
Exploring the limits of EEG  
                                      -time, space & content   

Lars Kai Hansen 
DTU Compute,  
Technical University of Denmark 
lkai@dtu.dk “Facebook has 60 people working on how to read your mind 

According to FB it’s developing technology to read your brainwaves so that you don’t 
have to look down at your phone to type emails, you can just think them.”  

Guardian April 19, 2017 

Oticon patent 

EEG signals reflect information processing by a 
complex organ trying to manage a complex 
environment 
 
EEG based inference will always be extremely 
ill-posed 
 
Strong priors are needed! 
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Long term aim of neurotechnology… 
  Connect cognitive neuroscience and normal behavior 

 Brain state representations connected by machine learning 

Conventional EEG system 

Wearable EEG system 

Ear-EEG/Hyposafe device 

High-performance research 
and clinical EEG system 

Discreet, unobtrusive and user-
friendly assistive devices for 

everyday life 

Smartphone data 

”We don’t  really know which, when or why brain states occur in the wild….” 
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Oticon mobile EEG device 
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Exploring the limits to EEG 

System level 
 Time & space – where and how long…  
    towards permanent EEG: - UNEEG, ear-EEG 
                smartphone brain scanner II 
 Content – what are the limits to mindreading? 
                EEG in the classroom 

Brain level 
 Time & space – spatio-temporal resolution of EEG? 
   Bayesian inference with priors – infer forward model 
 Content – deep decoding with personal priors 
   Smartphone brain scanner III 
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Systems level limits: 
  
    Time & space EEG - where and how long…?  
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Extended recording in the wild:”Neurotechnology for 24/7 brain monitoring”  
 - naturalistic condition brain imaging experiments 
 
Medical applications: Hypoglemia, epilepsia, sleep, … 
 
Well-being: Hearing, attention, sleep scoring 
    resting state/mind wandering 
 

Expanding the reach of EEG: Ear-EEG and UNEEG 

UNEEG™ medical – formerly HypoSafe - was founded in 2005 by Henning Beck-Nielsen a leading diabetes scientists, with a 
mission to help individuals suffering from hypoglycemic attacks. Beck-Nielsen found that hypoglycemia could be predicted 
timely and reliably from the EEG patterns in the brain. https://www.uneeg.com/ 

P. Kidmose et al. Auditory Evoked Responses from Ear-EEG 
Recordings. IEEE EMBS (2012) 
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UNEEG device  ultra-long EEG  - mental state predictability   
 
Fano Ineq. bound on predictability of spectral microstates (ts=1 sec) 

Predictability is 
     high at night,  
     lowest during ”leisure time” 

DAYS DAYS 
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Establish strong priors for Ear-EEG decoding 
                                     by linking EEG from scalp and ear 

Mikkelsen, K.B., Kidmose, P. and Hansen, L.K., 2017. On the Keyhole Hypothesis: High Mutual 
Information between Ear and Scalp EEG. Frontiers in human neuroscience, 11, p.341. 
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Systems level limits: 
  
    3D imaging & content decoding  
                          beyond the lab 
  
     Smartphone brain scanner II 
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Why 3D real-time imaging? 

Enable on-line visual quality 
control 
 

Neurofeed applications can be 
based on activity in specific 
brain structures /networks 
 
 
 
 

 
 
Evidence that BCI /decoding 

can be improved by 3D 
representation 

Finn Årup Nielsen, Daniela Balslev, Lars Kai Hansen, ”Mining the Posterior Cingulate: 
Segregation between memory and pain components”. NeuroImage, 27(3):520-532, 
(2005) 
Trujillo-Barreto, Nelson J., Eduardo Aubert-Vázquez, and Pedro A. Valdés-Sosa. 
"Bayesian model averaging in EEG/MEG imaging." NeuroImage 21, no. 4 (2004): 
1300-1319. 
 

Context priors may relate to 3D 
   location (from meta analysis) 
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Source representation can improve decoding 

Besserve et al. (2011)  
… reconstructing the underlying cortical network dynamics significantly outperforms a usual electrode level 

approach in terms of information transfer and also reduces redundancy between coherence and power 
features, supporting a decrease of volume conduction effects. Additionally, the classifier coefficients 
reflect the most informative features of network activity, showing an important contribution of localized 
motor and sensory brain areas, and of coherence between areas up to 6 cm distance. 

Ahn et al. (2012) 
… source imaging may enable noise filtering, and in so doing, make some invisible discriminative information 

in the sensor space visible in the source space.  
 

Congedo, Marco, Fabien Lotte, and Anatole Lécuyer. "Classification of movement intention by spatially filtered electromagnetic inverse solutions." 
Physics in Medicine and Biology 51, no. 8 (2006): 1971 
M Besserve, J Martinerie, L Garnero "Improving quantification of functional networks with eeg inverse problem:  
Evidence from a decoding point of view." NeuroImage 55.4 (2011): 1536-1547. 
Minkyu Ahn, Jun Hee Hong, Sung Chan Jun: "Feasibility of approaches combining sensor and source features in brain–computer  

interface." Journal of Neuroscience Methods 204 (2012): 168-178. 
Andersen, R.S., Eliasen, A.U., Pedersen, N., Andersen, M.R., Hansen, S.T. and Hansen, L.K., EEG source imaging assists decoding in a face recognition 
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Smartphone brain scanner at YouTube 

https://www.youtube.com/watc
h?v=i_66KAOzXhU 

https://www.youtube.com/watch?v=i_66KAOzXhU
https://www.youtube.com/watch?v=i_66KAOzXhU
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K N 

ST Hansen, S Hauberg, LK Hansen. Data-driven forward model inference for EEG brain imaging. NeuroImage, 139(1):249-258 (2016) 
ST Hansen, LK Hansen. Spatio-temporal reconstruction of brain dynamics from EEG with a Markov prior. NeuroImage, 148:274-283(2017)  

 
Limits to imaging 
 
Linear, ill-posed 
inverse problem 
 
X:  N x T 
Y:  K x T 
A:  K x N 
 
N >> K 
 
Aim:  ”fmri resolution at 50Hz” 
  -  strong priors needed! 
 
SBS2: smoothness/ minimum norm 
Bayesian inference @ 10 sec. 
 
SBS3: Spike and slab prior 
Variational inference @ frame rate,  
128 msdelay windows 
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SBS2 functions  

Real time system  
– Bayesian minimum norm 3D reconstruction with a variety of 

forward models (N=1024).  
– Adaptive SNR model (β,α) estimated every 10 sec.  
– Update speed ~ 40 fps (Emotiv sample rate 128Hz, blocks of 8 

samples) 
– Selected frequency band option 
– Spatial averaging in ”named” AAL regions 

Mobile experiment set-ups, so far... 
– Common spatial pattern- BCI 
– Stimulus presentation options: video, image, text, audio 
– Neuro-feedback 
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Do we get meaningful functional volumes? 

Imagined finger tapping 
Left or right cued (at t=0) 
 
Signal collected from an 
AAL region (n=80) 

A. Stopczynski, C. Stahlhut, M.K. Petersen, J.E. Larsen, C.F. Jensen, M.G. Ivanova, T.S. Andersen, L.K. Hansen. Smartphones as pocketable labs: Visions for 
mobile brain imaging and neurofeedback. International Journal of Psychophysiology, (2014). 
A. Stopczynski, C. Stahlhut, J.E. Larsen, M.K. Petersen, L.K. Hansen. The Smartphone Brain Scanner: A Portable Real-Time Neuroimaging System. PloS one 9 
(2), e86733, (2014) 
Meier, Jeffrey D., Tyson N. Aflalo, Sabine Kastner, and Michael SA Graziano. Complex organization of human primary motor cortex: a high-resolution fMRI 
study.Journal of neurophysiology  100(4) :800-1812 (2008).  
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Enabling EEG outside the lab 

 
Mobile real-time EEG Imaging 
  -EEG in the classroom 

-Neurofeedback 
-Digital media & emotion 
-Bhutan Epilepsy Project 
 
 
 
 

 
 
 

Farrah J. Mateen, Massachusetts General Hospital, 
Grand Challenges CANADA 

Camilla Falk 

Simon Kamronn, Andreas Trier Poulsen 
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AT Poulsen, S Kamronn, J Dmochowski, LC Parra, LK Hansen. “EEG in the classroom: Synchronised neural recordings during video presentation”.    Scientific Reports, 7 (2017).  
JP Dmochowski, MA. Bezdek, BP Abelson, JS Johnson, EH Schumacher, LC Parra,  ”Audience preferences are predicted by temporal reliability of neural processing”,  
 Nature Communications 5: 4567, July 2014. 
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Limits to brain state inference: 
  
    Time & space  
 
    Pushing the limits to imaging with EEG 
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Smooth, sparsity promoting priors 
   Bayesian inference with Variational Garrote 

Hansen, S.T. and Hansen, L.K., 2017. NeuroImage, 148, pp.274-283 
Spatio-temporal reconstruction of brain dynamics from EEG with a Markov prior.  

Sparse basis function activity   Mnt = prob (snt =1) 

Smartphone brain scanner 3: 
w/ real-time VG version and  
         artifact reduction 
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Reduce limitation to imaging : 

Infer the forward model    Y = AX + E 
 
 
 
 
Can we trust the forward model? 
 - Anatomy is known from MRI, CT? 

 - Conductivity ratios? 
 
i) Forward model is inaccurate...but useful as ”prior” 
 - Represent forward model uncertainty as ”naive Bayes”  
     multivariate normal (ARD) 
 - Estimation embedded with source reconstruction 
 
ii) Data driven approach 
 - Representing forward model uncertainty as  multivariate normal  
       ”probabilistic PCA” 
 - Estimating embedded with source reconstruction 
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Uncertainties involved in the estimation of the forward model 
– Tissue segmentation 
– Tissue conductivities 
– Electrode locations 

 
 
 
 
 
 
 
 
 
 
 

 
Previous work: 

– Gençer & Acar, 2004, Lew et al.,2007; Plis et al., 2007, Acar & Makeig, 2013  
 

Reconstruction of the forward model 

True Prior 

Estimated 

C. Stahlhut, M. Mørup, O. Winther, L.K. Hansen. Simultaneous EEG Source and Forward Model Reconstruction (SOFOMORE) using 
a Hierarchical Bayesian Approach. Journal of Signal Processing Systems, 65(3):431-444 (2011). 
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The forward model is important! 

This is an important result because it suggests that creating individual 
cortical meshes (and all the difficulties that this entails) can be an 
unnecessary exercise… 
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Repairing a wrong forward 
model with ARD 

C. Stahlhut, M. Mørup, O. Winther, L.K. Hansen. Simultaneous EEG Source and Forward Model Reconstruction (SOFOMORE) using 
a Hierarchical Bayesian Approach. Journal of Signal Processing Systems, 65(3):431-444 (2011). 
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Representing forward model uncertainty 
 
Can it be estimated even if we do not have anatomy? 

Hansen, S.T., Hauberg, S. and Hansen, L.K., 2016. Data-driven forward model inference for EEG brain imaging. NeuroImage, 139, pp.249-258. 

A data driven approach 
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Reducing forward model uncertainty 

S.T. Hansen, S. Hauberg, L.K. Hansen.  Towards accurate EEG source reconstruction by forward model inference. In prep (2015) 

Augment VG Free energy to 
incorporate time series and forward 
model fitness 

Smooth spatial cross-validation 
To estimate regularization (sparsity) 

Hansen, S.T., Hauberg, S. and Hansen, L.K., 2016. Data-driven forward model inference for EEG brain imaging. NeuroImage, 139, pp.249-258. 
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Reducing forward model uncertainty 

S.T. Hansen, S. Hauberg, L.K. Hansen.  Towards accurate EEG source reconstruction by forward model inference. In prep (2015) 

Smooth spatial cross-validation to estimate regularization (sparsity) 
Free energy, cross-validaion, localization error, ”F-measure” all agree 

Hansen, S.T., Hauberg, S. and Hansen, L.K., 2016. Data-driven forward model inference for EEG brain imaging. NeuroImage, 139, pp.249-258. 
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Reducing forward model uncertainty 

S.T. Hansen, S. Hauberg, L.K. Hansen.  Towards accurate EEG source reconstruction by forward model inference. In prep (2015) 

2D search for forward model in ”PCA space”  - leave one-subject-out test on simulated data 

Hansen, S.T., Hauberg, S. and Hansen, L.K., 2016. Data-driven forward model inference for EEG brain imaging. NeuroImage, 139, pp.249-258. 
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Reducing forward model uncertainty 

S.T. Hansen, S. Hauberg, L.K. Hansen.  Towards accurate EEG source reconstruction by forward model inference. In prep (2015) 

Visual processing (face vs non-face) 
 
Test subject activation location well aligned with EEG  
Results in state-of-the-art comparison (Henson et al, 2009) 

2D search for forward model in ”PCA space”  - leave one-subject-out test in real EEG data 

Hansen, S.T., Hauberg, S. and Hansen, L.K., 2016. Data-driven forward model inference for EEG brain imaging. NeuroImage, 139, pp.249-258. 
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Conclusion 

Connect cognitive neuroscience,   
 state monitoring, and daily life 
 
EEG poses many extremely ill-posed problems that limit research 

and applications 
 
Increasingly sophisticated prior information can help push the 

limits! 
 
What about the limits to brain state decoding? 
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Are there limits to decoding? 

Pasley, B.N., David, S.V., Mesgarani, N., Flinker, A., Shamma, S.A., Crone, N.E., Knight, R.T. and Chang, E.F., 2012. 
Reconstructing speech from human auditory cortex. PLoS biology, 10(1), p.e1001251 
Herff, C., Heger, D., de Pesters, A., Telaar, D., Brunner, P., Schalk, G. and Schultz, T., 2015. Brain-to-text: decoding spoken 
phrases from phone representations in the brain. Frontiers in neuroscience, 9. 

Kamitani, fMRI   “Our results demonstrate a homology 
between human and machine vision and its utility for brain-
based information retrieval.” 
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