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Abstract—The electroencephalogram (EEG) records a
summed mixture of multiple sources of neural activity dis-
tributed throughout the brain. Source separation methods aim
to un-mix the EEG in order to recover activity generated
by the original sources. However, most current state-of-the-art
source separation methods do not take into account the physical
locations of sources of EEG activity.

We present a new source separation method which uses an
accurate model of the head to un-mix the EEG into individual
sources based on their physical locations.

We apply our method to an EEG dataset recorded during
motor imagery and show that it is able to identify sources that
are located in distinct physical regions of the brain. We compare
our method to independent component analysis and show that
our sources have higher spatial specificity and, furthermore,
allow higher classification accuracies (a mean improvement in
accuracy of 8.6 % was achieved p = 0.039).

I. INTRODUCTION

The electroencephalogram (EEG) records electro-
physiological activity originating from cortical neurons [1].
A single EEG electrode records activity that arises from
multiple distinct sources of activity distributed throughout
the brain. These sources can include both neural activity
and other physiological sources, such as muscle and
eye movements, and non-physiological sources, such as
environmental noise [2]. Un-mixing theses sources from the
EEG presents an ill-posed problem [3].

Nonetheless, if additional information about the mixing
process is available, or appropriate assumptions are made,
source separation is very useful for EEG analysis. If the
EEG can be reliably separated into sources (either neural
sources or other sources from outside of the brain) this can
aid analysis of underlying neural processes.

Source separation is particularly useful in brain-computer
interfacing (BCI). BCIs are devices that translate brain
activity into control commands for an external device, such
as a communications interface or a mobility aid [4]. Source
separation methods that increase the signal to noise ratio of
sources related to attempted BCI control have the potential
to greatly improve the performance of many BCI systems.

One of the most widely used source separation methods for
EEG analysis is, arguably, independent component analysis
(ICA), a blind source separation method [3]. Blind source
separation (BSS) methods assume that the observed EEG
arises from a linear mixture of sources. This can be modelled
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via x = AS, where = denotes the observed EEG, A denotes
a linear mixing matrix, and S denotes the original neural
sources of activity [3].

Source separation is than encapsulated in the process of
identifying the inverse mixing matrix A~!, from which the
original sources S may be recovered via S = A~ lx.

BSS methods, therefore, comprise a set of algorithms
that attempt to estimate the de-mixing matrix A via some
reasonable assumptions.

ICA attempts to estimate A~' by making the assumption
that the sources are statistically independent in the time
domain. Multiple variants of the matrix A~! are then ex-
plored and the variant of A~! that maximises the statistical
independence of the estimated sources is assumed to be the
optimal de-mixing matrix [3].

ICA is widely used in EEG analysis, including analysis of
neural correlates of cognitive events, such as event-related
potentials (ERPs) [5] and EEG artefact removal [6]. ICA
is also widely used in BCI systems to separate task-related
EEG activity from background noise [7].

However, ICA is limited by its assumption of statistical
independence of sources in the time domain. In reality many
neural sources form integrated complex networks of inter-
related brain regions that act in communication with one
another to achieve cognition [8]. Thus, different brain regions
are highly unlikely to exhibit activity that is truly statistically
independent from one another. Furthermore, by imposing a
statistical independence criteria, ICA is at risk of excluding
physiologically meaningful sources of neural activity simply
because they exhibit activity that is statistically related to
other, less meaningful, sources or artefacts.

As an example, movement control typically involves a
functional network of brain regions, including, but not
limited to, M1 and the supplementary motor area (SMA)
[9]. These brain regions are spatially separate, but, during
movement control, exhibit neural activity that is statistically
related. Thus, ICA may describe the activity in this multi-
region network via a single source.

When ICA is applied to separate EEG into sources related
to specific cognitive processes - for example, for the purpose
of aiding classification in BCI - this limitation can lead to
identification of sub-optimal components.

Thus, there is a need for a source separation technique
that is able to un-mix EEG into sources that originate from
physically separate brain regions, even in the case of high
levels of correlation in the time domain between the regions.

Our proposed method, neural component analysis, seeks
to do this. We propose a BSS method that seeks a de-



mixing matrix that separates the EEG into components that
are maximally independent in the spatial domain.

In this manuscript we first describe our proposed method.
We then investigate how our method performs separating
EEG recorded during a motor imagery task into sources that
originate in physically distinct parts of the brain. We show
how these identified sources have high explanatory power
and, as an example application, compare the classification
results to those achieved with sources identified via ICA.

II. METHODS
A. Proposed method

We start from the same initial assumptions of a linear mix-
ing process used by BSS methods and model the observed
EEG as a linear mixture of sources via

z = BS, (1)

where S denotes the sources, B our mixing matrix, and
x observed EEG. However, unlike BSS methods we modify
the criterion to identify the mixing matrix B to include in-
formation about physical locations of the estimated sources.

To estimate the distribution of physical locations con-
tributing to each source we use “Exact low resolution brain
electromagnetic tomography” (eLORETA) [10]. This allows
us to estimate the contribution to each source from a set of
discrete volume locations in a model of the brain. Specifi-
cally, for each estimated mixing matrix B we estimate the
scalp projection onto the electrodes [1,..., N] for each of the
corresponding estimated sources S%. via

Pi = BSi 2)

where i denotes the index of the source i € [1,...N], P?
denotes the projection of the ¢’th source onto the N EEG
channels (defined as P ., where T denotes the length of
the EEG recording), and 5' © denotes the 7’th estimated source
and is also of dimensions N x T'. Specifically, the i’th row of
the N x T matrix S* contains the time series of the estimated
sources, while all other rows are set to zero. We then use
eLORETA to estimate the contribution to this projection from
every candidate source location in a model of the head [10].

The eLORETA method allows us to find the inverse
solution to the source identification problem. Specifically,
eLORETA uses a weighted minimum norm inverse solution
in which weights are unique and enable localisation for
any point source in the brain. The solution provided by
eLORETA is exact but low resolution (we use voxel sizes of
1.5 cm), which is appropriate for low density EEG, in which
the volume conduction problem limits spatial resolution [10].

Our eLORETA method uses a state-of-the-art anatomical
model of the head, its electrical conductivity properties, and
locations of EEG channels to produce a lead-field matrix.
This allows us to solve the source localisation method.

Our head model is built by segmenting a standard T1
weighted MRI anatomical scan into five layers comprising
grey matter, white matter, cerebral spinal fluid, the skull,

and the scalp. A mesh is then generated for each segmented
region from 2000 vertices per region before these meshes are
used to create a boundary element model [11] of conductivity
changes between different anatomical regions in the head.

EEG channel locations are then automatically warped and
transformed to fit locations of anatomical landmarks on the
head, before manual adjustment. Finally, a mesh is overlaid
on the head model with a grid size of 1.5cm per voxel.

Voxel dimensions were chosen as a trade-off between
convergence speed and accuracy. The Fieldtrip toolbox (v.
20190724) was used to generate this model [12].

Our method seeks a de-mixing matrix B! that results
in a set of estimated sources that produces (via eLORETA)
estimated activity distributions at a set of source locations in
the head model that are maximally spatially independent.

Spatial independence is evaluated by measuring mutual
information between spatial distributions of voxel source
projections. For each voxel in our head model eLORETA
estimates the contribution of that voxel to the scalp projected
component P, Specifically, for each projection we estimate
the contribution to that projection from every voxel in our
head model V},, where M denotes the number of voxels
in our head model. We then calculate the median mutual
information between all pairs of voxel sets.

A global optimisation technique [13] is used to identify
the mixing matrix B that minimises the mutual information
between the estimated voxel contributions to all pairs of
components. The algorithm is partly inspired by a similar
approach proposed by Abbas et.al. to optimise the classic
ICA de-mixing matrix via particle swarm optimisation (we
use a swarm of 100 particles with an inertia range of 0.1-
100 and a stopping criterion of a maximum of 100 iterations)
[14]. The algorithm is described by the pseudo-code.

1) Estimate a candidate mixing matrix 5.

2) Estimate a candidate de-mixing matrix B~! and from
this estimate a set of sources S.

3) For each source (S?), use eLORETA to estimate the
contribution from each voxel in the head model Vz\im

4) Measure the mutual information of voxel projection
strengths between all pairs of estimated sources.

5) Use a global optimisation technique to minimise
the median mutual information between all pairs of
sources. Run until a stopping criteria is reached.

B. Data

We use an EEG dataset to evaluate our method. The
dataset contains event-related de-synchronisations (ERDs)
evoked by kinaesthetic motor imagery.

The dataset was obtained from the BNCI horizon
2020 open EEG  collection  (http://bnci-horizon-
2020.eu/database/data-sets, downloaded on 11/12/2018).
Dataset 13, ‘Individual imagery’ was used. This dataset
contains EEG recorded from 9 BCI users with disabilities of
movement (spinal cord injury or stroke). EEG was recorded
at a sample rate of 256 Hz from 30 electrodes.

Participants were asked to perform one of 5 tasks on cue:
word association, mental subtraction, mental spatial rotation,
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(a) Proposed method.

Fig. 1.

hand movement motor imagery, and feet movement motor
imagery. Participants were given 6.5 s to perform each task,
with cues appearing in random order. An inter stimulus
interval of 2.5-3.5s was used, with a pre-cue fixation cross
on screen for 3.5s. Further details may be found in [15].

C. Analysis

We evaluate our methods ability to characterise and clas-
sify the ERD, a relative reduction in strength of the EEG
within the alpha (8-13Hz) and beta (13-25Hz) bands in
the motor cortex during motor planning and execution.
Identification of the ERD within a continuous EEG recording
may be used as a control signal for BCI systems [16]. Thus,
a filter that is able to accurately characterise the ERD has
numerous potential applications.

The brain regions known to be most strongly involved
in the ERD during hand motor control include the left and
right hand representation areas of the sensorimotor cortex.
Joint EEG-fMRI analysis of motor control has shown the
locus of activity to vary slightly, depending on whether motor
execution or motor imagery is used, but to be focussed at
MNI coordinates (8, -6, 56) for left hand motor imagery and
(-8, -26, 52) for right hand motor imagery [17].

To evaluate our method, we identify the source with an
estimated centre of mass closest to the left hand representa-
tion area of the motor cortex to characterise EEG related to
left hand motor imagery. We then use the time series of this
component to characterise the ERD. We compare the ERD
characterised via our method to ERD characterised from the
best neural source identified by ICA.

Specifically, to compare our method to ICA we use the
fastiCA implementation of ICA in EEGlab [18]. We then
use eLORETA to estimate the contribution each voxel in our
head model makes to each IC and select the IC with a centre
of mass closest to the left hand motor area.

We attempt to perform single trial classification of the
components containing ERD characterised by our method
and ICA. Specifically, we low-pass filter the EEG at 45 Hz
(6’th order Butterworth). We extract features from this
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(b) ICA.

Examples of source localisation of the components identified by our proposed method and ICA with activity closest to the locus of the ERD.

filtered signal by first calculating the magnitude of the
EEG bandpower in the alpha frequency band (8-13 Hz) and
then splitting the time series into a set of trials of length
0-6.5s from the presentation time of the movement cue
with a baseline correction of -2 to Os relative to stimulus
presentation. The features given to the classifier are the mean
amplitudes of the EEG band-powers from this time window.
We attempt 2-class classification to differentiate word
association and left hand motor imagery trials. A linear
discriminant analysis classifier is applied within a 5x5 cross-
fold train and validation scheme on a per-participant basis.
The performance of each of these methods is evaluated
by visualing comparing the components they identify. We
inspect the estimated sources and compare the resulting
recovered ERD signal components between the methods.

III. RESULTS

The components identified by our proposed method each
contain neural activity from distinct spatial regions. An ex-
ample of this may be seen in Figure 1(a), which illustrates the
eLORETA source localisation for the component identified
by our method that is closest to the locus of the ERD. This
may be compared with Figure 1(b), which shows the source
localisation for the source identified by ICA that is closest
to the locus of the ERD.

It may be noted that the source identified by our method
is considerably more spatially focussed over the right motor
cortex, while the source identified by ICA is a mixture of
locations in the left and right motor cortices.

We used the components identified by our method and
identified via ICA to attempt to classify the EEG. The results
for each participant are illustrated in Figure 2.

It should be noted that ICA alone is typically not sufficient
as a feature extraction method when attempting to classify
ERD. This is reflected in our results, which show that ICA-
extracted features cannot be classified at a statistically sig-
nificant level of accuracy for the majority of participants. By
contrast, our proposed method affords statistically significant
accuracies for the majority of participants.



0.9

1>
1>

0.8

Accuracy
o
>

0.5

0.4

0.3

1>

I Proposed method
[ icA

5

Participant

Fig. 2. ERD classification results achieved using components identified via our proposed method and via ICA. The asterisks indicate individual participant
results that are significantly higher than random chance (p < 0.05, as assessed against the binomial distribution). The hats indicate pairs of results for a

participant that are significantly different (paired t-test, p < 0.05).

Indeed, our proposed method produces accuracies that are
statistically significant for 4 out of 9 participants (as assessed
against a binomial distribution and indicated in Figure 2,
p < 0.05). Furthermore, the mean classification results over
all participants achieved using components identified by our
proposed method are significantly higher than the accuracies
produced by ICA (p = 0.039, Wilcoxon signed rank test).

IV. CONCLUSION

There is a need, in EEG analysis, for a method that is
able to seperate EEG into components that are independent
in the spatial domain. Our proposed method has advantages
over ICA in several specific application areas. In this paper
we illustrate an example of one such area, analysis and
classification of ERD activity during motor imagery.

Our results demonstrate that our proposed method is better
able to isolate brain activity sources to specific physical loca-
tions in the head. In addition to the demonstrated application
to motor imagery classification this method has numerous
potential applications which we will explore further in future.
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