to differences in segmentation. 
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1. Introduction 
In EEG source analysis, the boundary element method (BEM) has been the preferred method for 

generating such solutions. BEM is numerically accurate but is generally limited to volume conductor 
models of fairly low resolution and geometrical complexity. In recent years, the finite element method 
(FEM) has gained increasing interest due to its ability to cope with highly complex volumetric models, 
however, few implementations of this exist for EEG. Additionally, automatic methods for obtaining 
highly accurate models of the head have also lacking thus far, however, SimNIBS 
(https://simnibs.github.io/simnibs/) allows straightforward generation of highly realistic volume 
conductor models and subsequent forward solutions. To validate the use of forward solutions from 
SimNIBS in EEG source analysis, we compare with an existing, similar pipeline in FieldTrip 
(https://www.fieldtriptoolbox.org) which uses SimBio (https://www.mrt.uni-jena.de/simbio/) to obtain 
the forward solution (Vorwerk et al., 2018). 

2. Methods 

2.1 EEG Data Preprocessing 
We use the EEG data from the public dataset of Wakeman and Henson (2015) in which the 

participants viewed a series of famous, unfamiliar, and scrambled faces. All analyses were performed 
using the MNE-Python package (Gramfort, 2013; Gramfort et al., 2014) except where noted.  

The continuous data were filtered using a high-pass filter with a 1 Hz cut-off, a low-pass filter with 
a 40 Hz cut-off, and a notch filter at 50 Hz to fully attenuate line noise. Corrections for physiological 
artifacts (eye blinks and heartbeats) were performed by filtering a subset of the components from an 
independent component analysis using recursive least squares (Mannan et al., 2016; Qi, 2012). Next, 
the data was epoched from 200 ms before to 500 ms after stimulus onset and baseline corrected using 
the pre-stimulus period. Epochs from all runs were concatenated and re-sampled from 1100 Hz to 200 
Hz (Michel & Brunet, 2019). Next, a combination of automatic rejection of bad epochs and 
interpolation of bad channels was performed using the Auto reject (Jas et al., 2017). In the final 
preprocessing step, the data was denoised using xDAWN decomposition (Rivet et al., 2011) of the 
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combined events1. Signal and noise subspaces were identified using cross-validation. The estimated 
signal subspace typically had a rank of about 30 - 40. The noise covariance matrix was computed from 
the estimated noise subspace (using all time points). 

2.2 Forward Modeling 
In SimNIBS, a T1 weighted image along with a FLASH-derived proton density image was used to 

generate a segmentation using the upcoming complete head anatomy reconstruction model (CHARM)2. 
This included white matter (WM), gray matter (GM), cerebrospinal fluid (CSF), bone (spongy), bone 
(compact), and skin as well as several other tissue types. From this, a volume conductor model (head 
model) consisting of approximately 3 million tetrahedral elements was generated. For the FieldTrip-
SimBio pipeline, a T1 image was segmented into ve tissue classes (WM, GM, CSF, bone, and skin). 
Next, a head model was constructed using approximately 3.5 million hexahedral elements. The middle 
GM surfaces of both hemispheres (as estimated by CHARM) were used as source space. Each 
hemisphere consisted of approximately 10,000 source locations each of which was modeled using three 
orthogonal dipoles. For all models, default conductivity values were used (as defined in SimNIBS and 
FieldTrip, respectively). 

2.3 Inverse Modeling 
Prior to source analysis, an average reference was applied to the EEG data. For inverse modeling, 

we used dynamic statistical parametric mapping (dSPM) with a �loose� constraint of 0.2 meaning that 
the normal component was weighted by 1 whereas orthogonal components were weighted by 0.2. This 
is the default in MNE-Python. The regularization was estimated from the signal-to-noise ratio (SNR) of 
the average signal in the time window 150 - 190 ms after stimulus onset. We reconstructed sources 
from each condition (faces, scrambled faces) separately and used this to form the contrast faces > 
scrambled faces. 

2.4 Evaluation 
To compare SimNIBS and FieldTrip-SimBio (from here on simply FieldTrip), we computed the 

Pearson correlation between methods for both forward solutions and inverse solutions (using the mean 
activation at 150 �  190 ms after stimulus onset) across the entire source space. This was done for all 
subjects. Subsequently, we chose a subject where the forward and inverse solutions differed 
substantially (compared to the remaining subjects) and highlight some differences. Forward solutions 
were compared using the relative difference measure (RDM) (Vorwerk et al., 2014) restricted to the 
normal component. For the inverse solutions, we simply show the solutions (the norm over the three 
directions) obtained using SimNIBS and FieldTrip, respectively. 

3. Results 
Figure 1 shows the similarity between forward and inverse solutions obtained by SimNIBS and 

FieldTrip for each subject. In the following, we highlight the results of the subject with the lowest 
forward model correlation. Figure 2 shows one slice of the segmentation from SimNIBS and FieldTrip. 
In general, FieldTrip tends to overestimate the amount of cerebrospinal fluid (CSF) and, consequently, 
displace the skull outwards. Figures 3a and 3b show the RDM between SimNIBS and FieldTrip 
forward solutions. We see that large differences are apparent in frontal areas where the skull is very 
thin. Likewise, RDM values tend to be larger in occipital and parietal areas. Figures 3c and 3d shows 
the inverse solution obtained using either forward model. Both models seem to represent activity from 
a spatial location consistent with the right fusiform face area as expected. FieldTrip reconstructs 
activity more laterally whereas SimNIBS places slightly more activity in the occipital area. Also, the 
activity pattern from FieldTrip seems a little more spatially distributed compared to SimNIBS.  

1xDAWN was designed to increase the signal to signal-to-noise ratio between contrasts, however, here 
it is simply used for denoising purposes. 
2CHARM is a new and improved segmentation tool that will be available in SimNIBS 4 (Puonti et al. 
2020). 
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4. Discussion 

The slice in fig. 2 was chosen to highlight that the FieldTrip segmentation seems to �pad� the brain 
with CSF and bone almost uniformly (resulting not only in misestimates of thickness but location as 

Figure 1. Relationship between forward and inverse solutions across the entire brain. The inverse 
correlations have been orthogonalized wrt. the amount of regularization used in dSPM. Each point is a 
subject. 

Figure 2. Segmentation results from FieldTrip (a) and SimNIBS (CHARM) (b) overlaid on a proton 
density image reconstructed from a sequence of FLASH images. Please note that the color schemes are 
different in (a) and (b). Slice in the right hemisphere. 

Figure 3. (a) and (b) show RDM comparing SimNIBS and FieldTrip. Please note that the color bar 
range is 0 to 1 even though RDM is bounded between 0 and 2. Results of dSPM using FieldTrip (c) and 
SimNIBS (d) forward model. The right hemisphere on the right. 
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thickness but location as well) whereas SimNIBS is much more adaptive and, in most cases, seems to 
model the skull thickness quite well. In general, FieldTrip tends to overestimate CSF thickness whereas 
skull thickness is overestimated in places where the skull is thin and vice versa. We note that although 
SimNIBS does a better job at this in general, it also underestimates the amount of skull in certain 
places. These effects may, at least partly, explain the large differences in forward solutions which are 
apparent in the frontal areas. This points out the importance of visually checking the accuracy of the 
segmentation as a standard quality control measure. We computed correlations over the entire source 
space, and, given that not all locations might be equally important to model for reconstructing the 
sources in this particular dataset, we may have differences in the forward model which do not translate 
to differences in source reconstructions. This may also inflate the correlations because the field 
strength/source activity is low in a lot of source locations. 

5. Conclusions 
We present source reconstructions based on forward models developed with SimNIBS 

and compare them with an existing pipeline in FieldTrip based on SimBio. In general, forward 
solutions from either method are fairly similar, however, differences in certain locations 
(e.g., orbitofrontal and occipital/parietal) are apparent. We attribute these primarily 
to (the sometimes substantial) differences in segmentations and note that segmentations 
from FieldTrip generally seem less accurate. Such differences translate to differences in 
source reconstructions as well although other factors (e.g., regularization) affect these 
results too. 

References 

Gramfort, A. (2013). MEG and EEG data analysis with MNE-python. Frontiers in Neuroscience, 7. 
 https://doi.org/10.3389/fnins.2013.00267 
Gramfort, A., Luessi, M., Larson, E., Engemann, D. A., Strohmeier, D., Brodbeck, C., 
Parkkonen, L., & Hämäläinen, M. S. (2014). MNE software for processing MEG �and EEG data. NeuroImage, 86, 446 460 

https://doi.org/10.1016/j.neuroimage. 2013.10.027 
Jas, M., Engemann, D. A., Bekhti, Y., Raimondo, F., & Gramfort, A. (2017). Autoreject: Automated artifact rejection for MEG 

and EEG data. NeuroImage, 159, �417 429. https://doi.org/10.1016/j.neuroimage.2017.06.030 
Mannan, M. M. N., Jeong, M. Y., & Kamran, M. A. (2016). �Hybrid ICA regression: Automatic identification and removal of 

ocular artifacts from electroencephalographic signals. Frontiers in Human Neuroscience, 10.  
https://doi.org/10.3389/fnhum.2016.00193 

Michel, C. M., & Brunet, D. (2019). EEG source imaging: A practical review of the analysis steps. Frontiers in Neurology, 10. 
https://doi.org/10.3389/fneur.2019.00325 

Puonti, O., Leemput, K. V., Saturnino, G. B., Siebner, H. R., Madsen, K. H., & Thielscher, A. (2020). Accurate and robust 
whole-head segmentation from magnetic resonance images for individualized head modeling. NeuroImage, 219, 
117044. https://doi.org/10.1016/j.neuroimage.2020.117044 

Qi, W. (2012). EOG artifacts removal in EEG measurements for affective interaction with a brain-computer interface. 2012  
Eighth International Conference on Intelligent Information Hiding and Multimedia Signal Processing. 
https://doi.org/10.1109/ iih-msp.2012.120 

Rivet, B., Cecotti, H., Souloumiac, A., Maby, E., & Mattout, J. (2011). Theoretical analysis of xDAWN algorithm: application to 
an efficient sensor selection in a �P300 BCI. 19th European Signal Processing Conference (EUSIPCO 2011), 1382  
1386. https://hal.archives-ouvertes.fr/hal-00619997 

Vorwerk, J., Cho, J.-H., Rampp, S., Hamer, H., Knösche, T. R., & Wolters, C. H. (2014). A guideline for head volume conductor 
modeling in EEG and MEG. NeuroImage, �100, 590 607. https://doi.org/10.1016/j.neuroimage.2014.06.040 

Vorwerk, J., Oostenveld, R., Piastra, M. C., Magyari, L., & Wolters, C. H. (2018). The FieldTrip-SimBio pipeline for EEG 
forward solutions. BioMedical Engineering OnLine, 17 (1). https://doi.org/10.1186/s12938-018-0463-y 

Wakeman, D. G., & Henson, R. N. (2015). A multi-subject, multi-modal human neuroimaging dataset. Scientific Data, 2,  
150001. https://doi.org/10.1038/sdata.2015.1 


