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Interference suppression: Even good-
quality MEG data can be improved!
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Spatial Space Separation (SSS) method

• The sensors are located in 
current-free volume

• Sources in green and red volumes 
can be modelled with multipole 
expansions

• The number of channels exceeds 
the number of degrees of freedom 
of the MEG field → signal from the 
green volume can be uniquely 
reconstructed

• Signals due to external sources 
can be removed



The SSS method

Taulu S. and Kajola M., J. Appl. Phys. 97, 124905 1-10 (2005)
Taulu S., Kajola M., Simola J., Brain Topography 16, 269-275 (2004)
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Suppression of uncorrelated sensor 
noise and artifacts by cross-validation

Recipe:

1. Leave one sensor signal out

2. Construct the SSS model using all other channels

3. Estimate the signal of the left-out channel

4. Subtract this estimate from the signal measured by that 
sensor => the residual is uncorrelated, sensor-specific 
noise which can be removed

5. Go to step 1 and select another sensor until all sensor 
signals are treated similarly



Example: Resting state MEG data 
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Original unprocessed data

Courtesy of Samu Taulu & Liisa Helle



Example: Resting state MEG data 
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Estimate of uncorrelated sensor noise and artifacts

Courtesy of Samu Taulu & Liisa Helle



Example: Resting state MEG data 
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Estimated sensor noise removed from the original data

Courtesy of Samu Taulu & Liisa Helle



Example: Resting state MEG data 
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Estimate of uncorrelated sensor noise and artifacts

Courtesy of Samu Taulu & Liisa Helle



Example: Unprocessed continuous data with 
evoked responses

Courtesy of Samu Taulu & Liisa Helle



Example: Continuous data after suppression of 
uncorrelated noise



Example: SEF responses and ECD 
models after removal of uncorr. noise

Averaged (N=100) peak response 
at 30 ms:
r = (44, 8, 106) mm, Q = 93 nAm

Single response, original data:
r = (43, 11, 107) mm, Q = 138 nAm

Single response, after suppression of 
uncorrelated noise:
r = (41, 10, 105) mm, Q = 132 nAm

Averaged: r = (42, 9, 106) mm, Q = 93 nAm

Courtesy of Samu Taulu & Liisa Helle



Example: MEG of an epileptic seizure 
with movement and artifacts
Unprocessed data

Courtesy of Samu Taulu & Liisa Helle



Example: MEG of an epileptic seizure

After projecting out temporal correlations between in- and outside volumes

Courtesy of Samu Taulu & Liisa Helle



Example: MEG of an epileptic seizure

After projecting out temporal correlations between in- and outside 
volumes and removing uncorrelated sensor noise

Courtesy of Samu Taulu & Liisa Helle



Example: MEG of an epileptic seizure

After projecting out temporal correlations between in- and outside 
volumes and removing uncorrelated sensor noise and applying SSS

Courtesy of Samu Taulu & Liisa Helle



MEG/EEG and fMRI-BOLD responses



Single trial
N = 1

  Experiment

Visual stimulus; inward-moving circular gratings 
whose contraction speed changed at a random 
latency. Trial duration 1.5–2.0 s.

Attention task; subjects had to detect and report a 
speed change [Hoogenboom et al. 2006]

  Measurements

Elekta Neuromag 306-channel MEG system

Two subjects, 400 trials per subject in four blocks

  Analysis

Wavelet-based extraction of instantaneous amplitude 
in time–frequency space

Source modelling with beamformer; localization and 
computation of “virtual electrode” signals

Induced gamma-band responses



Helle, Taulu & Parkkonen, HBM2011
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Beamforming

Filtering to 55–80 Hz

Dual-state construct 
(baseline vs. active)

Scanning of the entire 
cranial volume

Subject 1

Subject 2

Helle, Taulu & Parkkonen, HBM2011

Gamma-band responses: Beamforming



Subject 1

Subject 2

Helle, Taulu & Parkkonen, HBM2011

Single stimulus presentations

Gamma-band responses: 
Source signals



• MEG/EEG responses mainly to transients; continuous 
stimuli often give rise only to onset and offset responses.

• Neural activity to continuous stimuli beyond the reach of 
MEG/EEG?

• Continuous (and even simultaneous) stimuli can be 
labelled with distinct markers that allow tracking the 
neural processes indirectly.

• Labelling continuous stimuli with distinct frequencies = 
frequency tagging

Temporally structured stimuli



• Ambiguous figures often evoke alternating percepts 
(perceptual bistability)

• Physical stimulus invariant but perception changes

• How do the “brain states” of the two percepts differ?

Studying bistable perception with MEG



• Rubin's face-vase figure with superimposed dynamic tag 
signals

• Frequency tags: Random noise patterns updated at:

− 12 Hz for the vase region

− 15 Hz for the faces

A slow-motion illustration

Bistable perception: Applying a dynamic 
stimulus



• Do the tag-related signals modulate with the percept?

• Experiment:

− fixate between the “noses”

− report the percept with the right index finger

− 10-min MEG recording

Parkkonen et al., PNAS 2008

Bistable perception: Experiment
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reports

MEG
signals
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Parkkonen et al., PNAS 2008

Bistable perception: Dynamics of tag 
signals



Does the gaze shift with the percept?

Percept “faces”

Percept “vase”

Parkkonen et al. PNAS 2008

Eye tracking during the MEG experiment



From MEG sensors to cortex

• Source points along 
the cortical mantle
– 5-mm spacing, ~12000 

points / brain
– Neural currents 

perpendicular to 
cortical surface favored

• MEG data
– 306 MEG channels
– Head position 

information

L2 min.
norm

estimation

Cortical
signals



Frequency tagging: Analysis by fitting 
sin/cos quadratures

• Amplitude estimates by a general linear model
– All “non-white” components included
– Sine and cosine terms to accommodate the unknown phase
– Better than Fourier transform: No requirement for orthogonal signals
– Better than wavelets: Exploits the constant amplitude and phase



Parkkonen et al., PNAS 2008

Cortically constrained 
minimum norm estimate 
(MNE) of MEG 
amplitude at the tag 
frequencies

Bistable perception: Tag signals on the 
cortex



• Perceptual bistability is manifested as activity 
modulations in the early visual cortices

• The observed modulation is most likely a top-down 
effect that accentuates the “object part” of the 
visual field and suppresses the background

• Early visual areas seem to directly contribute to 
visual awareness and conscious vision.

Bistable perception: Discussion



• Dynamic stimulus with each 
quadrant tagged with a unique 
frequency (11, 13, 15, 17 Hz)

• Random patterns with varying 
average luminance

• Real-time extraction of the tag 
amplitudes

Tracking attention with tagged stimuli
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Tracking visual attention: Spectra



• Tag amplitudes extracted in real 
time in 1.5-s windows by fitting a 
general linear model to sensor-
level signals

• The four amplitudes converted into 
“laterality” and “verticality” indices

• The indices control the position of a 
cursor superposed on the stimulus

• Position updated every 1.5 s

• Task: Focus on a quadrant and 
advance clockwise when instructed 
verbally (every 5 s)

Tracking visual attention: 
Neurofeedback



5 s

5 s

Subjects were cued 
auditorily every 5 seconds 
to shift attention to the next 
quadrant in clockwise 
order • Subjects were able to select the 

quandrant typically within 5 s

• 2 bits at each selection * 12 
selections/min = 24 bits/min

• Mixture of covert and overt attention

Tracking visual 
attention



Implementation



Beyond sinusoidal modulation

Pseudorandom temporal sequencies to drive stimuli

“Maximum length sequencies” (m-sequences)
- Spectrally almost white/flat

- Period 2m – 1 steps

- Within the period, any time shift makes an orthogonal sequences

Multifocal approach in vision
- visual field divided into patches and each driven with a shifted version 

of the same m-sequence

- contribution of each patch recovered by cyclic decorrelation

=> a very fast method to do retinotopy

Henriksson & Vanni



Modelling the dynamics of oscillatory 
brain signals

• Modelling by convolution; cf. Hemodynamic response 
function (HRF) in BOLD fMRI

• Rebound associated only with the end of the stimulation => 
non-linear dynamics

Envelope of the somatomotor 20-Hz activity

Ramkumar et al. HBM, 2010



Generalized convolution model

• A black-box model
– Describes the dynamics
– Not a physiological explanation

• Volterra expansion to capture the non-linear behaviour

Kernels k
n
(t) constructed using a 

Laguerre basis function set
=> parsimonious solution

Ramkumar et al. HBM,2010



Application to oscillatory dynamics

• “Oscillatory Response Function” (ORF)
– Predicts the envelope given the stimulus time course
– Few parameters (< 10)
– Reasonable generalization across subjects and 

experiments for a given brain rhythm

Ramkumar et al. HBM,2010



Localization of oscillatory activity using 
MNE+ORF+GLM

Ramkumar et al. HBM 2010

Modulation depth map

• The ORF&GLM combination allows:
– Variable stimulus/task durations
– Use of graded stimuli

• The recipe
– MNE: Sensors -> cortex -> envelope
– ORF: Stimulus -> prediction
– GLM: Prediction = envelope?
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Machine learning

• "Field of study that gives computers the ability to learn 
without being explicitly programmed" – Arthur Samuel 
(1959)

• Generalization: after training, the algorithm performs 
well on previously unseen data points. It may be able to, 
e.g., classify new data in a meaningful manner. That is, 
the algorithm has learned from experience.

• Human learning ~ machine learning?
• Machine learning to study signals from the human 

brain?
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Unsupervised methods

No explicit training; the algorithm should learn the structure 
of the data “blindly”.

Method classes: Clustering methods, component methods 
(PCA, ICA, …), self-organizing maps, ...
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Independent component analysis (ICA)

ICA model:

x(t) = As(t) + n(t)

Observed data x results from (unknown) mixing A of 
(unknown) sources s and some additive noise n.

Sources s are assumed to be statistically independent. 
This assumption allows estimating the mixing matrix A 
and sources s from the data x (in favourable conditions)

Statistical independence usually sought as 1) maximal 
non-gaussianity (non-zero kurtosis) or 2) minimal mutual 
information.



Brain oscillations and ICA

Kurt = -0.51

Kurt = 1.47

Hyvärinen et al. HBM 2009

Envelope Amplitude-
modulated 
oscillatory signal

Amplitude distribution=> =>

Only strong amplitude modulation increases 
the non-gaussianity of an oscillatory signal!
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Brain oscillations and ICA

• Artefacts usually more non-gaussian than brain 
signals => Conventional ICA is most sensitive to 
artefacts.

• A better metric for the “interestingness” of a signal?
– Sparseness of the spectral representation of a signal
– Maximally amplitude-modulated signal

• ICA on concatenated short-time Fourier transforms 
of the data
– Linear mixing model with complex coefficients to allow for 

phase lags within components
– “Fourier-ICA”



Fourier-ICA

time

Multi-channel MEG time serieschannels

time1 s0

Series of concatenated complex Fourier transforms

STFT

channels

frequency

ICA Fourier independent 
components: spatial maps of 
amplitude and phase
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Fourier-ICA on resting-state MEG

Hyvärinen et al. HBM 2009

Subject resting eyes closed, 5-min recording.
Components after reliability analysis and sorting by “interestingness”
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Supervised learning

The algorithm has a training phase and a subsequent 
testing phase. Learning is explicit.

Data are usually assumed to come from N classes.

During training, the data are given with labels (=class 
names).

During testing, the algorithm tries to predict the label of 
each given sample.
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Example: Classification of data from 2D 
Gaussian distributions

3 classes, 1000 
samples in each class

How to optimally 
separate the 
distributions?



Example: Classification of data from 2D 
Gaussian distributions

Draw lines that best 
separate the classes of 
the training data 
samples. Go for the 
maximum margins 
around those lines.

Support Vector 
Machines (SVMs) do 
exactly this. They define 
separating hyperplanes 
using selected training 
samples as pivot points.



Multi-class SVM

SVM is inherently a binary classifier (select one class out 
of two possible)

Typical multi-class extension by training several binary 
SVMs
- One class vs. all other classes (one-versus-all) and choose the 

largest decision value

- One class vs. another class (one-versus-one) followed by voting



What about non-linear 
decision boundaries?

Linear

Polynomial basis

Use of kernel functions that map the non-linear space 
to a linear one. The “kernel trick”.

Radial basis

Images by Gael Varoquaux
scikit-learn
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SVM on MEG: Very simple example

Experiment
Healthy adult person in MEG

Checkerboard stimuli (amongst other sensory stimuli) presented 
randomly in the lower left or right quadrant of the visual field.

110 trials in both categories (“StimLeft” and “StimRight”)

MEG measured continously

Classification problem
Can we tell from single-trial MEG responses whether the person 

received the stimulus in the left or right visual field?



SVM on MEG: Average responses for the 
two classes

RightLeft

Back

Selected channels

Blue: StimRight
Red: StimLeft N = 110
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SVM on MEG: Picking a time point

Our feature space is very limited: Just one time point and two 
channels! (Severe underutilization of MEG data :) )



SVM on MEG: Training

We take 50% (every other trial) as the training data

N = 55 for both classes



SVM on MEG: Training

Train an SVM on these data.



SVM on MEG: What about the test data?

Separating 
hyperplane (line) 
based on 
training data.

With test data, 
the decoder 
classified 104 
out of 110 trials 
correctly!



SVM on MEG: Discussion

Our extremely simple decoder (using just two channels 
and one time point) is able to classify left vs. right visual 
field stimulation in single-trial responses at 95% rate.

How to improve for other kind of MEG decoding tasks?
Include more/all channels in the feature space

Include time windows rather than single time points

Transform the data: oscillatory activity => envelope at each 
channel => additional set of amplitude features

Feature selection becomes necessary



Ramkumar, Jas, Pannasch, Hari, Parkkonen. Accepted to J Neurosci

Presentation in random order, 
each stimulus shown for 1 s

Information about low-level visual features: Where 
and when is it available?

Classification of low-level visual features
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Decoding single trials

Ramkumar, Jas, Pannasch, Hari, Parkkonen. Accepted to J Neurosci
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Decoder uses MEG data from a 20-ms moving/growing window

N = 8

Time-resolved decoding of single trials

Ramkumar, Jas, Pannasch, Hari, Parkkonen. Accepted to J Neurosci



• Already 50 ms after the stimulus onset, there is 
enough information in the signals from the early 
visual cortices to decode spatial frequency and 
orientation of the stimulus

•Decoders of low-level visual features generalize 
also to some extent across subjects

Discussion



 Advanced signal processing for interference 
suppression 
– Software-based methods can substantially improve 

data quality, which benefits analysis and 
interpretation

 Temporally structured stimuli
– Enable following early cortical processing of 

continuous stimuli

 Machine learning in neuroimaging
– From activation-based to information-based brain 

mapping
– Time-resolved decoding of MEG/EEG may answer 

the “when” question

Conclusions
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