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Contact: brahim.belaoucha@inria.fr, url: http://www-sop.inria.fr/athena

  Several regularization terms are used to constrain the Magnetoencephalography (MEG) and the Electroencephalography (EEG) inverse problem. It has been shown that 
the brain can be divided into several regions[1] with functional homogeneity inside each one of them.  To locate these regions, we use the structural information coming 
from the diffusion Magnetic Resonance (dMRI) and more specifically, the anatomical connectivity of the distributed sources computed from dMRI. To invistigate the 
importance of the dMRI in the source reconstruction, we compare the solution based on dMRI-based parcellation to random parcellation.

1Introduction

2Methods: 

    (a) Destrieux(Dx)     (b) Desikan-Killiany(DK)     (c) Mindboggle(ML)         (d) Random(R)     
Fig.1: The different pre-clustering approaches used to cluster the cortex

3Experiments & Results

Table.1: The final number of cortex regions vs    value and pre-parcellation.
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Fig.2: SM values between the different parcellations of different subjects.
          Subject 1                    Subject 2                      Subject 3                          SM

3.2 Real data 

3.1 Synthetic data

4Conclusion
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PSS using dMRI parcellation 
(Dx)

PC using dMRI parcellation 
(DX)
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PC dMRI PSS dMRI

1 active dMRI region

1 random active region intersects 
with 3 dMRI regions
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The reconstructed source error using MNE, PC, and 
PSS for different SNR, for constant active patch.

Because ML and DK 
give bigger regions 
than the DX, we 
decided to use the 
later for source 
reconstruction.
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In the first line we activate one dMRI patch, and in the second a random region 
that intersects with three dMRI regions

[2]

The MEG data in [2] was recorded 
from  visual stimulus. We computed 
the mean of the trials to reduce the 
noise and use it to reconstruct the 
sources intensities for the different 

approaches.


