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Aivojen lepotilatoiminta vaihtelee jonkin verran terveidenkin ihmisten välillä,
mutta myös monet neurologiset sairaudet muuttavat sitä. Näiden erottamiseksi
tarvitaan suuri määrä tietoa vaihteluista, joita terveiden henkilöiden välillä lep-
otilatoiminnassa on.
Tässä diplomityössä loimme järjestelmän, jonka avulla suuri määrä magnetoenke-
falografisia (MEG) lepotilamittauksia voidaan yhdistää pienellä vaivalla normati-
iviseksi kuvaukseksi aivotoiminnan taajuusjakaumasta levossa. Käytimme 674
terveen koehenkilön MEG-mittauksia. Järjestelmä koostuu aivokuvien segmentaa-
tiosta, MEG datan suodatuksesta, yhteensovituksesta, lähdemallinnuksesta, sen
yhdenmukaistamisesta koehenkilöiden välillä, ja taajuusjakauman laskemisesta.
Diplomityön päätulos oli kuvatun järjestelmän luominen ilman käsin tehtävää
työtä. Pystyimme käyttämään lähes 95% lähtöaineistosta ilman ongelmia, jotka
olisivat vaatineet manuaalista korjaamista. Tarkastelimme myös alfa-aaltojen taa-
juuden laskua iän seurauksena ja saimme tulokseksi selvän negatiivisen korrelaa-
tion iän ja taajuuden välillä. Tämä on aiemman kirjallisuuden kanssa yhtenevä
tulos ja kertoo osaltaan käytettyjen metodien oikeellisuudesta.
Tietokantaa on mahdollista jatkossa hyödyntää koneoppimisjärjestelmissä, joilla
voitaisiin erottaa tiettyjä potilasryhmiä terveistä verrokeista.

Avainsanat: magnetoenkefalografia, MEG, lähdemallinnus, aivo-oskillaatiot,
tehospektri, big data
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There are differences in the resting state activity between healthy people, also
several neurological diseases alter the activity. To be able to separate these from
one another we need large data masses on the variations between healthy people.
We created a pipeline that can calculate an averaged frequency content from a large
number of MEG and MRI recordings. We used 647 subject’s resting state MEG
measurements. The pipeline consists of segmentation, filtering, co-registration,
source reconstruction, morphing and calculation of the power spectral densities.
The main findings were that this is feasible to do without large amounts of manual
work and that in our case we were able to use 95% of the data without doing any
manual refinements. This bodes well for further studies where the data sizes are
large. We also looked into age related alpha rhythm slowing and found a negative
correlation between age and the frequency of the alpha peak in our data. This
matches with the previous studies on the topic and validates the methods used.
The resulting database could be used with machine learning techniques to classify
clinical patients from healthy subjects.

Keywords: magnetoencephalography, MEG, source estimation, brain oscilla-
tions, power spectrum, big data
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1 Introduction
The human brain is active even when it is not doing anything specific. This state is
called a resting state. The brain is in a kind of a stand-by mode, ready to react to
possible stimuli. That is the human is awake and aware of his surroundings but not
reacting to anything specific. The resting state brain activity has been suggested to
have a role in keeping synchrony between communications of different brain areas
[1]. The brain has processes that happen at a consistent frequencies that can be
seen from the recordings of the brain activity. The different frequency bands have
also been suggested to have a role in a myriad of other brain functions [2].

In this thesis we create a normative database of the resting state activity in
healthy people. This is done from a sample of 647 subjects of differing ages. Since
the number of subjects is quite high, and the usual workflow requires a large amount
of manual work, we needed to use automated tool chains to make the workload
feasible. We also need to assess the quality of the results in some semi-automated
way. The database has averaged power spectra at 68 labelled locations over the
head. We also created databases of each age cohort to try and replicate studies (e.g.
[3] showing that there are differences between the power spectra of different aged
people.

The data was collected at Cambridge University’s Centre for Ageing and Neuro-
science (CamCAN) and released as an open data set [4, 5]. The data used contains
MEG recordings of the resting state and anonymized structural MRI scans of all
of the subjects. MEG or magnetoencephalography is a non-invasive neural imaging
method that records the magnetic fields created by the brain activity. Magnetic
resonance imaging creates structural three dimensional images of the subject. With
these we can create a model of the subject’s head and calculate the locations of the
brain activity.

To create the database we first need to pre-process the data, remove head move-
ment artifacts, create the head models, solve the source model and calculate the
spectral power density and then average this. We created a pipeline that contains
these steps and can be ran without large amounts of manual work.

This database can be used in future work to try and recognize deviations from
the normal resting state activity. These deviations could be a mark of some neural
diseases. By using machine learning solutions, trained on both healthy and clinical
subjects, we might be able to automatically recognize possible on-sets of different
neurological diseases by simply taking one MEG recording.
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2 Background
In this background section we will go through the background of the methods we
are using and some previous research into the resting state frequencies.

2.1 The Human Brain

The human brain weighs a bit over 1 kg and constitutes about 2% of the total body
mass. It however uses up to fifth of the energy of the human body. It has tens
of billions of nerve cells or neurons in it. The brain can be divided into cerebrum,
cerebellum and the brainstem. The biggest of these, the cerebrum consists of two
almost symmetrical hemispheres which are connected by the corpus callosum. The
hemispheres can be further divided to different lobes; frontal lobe that contains the
front section of the brain up to middle of the head, parietal lobe that is found nearer
the back of the head, occipital lobe that is the back most lobe and the temporal lobe
that can be found near the ears. The lobes contain several ridges called gyri and
valleys called sulci. The sulci also separate the different lobes from each other, for
example the central sulcus that can be found between the frontal and parietal lobe.
The locations of the smaller gyri and sulci differ greatly from person to person.
The outermost layer of the cerebrum is called the cerebral cortex and it consists
mostly of the cell bodies of the neurons. These give it a grayish color and also
it’s name grey matter, as a separation from the white matter that can be found
deeper in the brain. The white matter is composed of the axons of the neurons.
The axons in the white matter are coated by a myelin sheath that enhances the
speed at which the signal propagates in the axon. This myelin sheath gives white
matter it’s whitish color. The brain consists of neurons and glial cells. Most of the
activity happens in the neurons and the glial cells provide support and structure to
the brain. There are however some signs that the glial cells contribute to the brain
activity through changes in the balance of the ions in the cerebrospinal fluid. These
changes can be excitatory or inhibitory but the timescales are measured in seconds,
not in milliseconds [7]. The neurons have dendrites which bring the signal to the
neuron, the cell body or soma that integrates the different signals together and the
axon that carries the modified signal forward. The axon ends in a synaptic terminal
that transforms the electric signal to a chemical one, by releasing neurotransmitters
to a synaptic cleft where they are picked up by the receptors located on the next
neurons dendrite. The receptors are not always at the end of the dendrite but can
also be found on the middle of one or even on the cell body of the neuron.

The axon transmits the signals as action potentials, that are originated from the
cell body and travel down the axon. The action potentials are actively propagated
and do not lose any strength when they travel. That is the the action potential is
either on or off. There is no middle state. As a thought experiment, The axon can
be thought of as an slap-on reflector. It has two states, the primed and the fired
one. In the primed state the axon is ready to fire and after that it takes energy to
re-prime it. The firing happens by opening voltage-controlled ion gates that let the
different concentrations of ions between the inside and outside of the axon to balance
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Figure 1: The simplified diagram of the different lobes found in the brain. [6]

out. As the ion concentration changes the voltage changes and opens the next ion
gates which propagates the signal forward. After this, energy is used to pump the
ions back outside from the axon. These back and forth ion flows create two current
dipoles that point to different directions along the axon, creating a quadrupole.

The signal propagation in the dendrite is passive and thus the further we are
from the synaptic cleft where the activation began the weaker the signal gets. Also
the receptors on the dendrite can be either inhibitory or excitatory. These either
decrease or increase the voltage of the dendrite, making it less or more likely that
the neuron fires. These voltage changes give rise to current dipole in the dendrite.

The different areas of the brain have different specialisations, for example the
motor cortex located on the frontal lobe near the central sulcus, is responsible for
most movement and the somatosensory cortex right next to it on the other side of
the sulcus on the parietal lobe has areas related to for example touch, pain and
temperature. The occipital lobe contains the visual cortex that processes the visual
stimulus coming from the eyes.

Because of their depth the cerebellum and the brainstem are examined in MEG
studies a fair bit rarer. They do contain contain interesting areas though, the cere-
bellum has in fact more than three times as many neurons as the cerebrum. [8]
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2.2 Brain rhythms

The first EEG recordings by Berger uncovered a consistent oscillation of around
10 Hz that he named alpha rhythm. He noticed that this rhythm was greatly
affected by the opening and closing of the eyes. When the subject’s eyes were closed
this oscillation was very clear and with the eyes open the oscillation’s amplitude
lowered. Alpha rhythm was seen as an idle state for the visual system. Since then
alpha rhythm has also been hypothesised to have an functional role for example in
attention and information transfer. For a recent review see [2, 9]. The rhythm is
also related to the age of the person. In babies and young children the alpha rhythm
is considerably lower than the 8 to 13 Hz range of an adult. As the person ages the
most prominent alpha peak lowers slightly in frequency.

It is good to note that there has been some variation in the conventions how the
different brain rhythms are defined. Some earlier work called all oscillations around
the 10 Hz mark as alpha rhythm. It would be however more appropriate to define
these brain rhythms in relation to their origin as well as their frequency band. That
is 10 Hz oscillations only in the occipital lobe should be called an alpha rhythm.

The second brain rhythm to be found was mu rhythm. It has components of 10
Hz and 20 Hz and is at it’s strongest on the motor cortex. As with the alpha rhythm,
it can also be thought of as an "resting state" for the motor functions. It has similar
characteristics as alpha in that when the person is relaxed and not moving mu
rhythm is prominent, and when they start to move the rhythm is suppressed. This
can be compared to the suppression of alpha when the eyes are open. Interestingly
the suppression of the mu rhythm begins even seconds before the actual movement
happens. The beta rhythm of around 20 Hz is somewhat closely related to the mu
rhythm in that it also originates from primary motor cortex. However it is also
present in other parts of the sensorimotor system. [10]

Hearing has also it’s own alpha-like rhythm of 8 to 10 Hz called tau rhythm. It
originates from the auditory cortex on the temporal lobes. It also has an interesting
modulation in regards to the sleepiness or drowsiness of the person. In awake person
the tau is somewhat suppressed, but drowsier they become the stronger the tau. [11]

Slower 4 to 7.5 Hz rhythms are called thetas and oscillations of over 30 Hz
are called gammas. These are related to different cognitive functions. The higher
frequencies are usually modulated by the slower ones. Even slower oscillations below
4 Hz is called delta activity. It is visible in healthy adults only during sleep.

2.3 EEG

The first non-invasive electroencephalograhy or EEG measurements were done by
Hans Berger in 1920s, about 40 years earlier than the first MEG measurements. EEG
is closely related to the MEG. Instead of the magnetic fields generated by the brain,
EEG measures the potential differences created by the brain activity. Like MEG
it is also non-invasive and has a high temporal accuracy. It is also much cheaper
to measure since the potentials can be measured using rather simple electrodes
attached to the scalp. The signal is then amplified and referenced against a reference
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electrode, which can be one of the attached ones or a virtual one computed using
the average of all the electrodes.

Unlike MEG, EEG can measure voltage differences caused by radial current
dipoles and is also more sensitive to deeper sources. Because of the conductivity
differences between the brain, the skull and the scalp, the EEG signal gets smeared
a bit, when compared to the MEG. These conductivity differences make source
reconstruction a it more tedious in EEG than in MEG, because the conductivity
discontinuities do not affect the magnetic field.

It is possible to measure both EEG and MEG simultaneously, and take advantage
of both of their strengths. Also because of their similarities research in one field is
usually transferable to the other, and provides great synergies. For a short primer
see [12].

2.4 MEG

2.4.1 Signal source

The current dipoles created by the brain activity induce a magnetic field. Since the
charges do not pile up there are also return currents called volume currents that
run extracellularly. If we imagine the head to be a spherical conductor, we can
separate the current dipole into tangential and radial components. A current dipole
that contains only a radial component creates volume currents that are symmetric
to the dipole and these volume currents induce an opposite magnetic field so the
net magnetic field is zero. This is also true for current dipoles at the center of the
sphere because they contain only the radial component.

The magnetic field is mostly generated by the tangential components of the
current dipoles. The cerebral cortex has neurons called pyramidal neurons, Fig.
2a, which are oriented normally to the surface, have long dendrites connected to
somas that are deeper in cortex. At the walls of the sulci the normal of the cortical
surface is tangential to the skull, and thus creates the most of the signal of the MEG.
The other neurons lack some of these spatial properties and thus do not have such
an effect on the MEG signal. The action potentials traveling through the axons
create their own magnetic fields, but due to the opposite current dipoles following
closely the first ones, they create a quadropole that has magnetic field that falls of
in proportion to 1

r3
instead of 1

r2
when compared to a single dipole. This means

that the majority of the MEG signal comes from the dendrites on the walls of the
sulci. This is fortunate in that about two thirds of the area of the cortex is located
in these sulci, which are relatively deep as can be seen in Fig. 2b. They also cover
all of the main sensory cortices. The sulci are also hard to measure with other, even
invasive, methods.

In addition to being spatially nearby the temporal synchrony of the neurons in-
creases the signal greatly. The current dipoles that form can point either towards the
soma or away from it, depending on whether the receptor is excitatory or inhibitory,
or whether the receptor is located near the apical or basal end of the dendrite.
Because of this cancellation of signals is common especially if there is asynchrony
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(a) Reconstruction of a pyramidal cell [13] (b) A slice from a macaque brain. [14]

Figure 2: Left: Schematic of a pyramidal cell (1) Soma (2) Basal dendrite (3) Apical
dendrite (4) Axon (5) Collateral axon Right: Slice of a macaque’s brain. The cortex
with the grey matter and the depth of the sulci is clearly visible.

between neurons. It takes about ten thousand neurons to create a signal measurable
by the MEG. If 500 of these fired synchronously, these 500 neurons would explain
about 94% of the overall signal. [8]

2.4.2 Instrumentation

Magnetoencephalography [15] is a neural imaging method that is non-invasive and
has a high temporal resolution. It is based on measuring the low magnetic fields that
are generated by neural activity. The magnitude of these fields is very small, sev-
eral magnitudes smaller than the Earth’s magnetic field and specialised sensors are
needed for the measurement. One type of sensor that is sensitive enough is SQUID
or Superconducting QUantum Interface Device. The sensor works by translating
the magnetic flux that goes through it into a voltage.

The sensor itself consists of a loop of superconducting material with two Joseph-
son junctions across it Fig. 3. When there is a loop of superconductor the magnetic
flux that can go through it is quantised. The flux quantum Φ0 =

h
2e

has a value of
roughly 2.068× 10−15Wb. If the external magnetic field causes a flux that is not a
multiple of the flux quantum, a current is induced in the loop to create a magnetic
field so that the flux is quantised again. So if the flux is nΦ0 there is no induced
current. If the flux is increased from nΦ0 to (n+ 1/2)Φ0 the current induced in the
loop increases as the magnetic field it creates cancels the extra flux. At (n+1/2)Φ0

the direction of current switches as it is energetically more favourable to increase
the flux to the next whole integer flux quantum. As the flux increases the induced
current gets smaller as well and when the flux gets to the next whole integer the
current vanishes. Because of the Josephson junctions there is also a voltage differ-
ence over the junctions that we can measure. As with the current, also the voltage
oscillates as the magnetic flux changes. At (n+ 1/4)Φ0 the response is very linear.
The flux that goes through the sensor loop is kept at that point by the use of a



7

Figure 3: Loop of superconducting material with two Josephson junctions across it.
[16]

coupled coil.
Since the voltage response is periodic there is no way to get the magnetic field

strength from just the voltage. The relative changes in the magnetic field can be
measured extremely accurately though.

The magnetic flux is transported to the sensor area through so called pickup
loops. Depending on the geometry of these pickup loops, the sensitivity, or actually
the lead field, of the sensor changes. Using coils that resemble figure eights, the
sensor has great sensitivity for magnetic field in one direction and very little for
the parts of the field that are not parallel to those. These types of coils are called
gradiometers. Depending on the field we are interested they can be either planar
or axial gradiometers. Using pickup loops that are simple closed loops without
crossings we get a magnetometer. These are sensitive to magnetic fields that are
tangential to the coil.

The head position can be monitored with small coils that are positioned on the
head. When current is run through these coils the position of them relative to the
sensor array can be measured and calculated. Because the coils are registered also to
the head with the right and left pre-auricular points and the nasion, also the location
of the head relative to the sensors is measured. This can be used to compensate for
the head movements the subject might have during the measurement.

Since the signals measured are miniscule, the measurement is very prone to
noise coming from, for example, passing traffic, electric motors, power lines and so
on. To lessen the effects of the outside noise the MEG is usually situated inside a
magnetically shielded room. These are often created from layers of aluminium and
so called mu-metal. These shield the inside from both low and higher frequency
magnetic noise. It is also possible to have an active noise cancellation system that
samples the magnetic noise and uses coils around the room to compensate for it.
The other instrumentation that might be present at the same room as MEG must
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not generate any magnetic noise. This means no metallic items that might be
magnetized, no regular speakers or anything with an electric motor.

2.4.3 MEG signal pre-processing

The MEG signal can contain noise from outside sources such as devices near the
measurement room, large vehicles moving nearby or from construction. This noise
can be removed using signal-space separation or SSS [17, 18]. This is a method that
divides the signal into components that come from within the MEG helmet and
those that come outside it. By removing the components that come outside we are
left with the signal that is caused by the activity within the helmet i.e. the brain.The
temporal extension adds noise cancellation that works by removing signals which
temporally correlated between the outside and inside components.

The basic idea of SSS relies on the fact that there are no magnetic field sources at
the sensor array. This means that the magnetic field in that area can be represented
with a gradient of a scalar potential V , for which

∇2V = 0. (1)

This leads to the presentation of the potential as a linear combination of the solutions
of this equation. One possible choice is using spherical harmonic functions Ylm(θ, φ)

V (r) =
∞∑
l=0

l∑
m=−l

αlm
Ylm(θ, φ)

rl+1
+

∞∑
l=0

l∑
m=−l

βlmr
lYlm(θ, φ), (2)

where αlm and βlm are constants depending on the sources. Here the first part
dominates when we are near the origin and corresponds to the sources that are
inside the sensor array, and when we are far away from the origin the second part
dominates and thus corresponds to the sources that are outside the sensor array.

The measured signal ϕ can be written in the basis S that corresponds to the
harmonic basis functions. This base is dependant on the geometry of the sensors.
We can write

ϕ = Sx =
[
Sin Sout

] [ xin

xout

]
, (3)

where Sin and Sout are the basis functions corresponding to internal and external
signals and to their respective multipole moments xin and xout. The dimensions of
the basis depend on how we truncate the harmonic spherical function series. We
select different limits Lout and Lin for the external and internal parts. We select these
limits so that the amplitude of the highest frequencies is starting to be masked by
the noise level of the sensor. The size of the basis can be calculated as

n = (Lin + 1)2 + (Lin + 1)2 − 2. (4)

The −2 comes from the fact that we remove the monopole component from both
parts. For MEG, values of Lin = 8 and Lout = 3 have been found to be high enough
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[17]. For these values the basis contains n = 95 components. Since this is less than
the number of sensors and thus the length of ϕ we can calculate an unique estimate
for the x, with the help of the pseudo-inverse of S. Thus

x̂ =

[
x̂in

x̂out

]
= S†ϕ = (STS)−1STϕ. (5)

From this estimate we can reconstruct the signal that is caused by just the internal
sources and respectively the signal from the external sources:

ϕ̂in = Sinx̂in (6)

ϕ̂out = Soutx̂out. (7)

This estimate is dependant on how well we know the geometry of the sensor array
and how we have decided to truncate the basis. However, if there are sources near the
sensors their fields can leak to both x̂in and x̂out and through these to ϕ̂in and ϕ̂out.
This is because the truncated basis cannot reconstruct/represent the signal coming
from these nearby sources perfectly, so it falls into both sets of vectors Sin and Sout.
Since this signal can be found from both estimates ϕ̂in and ϕ̂out, and in X̂in and X̂out

that contain the estimates for all time points m, we can find temporally correlating
components from both of these and project the interference signal out from X̂in.
Since the brain signals are not correlated with the external interference signals this
leaves the biomagnetic signals intact. To find these correlating components we can
for example use SVD on X̂in and X̂out and get a new temporal basis Cin and Cout.
We then find the common intersection L = Ĉin ∩ Ĉout from these bases. We can
project the components in L out from X̂in and X̂out using projection

X̂in,proj = [(I− LLT )X̂in]
T . (8)

This projection is called signal space projection or SSP and it can also be used on
MEG data that has not been filtered with SSS. In SSP the subspace L is usually
calculated from the covariance matrix of an empty room recording and selecting a
couple eigenvectors that correspond to the highest eigenvalues. This way we get rid
of components that are common in all channels and thus most likely to come from
external sources. The problem is that these components are not always orthogonal
to the signals coming from the brain. That is, SSP used like this might not increase
the noise-to-signal ratio that significantly. When using SSP with SSS the brain
signals should not be affected since the external interference does not contain the
brain signal and is not correlated with it.

Instead of doing the projection using X̂in and X̂out we can just as well do it in
the signal space Φ = [ϕ(t1) · · ·ϕ(tm)] and the estimates of it Φ̂, Φ̂in and Φ̂out. That
is we can use Φin instead of X̂in and Φout instead of X̂out. The Neuromag software
uses actually the residual of the signal Φ̂res = Φ− (Φ̂in + Φ̂out).

The correlation calculation needs a parameter δ ≪ 1 to define which vectors are
similar enough to be included in the intersection. If the angle θ between the vectors
is smaller than cos θ < 1− δ the vectors are said to be similar enough so that they
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are included in the intersection. By varying the size of δ we can decide how many
components to remove from the data. If δ is too small only the highest amplitude
interference is removed and if it is too high some of the brain signals may end up to
be removed. We used the default value of δ = 0.02.

If we instead of using the origin of the MEG device use the subject’s head as
an origin we get xin that is not dependent on the measurement array. We can use
this to remove the artifacts caused by the head movement by using basis Sin that
corresponds to a measurement array that moves with the head. For this we need
to know the continuous head position relative to the MEG device. We can measure
this using head position indicator (HPI) coils.

2.5 MRI

2.5.1 Principles

Magnetic Resonance Imaging is an imaging modality that can be used to create three
dimensional images. It is based on getting the atom’s nuclei to magnetically resonate
at radio frequencies and then measuring how they relax by picking up RF radiation
emitted by them using different pick up antennas. The hydrogen atom resonates
well and is abundant in the human body in the water and the fat molecules. Using
different sequences of excitation it is possible to get different contrasts between
different tissues. These are selected depending on the tissues that are examined.

The images produced by MRI are composed of monochrome voxels, three dimen-
sional pixels. The resolution is in the sub millimeter range.

Interesting field is functional MRI or fMRI. The scan speeds are increased by
sacrificing some spatial resolution. With MRI we can differentiate oxygenated blood
from deoxygenated and thus pinpoint areas of higher neuronal activity. When this
is combined with the faster sampling times of about couple of seconds per image,
we can measure responses in the brain to different stimuli.

Because of the strong magnetic fields required the MRI machines use super con-
ducting magnets cooled with helium. This makes the machines quite large and
expensive, but they are still rather widely found in hospitals and research centers,
at least when compared to the prevalence of MEG machines. For further information
see [19].

2.5.2 Segmentation

To build the model needed for the calculation of the source activity we need to have
the different pars of the head separated from each other. We need the skull, scalp
and the grey and white matter surfaces segmented from the MRI image. We used
Freesurfer software for the segmentation.

The SPM12 program uses atlas registrations to calculate the fiducials. It takes
the MRI image and morphs it into a known segmentation that has the fiducials
marked. Then when the fiducials are morphed back into the original MRI image
and we get the fiducials in the head coordinates.
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The watershed algorithm can be used to create the three dimensional segmenta-
tion of the MRI scans. The idea behind the algorithm can be best described using
2D images but the same principles work for higher dimensions, as our 3D MRIs, as
well. We can imagine a grayscale 2D image to represent the height map of an area,
then start to flood the area with water. As the water level rises, different basins
where the water pools start to emerge. The watershed lines are the lines that sepa-
rate the different basins from each other. Depending on which side of the watershed
line a rain drop falls, the water will stream to different basin.

To better distinguish the lines between different segments, a gradient of the image
is used. In this the changes between the intensities are better defined. Problems
can arise if we have areas that can be thought of as islands with lakes in them

2.6 Coordinate systems and coregistration

There are several ways to represent spatial data. For example in MRI scanner we
might use a coordinate system with the origin at the center of the machine, x-axis
that increases to the right, y-axis that goes down and where z increases as we go
deeper into the machine. For MEG we can define a similar coordinate system. We
are usually interested about the subject that we are imaging so tying the coordinate
system to the subject makes sense. The coordinate system the Neuromag system
uses is defined with the help of the anatomical landmarks. These are the nasion
(NAS), and the left (LPA) and right (RPA) pre-auricular points. The origin is on
the line L between LPA and RPA so that the line from origin that goes through the
nasion is perpendicular to L. The axes are defined using the RAS (Right, Anterior,
Superior) basis. Here the x goes from left towards right, y-axis from posterior
towards anterior and z-axis from inferior to superior. The x-axis is the line L, y-axis
goes from the origin through the nasion, and the z-axis is perpendicular to both of
these. Schematic of this is presented in Fig. 4.

There are other coordinate systems that are used in different workflows. As an
example there is a basis that is based on the mirror image of the RAS, called LPS
(Left, Posterior, Superior). Here the x- and y-axes are mirrored. There are also
systems where the basis is not defined with the nasion, LPA and RPA, but with
different anatomical landmarks, for example Talairach and MNI coordinates. Both
of these are atlas based coordinate systems. That is they are based on existing brain
mappings. The idea is to warp the subject’s brain on to a known brain or on an
average image of several brain images. This way we can use the labels from the
known atlas on the subject’s brain. The Talairach atlas is built on single dissected
brain with labels for each Brodmann area. The Talairach coordinate system is
defined with two points, the anterior commissure and the posterior commissure. The
line between these two points is used to define a vertical plane. The planes normal
is the third axis. The MNI coordinates are similar to the Talairach coordinates but
instead of using only one brain they use an average of several brain images as an
basis for their atlas.

Since the different imaging modalities and software use different coordinate sys-
tems we need to find out transformations between these systems, if we want to
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Figure 4: The coordinate system used by Neuromag. [20]

combine the measurements together. This is done by finding the same anchors in all
the different coordinates and creating an affine transform that maps these anchors
to each other. The affine transform is a linear transformation that contains rotation,
translation and possibly scaling with regards to all three axes. The transformation
can be represented as a 4x4 matrix. At minimum we need three points that are not
on the same line to define this transformation. We can also use more points and
try to minimize the distance between the points from different coordinate systems.
Finding these transformations is called coregistration since we are registering two
different spaces into the same coordinate system.

The goodness of the coregistration depends on how well we can define the match-
ing points from the different images. For MEG data we usually have the anchor
points registered relative to the head position indicator coils, whose relation to the
MEG can be measured. The fiducials from the MRI images are usually extracted
manually, either buy visually placing the points on the images or inspecting the
automatic placing of the points. For large datasets this would be quite a big task.
There are however tools to do an automatic coregistration. This is however made
harder by the fact that evaluating the success of the coregistration automatically is
hard. First of all we do not have the ground truth available. If we had coregistrations
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made by humans we could calculate how much our automatic ones differ from these
’correct’ coregistrations. If we have additional headshape points that are measured
at the same time as the fiducial points before the MEG measurement, we can use
them to calculate the average distance of them from the scalp that is extracted from
the MRI images. We will call this distance the relative error. However, this is not
that a good measure for the accuracy of the coregistration [21]. This is because we
are using the same points for the error calculation and the co-registration, and that
we are only calculating the distances from the scalp. More optimal error measure
would be one where we would have known markers in both modalities and we could
measure their absolute distances. An extreme example of how these differ is if we
imagine two spheres that we are trying to co-register. If the radii of the spheres
match any rotation will produce an relative error of zero, no matter how off the
rotation is.

2.7 Source reconstruction

To transform the measured signal from the MEG back to the source space we need
to invert

Bi =

∫
Li · Jdv. (9)

Here Bi is the magnetic field measured at ith sensor, Li is the so called lead field
of that sensor. This lead field describes how the current density J is related to the
signal. The reason we can do this is that the magnetic field is linearly dependant
on the current density. Finding Li is called the forward problem. There is a unique
solution to this, that depends on the spatial configuration of the sensors and the
conductivity distribution of the measured volume. We also know the measured
signal, so the unknown here is the J. The problem is that there are infinitely many
solutions for J. For example we can add as many radial sources and Bi does not
change. One possible way to limit the solutions is to add constraint to the solution.
The minimum norm estimate selects the solution that has the ’shortest’ current
density, or one with the smallest norm. [22]

The constraint on the norm does make the solution unique, but it is quite sen-
sitive to noise, since the lead field leads are usually quite close to being linearly
dependent. This is solved by regularization, where the contributions from the cur-
rent densities that do not have large effect on the measurement are ignored. This
requires defining a parameter manually.

Since the solution with the smallest norm is selected, this method favors more
superficial sources. The deeper sources would need to be stronger to have the same
effect, so these solutions would have a higher norm. It is possible to weight the source
space solutions based on their depth, so that the method does not discriminate
against those. In this thesis we however limited the locations of the current sources
on the cortex, so we did not need to consider this.

To get discrete values instead of some current density we can create a source
space where we place fixed current dipoles on the cortex. The inverse solution M
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can then be written as

M = RGT (GRGT + λ2C)−1. (10)

Here G is the gain matrix, which corresponds to the lead field mentioned earlier, C
is the noise covariance that can be estimated using an empty room recording, R is
the source covariance matrix and λ2 is the regularization parameter. This λ2 affects
the spikiness of the source estimate; smaller values cause higher peaks and larger
values give smoother estimates. [23]

If we were to average the source currents over all the subjects we would lose the
frequency information due to the phase differences. This frequency information is
however the thing we are interested in, not the average strength of the activation.
To get to the average frequency content we need to move to the frequency domain.
Doing a Fourier transformation on the source strength time courses at each location
we get a power density spectra at all these locations. These we can average over all
the subjects to get the average PSDs.

2.8 Morphing

To make the source reconstructions comparable, we need to transform them into
a common space. Since the source reconstructions are based on each individual
subject’s brain and since there are large differences between the brains of different
persons, we need to to morph the source reconstructions on an averaged brain.
There are several ways we can use to overlay data from different brains onto each
other. The simplest would be to just set the origos and coordinate axes to match
each other. This does not change the volume or geometry of the brain and gives a
very rough mapping between the brains. We can improve this mapping by scaling
the brains on different axes so that their bounding boxes match. This gives better
results if the brains vary in size. These methods are well suited to use cases where
we are interested in the inner parts of the brain. However the areas on the cortex
are not mapped to each other.

We are interested in the cortical activity so we need to know which areas on one
cortex correspond to ones on the other brain’s cortex. This can be done by using
the labelled regions of the segmented brain and creating a mapping between two
brains where each labeled area is mapped to the corresponding area on the other
brain. Each brain is projected on a sphere and the areas are moved around in a way
that conserves the original topology. The inflated cortex is then projected on to the
other brain. This process gives us a mapping only on the cortex. That is we can
not really use this method alone if we would be interested in the activity in deeper
areas of the brain.

These morphings can be made be made between any two brains. To get com-
parable results each subject was morphed onto a model of an average brain. We
could have selected one of the subjects and morphed all of the others on it, but this
would have required us to select one of the subjects as an representative sample for
the whole cohort. By using the average brain independent from this data set, we
ensured fair treatment of all of the subjects.
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3 Methods

3.1 Dataset

The dataset we are using comes from the Cambridge Center for Ageing and Neu-
roscience (CamCAN) project [4, 5]. CamCAN funding was provided by the UK
Biotechnology and Biological Sciences Research Council (grant number BB/H008217/1),
together with support from the UK Medical Research Council and University of
Cambridge, UK. CamCAN is a large collaborative research project with three stages.
In the first stage the aim was to interview 3000 subjects over the age of 18. In stage
two, 700 from those interviewed, were selected for further measurements which in-
cluded MRI and MEG measurements during different tasks. In the final stage they
aim to take 280 subjects from the previous stage and conduct an in-depth neurocog-
nitive assessment. The dataset we are using comes from the second stage of this
project and contains roughly 700 subjects ages 18 to 87. The project’s goal was to
have 100 subjects, 50 female and 50 male, in each age decade. Due to low partic-
ipation rate of the younger people the age cohort from 18 to 27 contains only 56
subjects. Other groups have roughly 100 subjects each.

The part of the dataset we are using contains 652 T1-weighted MRI images and
647 MEG measurements of the resting state. The MRI images are taken with 3
T Siemens TIM Trio scanner with a 32-channel head coil. They are anonymised
by removing a large part of the face so that the recognition of the subject would
be impossible. The MEG was measured in lightly magnetically shielded room with
Elekta Neuromag VectorviewTM (MEGIN Oy, Helsinki, Finland) which contains 102
magnetometers and 204 gradiometers. The recordings were taken with a sampling
rate of 1 kHz and with a highpass filter of 0.03 Hz. The resting state recording was at
least 8 min and 40 s long. For head movement monitoring four HPI coils were used.
The dataset was downloaded and stored on the Triton computation cluster. Triton
is a computation cluster within the Aalto University School of Science “Science-IT”
project.

In addition to the MRI and MEG data, the dataset also has the ages, genders
and the handedness of subjects. The gender and the handedness info were not used
in this thesis study.

3.2 Data management

Due to the large number of subjects, the data management was an important part
of the thesis project and needed special thought. The original dataset was several
terabytes in size. The initial idea was to log everything as carefully as possible. To
do this we looked into Datalad which is built around git-annex. With Datalad we
could keep track of the state of the dataset, about the changes and the operations
done to it. It can also keep track of the scripts that were used to manipulate the
data, and also made it possible to replicate all of the previous analysis easily.

The problem with Datalad was that it required file accesses for all of the files
whenever we wanted to modify some of them. Due to the nature of the computing
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infrastructure we had these file accesses were quite slow. The data was stored on a
remote server, so that the computation cluster would have access to it. For basic
script development and testing the cluster was not an optimal environment, so it
was done on a desktop machine. However if we wanted to record the changes in
the Datalad repository we first needed to save the dataset, unlock the needed parts,
do our modifications and then save the modifications. Since all of these dataset
operations took considerable time due to the file accesses from the desktop to the
remote server, the workflow was extremely broken and error prone. We could not
do all of our computations on the computation cluster either since we used software
that was not available on the cluster and had to be ran on the workstations using
HTCondor.

The next solution we tried was to automate the logging of all of the done pipeline
stages for all of the subjects. This required writing additional ’All Ok’ files after
every step, parsing these into a single log and checking this log. It was however easy
to get out of sync, especially if there were small modifications to the script and if
the run was not done on all subjects. In addition if there were some subjects where
the step had failed finding the subjects out of the log files and then rerunning the
step just for these subjects turned to be quite time consuming.

The final solution we decided to use was a model where we do not keep track
of all of the changes made, nor whether a single subject has a certain step done to
it. Instead we run the script always for all of the files and check before the heavy
calculation whether the expected output file already exists and if not calculate that
as required. At first we develop the script, testing it on only a handful of subjects
not checking whether the file exists and thus overwriting any old analysis, then when
the script is finished run it with all of the subjects and before the heavy computation
check whether the output file exists. Since the pipeline is not that long, under ten
steps, we can run each step multiple times until all of the subjects have that stage
completed. This way we do not need to worry if single subject analysis fails once,
because the computing node had some parameters set differently from the rest and
the job fails immediately, or if the scheduler decides to drop a job without any
reason.

This solution is made possible by the fact that each and every subject can be
processed independently from each other. That is we can easily parallelize the
problem and since we have a computing cluster at our disposal with more nodes
available than there were subjects, each run takes the time a single subject analysis
would take. Also the fact that the pipeline is quite modular helps. That is we do
not need to run the whole pipeline at once but only parts of it. If something goes
wrong in one step we do not need to rerun all the previous steps, when the original
step is fixed.

3.3 Pipeline

The workflow we ended up with is presented in Fig.6. We start with the T1 weighted
anonymised structural MRI of the subject Fig. 7a, raw MEG data of the subject’s
resting state and the empty room recording taken for every subject.
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Figure 5: Distances of all the head shape and fiducial points from the scalp over all
the subjects when using (right) or not using (left) the head shape points. The mean
distance when using the points was 9.3 mm with a standard deviation of 5.5 mm.
When not using the head shape points the average distance for the points from the
scalp was 10.1 mm with a 5.0-mm standard deviation.

The segmentation was done using the Freesurfer [24, 25] software. The results of
the segmentation, Fig. 7b were not manually checked because of the large number
of subjects. We used SPM12 [26] to find the fiducials from the MRI images and then
used MNE Python to fit the fiducial and the headshape points to the MRI image,
fig. 7c. Both of these tools are designed to be used manually, but we ran them
automatically using our scripts. The problem with the head shape points being in
the areas the anonymization step had removed, was solved by first fitting using only
the fiducials, removing points further than 2 cm from the scalp, and fitting using
both fiducials and head shape points. We also looked into using only the fiducials,
but got somewhat better results using both, as can be seen in Fig 5

Next, both the empty-room and the subject MEG data were pre-processed using
Maxfilter. This entails both temporal signal-space separation and head movement
compensation for the recording where the subject was present. From the empty
room recording we calculated a noise covariance matrix for use in the source recon-
struction.

The segmentations were turned into triangle meshes with the watershed algo-
rithm. All of these were used to calculate individual power spectral densities or
PSDs with MNE [27, 28]. These were morphed to fit on an average brain from
Freesurfer. These PSDs were then averaged, Fig. 8a, and had their variances calcu-
lated over the whole cohort and also for each age decade.

Some of the pipeline steps were calculated using HTCondor [29] which is able to
use the idle computers in the network to run programs. This makes it possible to
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Figure 6: The simplified diagram of the pipeline used for the creation of the averaged
power spectra.

use some programs that are not available on the larger computing cluster we had
also at our disposal. The rest were calculated using this cluster. Using these for our
task which is embarrassingly parallel the total run time was not that bad. Without
segmentation the run time for a single subject is from 30 minutes to an hour so for
all of the subjects that is about a month of computing time. The segmentation adds
about five hours per subject, which increases the total time significantly. We were
able to use precomputed segmentations calculated by D. Engemann (INRIA, Paris,
France) [30] and S. Khan (Harvard, MGH and MIT) [31], which saved time for us
greatly.

Some views of the database are presented in Fig. 8a and Fig. 8b. Both of these
are averages over all the subjects of the dataset. As each area has its own associated
PSD like the one shown in Fig. 8b visualizing the whole database is some what
challenging.
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(a) Raw MRI image (b) Segmented, inflated and flattened cor-
tex of one hemisphere.

(c) Co-registering headshape points (white)
and fiducials (green and blue)

(d) Example of the spatial power distribu-
tion in the 10-Hz band in a single subject
morphed to the average cortex. Brighter
areas have more activity in this frequency.

Figure 7: Some figures representing the data in different stages of the pipeline.
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4 Results

4.1 Processing pipeline

The coregistration between the MRI image and the MEG recording is the most
tasking job if done manually. This is a critical step in making sure that the source
reconstruction is accurate. To check the co-registration we calculated the average
error from the headshape points to the scalp. The results of these are in Fig. As
can be seen the error can be quite large. Also the mean standard deviation is
quite high. Some of this might be because of the anonymization, since some of the
digitized points were on areas removed by the anonymization, as can be seen from
Fig. 7c. To prevent this we only considered points that were closer than 20 mm
from the surface. The fit was first done on just the fiducials, then the headshape
points too far from the head were removed and the remaining points were used for
the final fit.

The creation of the BEM models showed that the segmentations were not perfect.
At first we tried using a three shell model that has scalp, skull and the brain as their
own separate shells, but this brought on some problems as the shells were intersecting
each other in some cases. For MEG source reconstruction there is not that much
difference between a single-shell and three-shell models, since magnetic fields do not
distort as much as electric ones when going through the head. Because of this we
ended up using the single-shell model that follows the intracranial surface and only
considers the brain volume.

Some of the BEM solutions did not converge, so the total number of subjects
in the database is 612. Out of 647 subjects this means that we were able to au-
tomatically calculate source estimates for 95% of the subjects. This is somewhat
remarkable that we were able to use this much of the data without having to man-
ually modify anything.

4.2 Relation between age and alpha frequency

To check whether the results were somewhat reasonable we looked at the relation of
age to the frequency of the alpha peak. There have been studies that show that as
people age the alpha peak frequency lowers [3]. With the dataset we were able to
show similar results. The dataset contains subjects ranging from 18 to over 80 years
old. We grouped the subjects in eight bins where the first bin contains ages 18 to
29, the second 30 to 39 and so on. We then averaged the frequency spectra within
each of these bins and searched for the maximum amplitude frequency between 5
and 15 Hz. When we graph these against the average age of the group we get Fig.
9. From here we see a negative correlation between the age and the alpha frequency.
The p-value for the slope being negative is p < 0.001.

The maximum amplitude search was done by taking an average of all source
points in each segmented area. This way the errors in co-registration were somewhat
diminished. The area with the highest amplitude in the alpha range was found at
the isthmus of the cingulate gyrus. This is quite deep in the brain. Because of
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Figure 8: Presentations of the final database.

the depth, the source reconstructions at this area might not be the most accurate
ones. Because of this we also took the average of source spectra of the source points
located on the cuneus. These gave very similar results. The cuneus was selected
as it resides closer the surface of the brain and also because it is closer to visual
cortex and other occipital areas of the brain where the alpha activity most strongly
originates.
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Figure 9: Relation between the strongest alpha frequency and age. The age is the
average age of people in the ten-year bins, and the peak frequency is the frequency
with the maximum amplitude in the alpha range.
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5 Discussion
The feasibility of processing large data sets of MEG recordings has been the greatest
result of this study. Even though not all of the co-registrations were perfect nor all
the source reconstructions converged, most of them worked. This shows that when
processing large data sets automatically we can except some 95 percent of the data
to be usable without much manual work. This is good news as more large data sets
become available.

The pipeline itself could be further automatised. Each step could launch the
step after itself automatically, when all of the files in that step have been created.
Also error logging and notification systems should be added to the pipeline. The
error robustness itself is worth looking into. If the pipeline could recognise or label
the errors by the time it would take to fix them manually, it would be easier to
concentrate the manual work. Also an easy workflow for visually inspecting the
co-registrations would be needed if the most error-prone part of the process would
be monitored manually. The manual work would benefit this part of the process the
most.

For the use cases of the database itself there are many ways forward. One possible
and interesting use would be to compare this normative database to some clinical
subject’s spatial power spectrum densities. Possibly using some machine learning
solutions or even basic statistical tools, it would be interesting to see if there are
some clear features that differentiate between these subjects.

In addition to the age related alpha rhythm slowing it would be possible to look
for other phenomena and their correlates. For example, is there some difference in
the mu rhythms between left- and right-handed people.

Similar methods could be used if the measured data came from EEG. The pos-
sible problems arise at the need of the use of the three-shell model, for better recon-
struction accuracies. For MEG one shell models are adequate, and there is no great
improvement over the three shelled ones. We noticed on this data set that creating
the three shells automatically so that they do not overlap, was hard. This means
that a larger portion of the data would need to be excluded or alternatively there
would need to be much more manual work done in creating the segmentations.
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6 Conclusion
In this Master’s thesis, I created a pipeline for calculating a normalised dataset of
source estimates in a resting-state condition. This dataset contains averaged source
estimates over a segmented cortex and the variation in the amplitude within the
cohort. The quality of this data set is mostly weakened by the troubles in co-
registration of the MEG and MRI measurements. These problems undermine the
spatial accuracy of the data. However, the pipeline works and it can be improved
upon. The feasibility of this kind of pipeline has been demonstrated.

The data set was tested by looking for age-related frequency drift of the al-
pha waves. This was clearly visible from the processed data and matches previous
studies.
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A Code
Code used in this thesis can be found from https://github.com/PajuRantala/
Masters-thesis. Some snippets are presented below.

1 function rc = fiff_write_fiducial(r, file)
2 %fiff_write_fiducial Writes the point r to file file.
3 % Detailed explanation goes here
4

5 FIFFV_POINT_CARDINAL =1;
6 FIFFV_POINT_HPI =2;
7 FIFFV_POINT_EEG =3;
8 FIFFV_POINT_EXTRA =4;
9 FIFFV_POINT_LPA =1;

10 FIFFV_POINT_NASION =2;
11 FIFFV_POINT_RPA = 3;
12 FIFF = fiff_define_constants ();
13

14 f = fiff_start_file(file);
15 fiff_start_block(f, FIFF.FIFFB_ISOTRAK)
16 dig.kind=FIFFV_POINT_CARDINAL;
17 dig.ident = FIFFV_POINT_NASION;
18 dig.r=r(1,:);
19 fiff_write_dig_point(f,dig)
20

21 dig.ident = FIFFV_POINT_LPA;
22 dig.r=r(4,:);
23 fiff_write_dig_point(f,dig)
24

25 dig.ident = FIFFV_POINT_RPA;
26 dig.r=r(5,:);
27 fiff_write_dig_point(f,dig)
28

29 fiff_write_int_matrix(f, FIFF.FIFF_MNE_COORD_FRAME ,[FIFF.
FIFFV_COORD_MRI ])

30 fiff_end_block(f, FIFF.FIFFB_ISOTRAK)
31 fiff_end_file(f)
32 rc = 0;
33

34 end

Matlab function to write fiducials to a file.

https://github.com/PajuRantala/Masters-thesis
https://github.com/PajuRantala/Masters-thesis
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1 from mne.gui._coreg_gui import CoregModel
2 import os
3 import sys
4

5 def calcTrans(subj):
6 camcan_root = os.environ[’CAMCAN_ROOT ’]
7 if camcan_root == ’’:
8 print(’No camcan root directory!, exiting!’)
9 sys.exit()

10 cm = CoregModel ()
11 cm.mri.subject_source.set(use_high_res_head=False)
12 cm.mri.subject_source.set(subjects_dir=camcan_root+’subjects_s3

/’)
13 cm.hsp.trait_set(file=camcan_root + \
14 ’cc700/mri/pipeline/release004/BIDSsep/megraw/’ + \
15 subj + ’/meg/rest_raw.fif’)
16 cm.mri.fid.trait_set(file=camcan_root + ’subjects_s3/’ + \
17 subj + ’/bem/’ + subj + ’-fiducials.fif’)
18 cm.fit_fiducials ()
19 cm.omit_hsp_points (0.020 , True)
20 cm.fit_hsp_points ()
21 with open(camcan_root+’processed/coreg_logs/’ + subj + ’_hs.csv

’, ’w’) as f:
22 cm.print_traits ()
23 f.write(str(cm.lpa_distance) + ’\n’)
24 f.write(str(cm.rpa_distance) + ’\n’)
25 f.write(str(cm.nasion_distance) + ’\n’)
26 f.write(str(cm.point_distance) + ’\n’)
27

28 cm.save_trans(camcan_root + ’cc700/mri/pipeline/release004/
BIDSsep/megraw/’+ subj + ’/meg/’+subj + ’-new -hs-AR -trans.fif’)

Python function to calculate the co-registration.
1 #!/bin/bash
2

3 if [ -z "$CAMCAN_ROOT" ]
4 then
5 echo "Setting CAMCAN_ROOT to /m/nbe/scratch/restmeg/data/camcan

"
6 export CAMCAN_ROOT =/m/nbe/scratch/restmeg/data/camcan
7 fi
8

9 for d in $CAMCAN_ROOT/cc700/mri/pipeline/release004/BIDSsep/megraw
/*/; do

10 cd $d/meg/
11 if [ ! -e passive_raw_tsss_mc.fif ]
12 then
13 pwd
14 condor_submit $CAMCAN_ROOT /../ code/maxfilter/mfjob.cond
15 fi
16 done

Shell script that runs a specified job for all subjects that do not have pre-processed
data.
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