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Abstract
Objective: To present a new, automated and fast artefact-removal approach which
significantly reduces the effect of contamination in scalp electrical recordings.
Method: We used spectral and temporal characteristics of different sources recorded during a
typical scalp electrical recording in order to improve a fast and effective artefact removal
approach. Our experiments show that correlation coefficient and spectral gradient of brain
components differ from artefactual components. We trained two binary support vector
machine classifiers such that one separates brain components from muscle components, and
the other separates brain components from mains power and environmental components. We
compared the performance of the proposed approach with seven currently used alternatives
on three datasets, measuring mains power artefact reduction, muscle artefact reduction and
retention of brain neurophysiological responses.
Results: The proposed approach significantly reduces the main power and muscle
contamination from scalp electrical recording without affecting brain neurophysiological
responses. None of the competitors outperformed the new approach.
Conclusions: The proposed approach is the best choice for artefact reduction of scalp
electrical recordings. Further improvements are possible with improved component analysis
algorithms.
Significance: This paper provides a definitive answer to an important question: Which
artefact removal algorithm should be used on scalp electrical recordings?
Keywords: scalp electrical recordings; Canonical Correlation Analysis; spectral gradient;
correlation coefficient; artefact removal
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Highlights:
•

We present a new, automated and fast artefact-removal approach.

•

This approach significantly reduces contamination from scalp electrical
recordings.

•

This approach outperforms other single-pruning competitors.
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1. Introduction
Scalp electrical recordings (SER) from surface electrodes are traditionally used to record
brain signals (electroencephalogram – EEG). But such recordings also contain other
biological signals such as cranial and upper cervical muscle signals (electromyogram –
EMG), cardiac signals (electrocardiogram – ECG), eye movement signals (electrooculogram
– EOG) (Anderer et al., 1992; Akay and Daubenspeck, 1999; Goncharova et al., 2003; Fu et
al., 2006; Romero et al., 2008; Urigüen and Garcia-Zapirain, 2015) and non-biological
signals such as environmental noise and mains power frequencies (Charlton and O'Brien
2001; Reddy and Narava, 2013)
Phasic muscle contractions of cranial, facial and neck muscles produce signals whose
amplitude is large, typically comparable in size or much larger than brain signals. Commonly,
the subject is asked to be at rest to minimise such artefacts. However, some phasic muscle
may be required in the experiment, such as talking, and some activity such as swallowing are
unavoidable in practice. As the artefacts are large, they can be detected easily by eye or
mathematical algorithm. Traditionally, this high amplitude contaminated part of data is
thrown away from all channels (Freeman et al., 2003; Goncharova et al., 2003; Fitzgibbon et
al., 2015). However, separation and removal of these phasic muscle artefacts is now
commonly done using blind signal/source separation (BSS) techniques. The approach is to
decompose the measured sensor signals into components using Independent Components
Analysis (ICA) or Canonical Correlation Analysis (CCA), then using temporal/spectral
characteristics and topographic maps to classify and reject phasic muscle components,
typically manually, and then reconstruct the SER from the remaining components (pruned
SER). This visual inspection is usually time-consuming and subjective (Viola et al., 2009;
Mognon et al., 2011; Radüntz et al., 2015).
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Recent studies have shown that even during the “relaxed” condition, sitting or reclining,
many cranial and upper cervical muscles are activated, e.g. to keep the mouth closed (Møller,
1976), the head up (Kumar et al., 2003; Siegmund et al., 2007), and facial gesture expressed
(Dimberg et al., 2000). These continuing, gentle, involuntary contractions to maintain muscle
tone (hence tonic muscle contractions), produce EMG contamination that is low in amplitude
but present all the time. The spectral characteristics of the scalp recordings, however, are
significantly altered: studies looking at frequencies above 20 Hz will be significantly affected
by tonic muscle artefact (Whitham et al., 2008; Pope et al., 2009). As the artefact is present at
all times, excision and discarding of data is not possible, and so the best current methods are
again based on BSS algorithms and component rejection.
There is a potential difference between the front and back of the eye, so that the eye can be
modelled electrically as a dipole. Hence eye movements will change the voltage measured by
nearby electrodes. To measure the eye movement, pairs of electrodes are usually attached to
the left and right of the eye, horizontal EOG, and above and below the eye, vertical EOG.
The EOG signal appears as a low frequency, large amplitude artefact in SER channels, most
strongly frontally (Romero et al., 2008; Urigüen and Garcia-Zapirain, 2015). It is
recommended that vertical and horizontal EOG are explicitly recorded simultaneously with
SER, as a noise reference to permit the cancellation of EOG from the SERs (Croft et al.,
2005; Pham et al., 2011; Urigüen and Garcia-Zapirain, 2015).
The electrical activity of the heart, ECG, produces a very regular and characteristic pattern
which can affect some SER channels (Urigüen and Garcia-Zapirain, 2015). Its amplitude on
the scalp is usually low and depends on body type and electrode location (Sörnmo and
Laguna, 2005). For example, channels near blood vessels, such as temporal channels, are
affected more than other channels. As with EOG, a reference ECG signal may be recorded
along with the SER to assist in noise cancellation (Urigüen and Garcia-Zapirain, 2015).
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SERs are often susceptible to electromagnetic interference at the harmonics of the 50/60 Hz
mains frequency (Charlton and O'Brien, 2001; Reddy and Narava, 2013). This non-biological
artefact is due to mains-powered electrical devices in the environment. Shielded recording
rooms can be used to reduce the effect of this contamination (Charlton and O'Brien, 2001).
Mathematical techniques such as notch filtering or adaptive filtering can also be used to
reduce the effect of this contamination. In studies where the frequencies of interest are below
50/60 Hz, the effect of mains power contamination can often be simply ignored.
SER using a cap with no head are essentially measuring non-biological artefact, and show
there is environmental noise in addition to mains power artefact. This noise appears white,
i.e. relatively constant in power across frequencies, and is small in amplitude compared to
biological signals. As brain signals typically decrease in power as frequency increases,
environmental noise becomes more of an issue as frequency rises. We are unaware of any
algorithms that explicitly attempt to reduce environmental artefacts.
Therefore, current best practice artefact reduction in SERs uses BSS algorithms, such as ICA
and CCA (Capizzi et al., 2007). ICA calculates a de-mixing matrix to generate statistically
independent components, equal in number to the input SER channels (Pope and Bogner,
1996; Delorme et al., 2012). Current ICA algorithms do not provide a sufficient number of
sufficiently pure brain or pure artefact components. At best, only 30% of the estimated
components are sufficiently pure, and about 70% of them are still a mixture of signals from
different sources (e.g. neurogenic, myogenic, and artefactual) (Delorme et al., 2012). In
addition, the best algorithms are slow and rely on long data lengths to achieve reliable
estimates (Korats et al., 2012).
CCA also calculates a de-mixing matrix but aims to maximise correlation within components
and minimise correlation between components (De Clercq et al., 2006). As a second-order
algorithm, it is much faster than most ICA algorithms, as such algorithms use a measure of
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independence that relies on higher-order statistics. Studies have also shown that it is more
effective in removing phasic muscle than ICA-based algorithms (De Clercq et al., 2006;
Vergult et al., 2007; Hallez et al., 2009; Gao et al., 2010; Safieddine et al., 2012). The
recently proposed extended-CCA approach has been shown to be comparable to ICA-based
algorithms in removing tonic muscle artefact. Additionally, the component classification is
automatic, while retaining the speed advantage of CCA (Janani et al., 2018b).
Quantifying the performance of the extended-CCA algorithm on tonic muscle is reliant on
our paralysis dataset (Whitham et al., 2007; Whitham et al., 2008). This dataset consists of
high-density SERs from six healthy participants recorded in two conditions, once before and
once during pharmacologically-induced paralysis (EMG-contaminated and EMG-free). This
dataset provides almost all of the advantages of testing on simulated data while retaining the
advantage of being real data. In particular, we can apply artefact reduction algorithms to preparalysis data and compare the result to during-paralysis data, providing the means for a
robust comparison of algorithms.
In this paper, we explore and characterise different artefacts to enable the development of a
better artefact-removal algorithm. Here we ignore the effect of ECG and EOG artefacts, as
both are relatively well characterised and can be substantially cancelled using a reference
signal or signals and adaptive filtering. This is in contrast with EMG, mains power artefacts
and other environmental noises, where useful reference signals are not available and the
artefacts are significant. Hence, we propose an automatic artefact removal approach based on
the extended-CCA algorithm and component classification using support vector machines
(SVM). We show that this new approach is more effective at removing muscle artefact than
other competitors. Additionally, we demonstrate that this significant muscle reduction is
achieved without affecting brain neurophysiological responses. Additionally, the proposed
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approach is much faster than higher-order ICA algorithms. Hence, this new pruning approach
is a valuable tool in the hands of neuroscientists.

2. Characterising different sources
Previous studies have demonstrated the utility of a variety of features in differentiating
between neurogenic and myogenic components. Two features that have been used effectively
in automated algorithms are spectral gradient (Fitzgibbon et al., 2016; Janani et al., 2018b)
and correlation coefficient (De Clercq et al., 2006; Vergult et al., 2007; Hallez et al., 2009;
Gao et al., 2010; Safieddine et al., 2012). The spectral gradient is the slope of the linear
approximation in the range 7-75 Hz to the power spectrum in the log-log (bel/decade)
domain, and the correlation coefficient is the canonical correlation coefficient calculated by
extended-CCA method at a delay of 2 ms (Janani et al., 2018b). Here we review and expand
on how these features characterise components from both biological and non-biological
sources.

2.1 Brain
It is generally accepted that the spectral power of neurogenic signals decreases with a rate of
1/(frequency)𝑛 (Miller et al., 2009; Buzsáki et al., 2012). The value of 𝑛 depends on the
range of frequencies of interest network features of the brain (Miller et al., 2009; Buzsáki et
al., 2012). Buzsáki et al.(2012) claim 𝑛 in the range 1-2. Miller et al. (2009) measured
spectral gradient in electrocorticography (ECoG or intracranial EEG), reporting 𝑛 = 2.46 ±
0.32 for the range 15-80 Hz, and 𝑛 = 4.01 ± 0.13 for the range 80-400 Hz. Milstein et al.
(2009) measured 𝑛 = 2 for the range 0-500 Hz, but with some small variation with location.
Exploring the histograms of the gradient of EMG-free components derived by the AMICA
and extended-CCA methods shows a broad range of negative gradients (from -3.5 to -0.5) for
components containing no myogenic activity (Fitzgibbon et al., 2016; Janani et al., 2018b).
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With respect to correlation coefficient, brain signals are slow and high correlated signals.
Hence, it is expected that brain signals will have a high correlation coefficient at small delays
(e.g. lag 1 or 2)(De Clercq et al., 2006; Vergult et al., 2007; Hallez et al., 2009; Gao et al.,
2010; Safieddine et al., 2012).
We note that the spectral gradient of ECoG signals and that of components derived from
SERs may not be the same. To test this, we generated a generic volume conduction model of
the head with three layers: brain, skull, and scalp. We considered 150 brain sources inside the
brain such that one third of them have a spectral power decreasing with the rate of 1/𝑓, one
third have a spectral power decreasing with the rate of 1/𝑓 2 , and the rest have a spectral
power decreasing with the rate of 1/𝑓 3 .The sources were 10,000 samples, equivalent to 10 s
of data at 1 kHz sampling. These simulated brain sources were then used in forward
modelling to construct SER signals. Figure 1 shows the correlation coefficient of derived
components versus their spectral gradient after applying extended-CCA to the constructed
SER signal. Visual inspection shows that the spectral gradient of simulated brain components
can vary between -3 and -0.7, and their correlation coefficient can vary from around 0.4 to 1,
and the two features are not independent. We conclude that forward modelling approximately
averages the gradients of the sources.

2.2 Muscle
It has been shown that tonic and phasic muscle components are typically spatially localised
and have spectra that increase approximately linearly between 7-75 Hz on a log-log scale
(positive spectral gradient) (Goncharova et al., 2003; Fitzgibbon et al., 2016). Additionally,
muscle signals are regarded as similar to white noise and hence have a low autocorrelation
coefficient at small delays(De Clercq et al., 2006; Vergult et al., 2007; Hallez et al., 2009;
Gao et al., 2010; Safieddine et al., 2012).
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To test these muscular characteristics, again we generated a generic volume conduction
model of the head with three layers: brain, skull, and scalp. Then, we considered 150 muscle
sources within the scalp volume. The simulated muscle source signals were generated using
Gabor functions, a sine wave modulated by a Gaussian (Nottage et al., 2013). The width of
each Gaussian was 4 ms, and the sine frequency was uniformly distributed from 20 Hz to 300
Hz to give approximately one to eight cycles inside the Gaussian. The data length was10,000
samples, equivalent to 10 s of data at 1 kHz sampling, and the location of each Gaussian was
uniformly distributed over this length. A signal consisted of the summation of 3000 Gabor
functions. Then, these simulated muscle signals were used in forward modelling to construct
SER signals. Figure 2 shows the correlation coefficient of the derived components versus
their spectral gradient after applying extended-CCA to the constructed SER signal. Visual
inspection shows that the spectral gradients of muscle components are positive (around 0.5),
and their correlation varies from 0 to near 0.4.

2.3 Other environmental noises excluding mains power
To evaluate the effect of environmental noises other than mains power, we used pre-existing
data from an experiment designed to test the laboratory recording conditions. A 64-channel
SER cap was completely immersed in water, and conditions were designed to have the
minimum mains power contamination. In particular, the collection was done inside a Faraday
cage with no lights on, all devices inside the cage were powered by dc, active 50 Hz
electromagnetic interference cancellation (refer to manufacturer of this equipment) was in
use, and no unnecessary cables were in situ. Figure 3 shows the spectra of 5 randomly
selected channels. There is no visually apparent mains power contamination. Then, we
applied the extended-CCA method to the recorded data to evaluate the spectral gradient and
correlation coefficient of derived components. Figure 4 shows the correlation coefficient of
10

the derived components versus their spectral gradient. The spectral gradients of components
are between -0.6 and -0.3 and their correlation varies from 0 up to 0.19. It is observed that
where there is no mains power contamination, all the components have correlation
coefficients less than 0.19.

2.4 Mains power
To evaluate the effect of mains power artefacts, we applied the BSS-CCA approach on
previously recorded data from a separate test using a 64-channel SER cap completely
immersed in water, but in an older laboratory that always records data containing mains
power artefact. Then, we applied the extended-CCA method to this recorded data to evaluate
the spectral gradient and correlation coefficient of derived components. Figure 5 shows the
correlation coefficient of derived components versus their spectral gradient. The spectral
gradients of the components are almost the same (around -0.5), and their correlation varies
from around 0 to around 1. It is observed that the presence of mains power contamination
clearly increases the correlation coefficient of some components, and those components
having the highest contamination (from observing the size of the spectral peaks at harmonics
of 50 Hz) were noted as also having the highest correlation index. Critically, high
contamination can result in a correlation index as high as brain signals.

2.5 Mixtures of sources and discussion
The literature and some simulations, described in the previous subsections, provide some
expectations on real data. To test this, we applied the extended-CCA algorithm to our
paralysis dataset, the unique dataset of pharmacologically induced paralysed subjects. This
data consists of two sets of SERs. One is recorded during the paralysed situation; hence it is
muscle-free or EMG-free (brain plus non-muscle noises) while the other one is recorded in
11

normal condition; hence it is muscle-contaminated or EMG-contaminated (brain plus muscle
plus non-muscle noises).
Extended-CCA was applied separately to each of these two datasets, and the spectral
gradients and correlation coefficients of both sets of components are shown in Figure 6. It is
observed that there is an inverse relationship between spectral gradient and correlation
coefficient. For example, components with the highest correlation coefficients have the
lowest gradients (most negative), consistent with expectations of a component of neural
origin. Similarly, myogenic components should have low correlation coefficients and positive
spectral gradients. However, as most components have negative spectral gradients, this
implies that there are few components that are purely myogenic. The smooth spread of
components from the two extremes also suggests most components are mixtures of brain,
muscle and noise.
Comparing the EMG-contaminated and the EMG-free components, there is overlap at high (>
0.9) and low (< 0.1) correlation coefficients, and separation between the two in the mid-range
(between 0.2 and 0.7). The inclusion of significant myogenic signal power in the EMGcontaminated data causes the spectral gradients of components to increase relative to the
EMG-free data, most noticeably in the mid-range.

Figure 7 adds the correlation coefficient and spectral gradient of the components calculated
by the extended-CCA approach on the two bucket tests described in sections 2.3 and 2.4, i.e.
with and without mains noise. From the overlap between EMG-free and environmental noise
components, it can be concluded that the components with low correlation coefficients in
both EMG-free and EMG-contaminated data are substantially environmental noise. Note that
the EMG-contaminated components have higher spectral gradient, even at low correlation
coefficient, than EMG-free, consistent with nearly all components containing some myogenic
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signal. Additionally, at high correlation coefficients and low spectral gradients, EMGcontaminated and EMG-free components have no overlap with mains power components.
Hence, it can be concluded that it is likely both EMG-free and EMG-contaminated data have
components that are substantially neurogenic.
It is clear that no component analysis algorithm produces every component that is purely
from one source (Delorme et al., 2012). Finding such an algorithm would be of significant
value. Therefore, any automated artefact removal algorithm needs to trade-off the amount of
artefact removal with the potential loss of neurogenic signal. A reasonable stance is to
remove as much artefact as possible without impacting on the amount of neurogenic signal.
We propose to achieve this using two binary classifiers. First, we should retain as many
EMG-free components as possible, while rejecting all components from bucket tests. Second,
we should reject as many EMG-contaminated components as possible while retaining all
EMG-free components. Combined, this should remove the maximum artefact without
impacting on neurogenic signals.

3. Method
3.1 Datasets
To compare the proposed artefact removal approach with other competitors, we used three
different sets of data. The data were pre-existing, drawn from experiments approved by the
Clinical Research Ethics Committee of Flinders Medical Centre and Flinders University, and
all participants signed a consent form.
Data were collected using a commercial EEG acquisition system (NeuroScan, Compumedics,
Victoria, Australia). The electrode cap with Ag–AgCl electrodes (Easy Cap Falk
Minnow,Germany) was used to provide uniform scalp coverage, and the electrodes were
distributed based on 10-5 system. Electrode impedances were kept below5 kOhm.
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The first dataset contains SERs from six participants as described in Table 1. All participants
were recruited between 2006 and 2008. They were asked to complete a series of tasks
including baseline eyes closed, baseline eye open, auditory verbal learning, serial subtraction,
auditory oddball, and exposure to a strobe light with three different frequencies (16 Hz, 40
Hz, and 59 Hz). The tasks were performed twice, once before and once during
pharmacologically-induced paralysis. Paralysis was induced with intravenous cisatracurium
in volunteers, pre-intubated with laryngeal mask airways, who were then mechanicallyventilated for the cognitive tasks, after which they were anaesthetised as well, until muscle
function returned (Whitham et al., 2007; Pope et al., 2009). So, the first set of these data
contained muscle activity (pre-paralysis or EMG-contaminated) while the second has no
muscle activity (post-paralysis or EMG-free) (Whitham et al., 2007; Whitham et al., 2008).
Consequently, the results of any pruned data can be compared to EMG-free data (paralysis
condition) and EMG-contaminated data (pre-paralysis condition). Note that the pruned data
are processed from the EMG-contaminated data, and hence the pruned and EMGcontaminated data are drawn from data recorded at the same time, but this is at a different
time to the EMG-free data.
Table 1: Subject demographics and SER parameters of all three datasets.
Dataset
number

Females

Males

Age

Number of
SER channels

Reference
channel

Sampling
frequency (Hz)

Length of data (min)

1

1

5

28-73

115

Left ear

5000

12

2

7

6

7-80

112

Left ear

2000

6

3

48

45

29-62

124

Linked-ears

2000

22

Under the paralysed condition participants could not open their eyes by themselves, so the
eye open task involved the left eye being held open (passive opening) using a swab-on-astick.
The tasks listed above were undertaken by the participants with two exceptions: only five
participants undertook the strobe 40 Hz and 59 Hz tasks. Additionally, oddball data from only
14

five participants were considered in the analyses, as one subject was excluded due to artefact.
The total recording time for each participant was approximately 12 minutes, and data were
collected from 115 SER channels at a sampling frequency of 5000 Hz.
The second dataset consists of 13 participants as described in Table 1. All participants were
recruited between 2007 and 2009. An auditory stimulus, one of the tasks to be used in this
study, consisting of a 1500 Hz carrier amplitude modulated by a 40 Hz message was
presented to all participants under three meditation conditions, as described in DeLosAngeles
et al. (2010). Under all conditions, the brain should exhibit an auditory steady state response
(ASSR) to this stimulus. The total recording time was approximately six minutes, and data
were collected from 112 SER channels at a sampling frequency of 2000 Hz.
The third dataset consists of 626 SERs collected from controls and from participants with a
range of neurological and psychological disorders. The original purpose was to use the
dataset to investigate changes in brain rhythms with disease. All participants were recruited
from the clinics and staff of the Flinders Medical Centre, or their relatives, between 2004 and
2007. There were 93 healthy participants with no diagnosis of a neurological or psychiatric
disorder who were used in this study as controls. Their demographic details are described in
Table 1. SERs was recorded from each participant while sitting and completing a series of
tasks including eyes closed, eyes open, auditory discrimination, visual discrimination, visual
rotation, finger tapping, maze, serial subtraction, auditory verbal learning task, and reading
(Whitham et al., 2008). Participants typically took 22 minutes to complete all the tasks, and
data were collected from 124 SER channels at a sampling frequency of 2000 Hz.

3.2 Pre-processing
All pre-processing and processing of data was performed using code written in MATLAB
(The Mathworks, Natick, MA, USA). All recordings were resampled to 1000 Hz and were re15

referenced with common average head referencing. SER electrodes were labelled based on
the 10-5 international system (Oostenveld and Praamstra, 2001). Transient high-amplitude
phasic muscle activity was eliminated from further analysis using the EEGLAB toolbox
(Delorme et al., 2011; Kothe and Makeig, 2013) to mark out identified segments. To reduce
electrode drift, data were passed through a fourth-order elliptical high pass filter with a cutoff frequency of 0.5 Hz. Using Welch’s modified periodogram (Welch, 1967) with Hanning
windows of length 1 s, the power spectra of signals were calculated.

3.3 New approach
To classify components for rejection or retention, we used their correlation coefficient and
spectral gradient as inputs to two radial basis function (rbf) SVM classifiers (Burges, 1998).
One of the classifiers was trained to separate EMG-free components from EMGcontaminated components such that all the EMG-free components were retained (all brain
signals were preserved). The other classifier was trained to separate EMG-free components
from environmental noise and mains power components such that all noise and mains power
components were discarded. Hence, the final decision depends on the output of both
classifiers. If both classifiers determine that a component is neurogenic then it would be
retained, but if either of them determine that a component is artefact then it would be
rejected. Figure 8 shows the decision boundary of the combined classifier for the correlation
coefficient and spectral gradient in the intervals [0, 1] and [-4, 0.5] respectively. The blue
region indicates retained components (labelled as brain), and the red region indicates rejected
components (labelled as contamination).
So, the proposed pruning approach consists of following steps:
1. BSS-CCA method is applied to the SER to derive the mixing matrix and the estimated
components.
2. The correlation coefficient and spectral gradient of each component is calculated.
16

3. The correlation coefficient and spectral gradient of each component is input into both
SVM classifiers to be classified as brain or artefact.
4. A component is labelled as brain (retained) if both classifiers classify it as brain.
5. A component is labelled as artefact (rejected) if either classifier classifies it as
artefact.
6. The pruned SER is constructed using the mixing matrix and retained components, e.g.
by zeroing the signals of the rejected components.
We name signals pruned by the proposed approach pruned-CCA-SVM.

3.4

Comparisons and statistical analysis

We compared pruned-CCA-SVM with other available automated artefact removal
approaches. One of the popular toolboxes in EEG research is EEGLab. This toolbox has an
automated artefact removal plugin (AAR) which can automatically reject components as
being myogenic artefacts, based on the ratio of their low frequency power to the high
frequency power (by default, retain components whose power below 15 Hz exceeds the
power above 15 Hz by a factor of 10). Many component algorithms are available in AAR.
We chose to use (1) Infomax and (2) BSS-CCA, because (1) Infomax has the best pruning
result among BSS algorithms available in AAR (Delorme et al., 2012), and (2) because our
proposed approach is based on the BSS-CCA algorithm. Another approach for automatic
muscle removal is based on the spectral gradient of the derived components, first proposed in
2016 (Fitzgibbon et al., 2016). Again, this algorithm can work with a variety of BSS
algorithms, and here we chose AMICA and Infomax. We chose AMICA because it achieves
the highest proportion of dipolar-like components from a range of ICA algorithms (Delorme
et al., 2012), and Infomax as it is second highest and generally accepted as significantly
faster. We also included extended-CCA, which is a comparable CCA-based algorithm which
uses both spectral gradient and correlation coefficient to identify artefactual components.
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Recently, it has been shown that double-pruning approaches (i.e. the application of two
disparate pruning algorithms) can typically reduce muscle contamination significantly more
than any one pruning approach alone (Janani et al., 2018a). We selected the best algorithm
from (Janani et al., 2018a), namely Infomax-sLORETA, and also included AMICAsLORETA as it has not been previously studied in the literature and we expect it to perform
comparably to Infomax-sLORETA.
Comparisons were made in baseline tasks, and in tasks that elicit a neural response. This
enabled testing of the efficacy of muscle artefact removal, mains power artefact removal, and
for the retention of neurophysiological signals.
Statistical comparisons were made between EMG-contaminated data (all datasets), pruned
data (all datasets), and EMG-free data where possible (dataset one only). After confirming
the data were normally distributed using a Lilliefors test, 1-way or 3-way parametric
ANOVAs were performed, depending on the purpose of the analysis. When testing for
muscle artefact removal, we expect variation in performance due to region of the head (there
is more artefact peripherally than centrally), due to frequency band (there is more artefact at
higher frequencies), as well as due to signal (i.e. the different artefact reduction algorithms).
In contrast, mains power contamination is at known frequencies and can be masked under
muscle artefact peripherally. We have chosen to analyse only at harmonics of the mains
power fundamental frequency, and only at Cz, where muscle artefact is minimum. As only
CCA-SVM is designed to remove mains power artefacts, we chose to only test this approach,
and so could simplify the 1-way ANOVA to a t-test. The null hypothesis is that mains power
artefact is not reduced, while other artefacts may be. Hence the peak height at each harmonic
is either unaffected or increased by pruning. We defined peak height as the ratio of the power
spectral density at the harmonic frequency to the geometric mean of the power at 2 Hz either
side of the harmonic frequency. Hence we calculated the log of the ratio of the peak heights
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before and after pruning for nine frequencies (50 Hz, 100 Hz, 150 Hz, 200 Hz, 250 Hz, 300
Hz, 350 Hz, 400 Hz, and 450 Hz) in six subjects, and tested whether these numbers have a
mean greater than zero in a one-sided t-test.
Similarly, neurophysiological responses are largest at a specific location and observed at a
specific frequency (e.g. steady state response), band (e.g. Berger effect) or time point (e.g.
event-related potentials), so they are also 1-way ANOVAs with the factor of signal.
For the 3-way ANOVA, two groups of channels were considered: central channels (Fz, FCz,
Cz, C1, C2, CPz, and Oz), and peripheral channels (T7, T8, F7, F8, O1, and O2).
Additionally, four frequency bands related to neural activity that also contained significant
muscle activity were considered. The selected bands were gamma1 (25-35 Hz), gamma2 (3545 Hz), gamma3 (52-98 Hz), and muscle (102-198 Hz). Average power spectra of all signals
in each region and each frequency band were calculated and compared. So, the dependent
variable was the spectral power.
For the 1-way ANOVA, the dependant variable was the height of the steady state response of
spectrum at the stimulus frequency, or averaged power spectral density in the appropriate
frequency band, or the amplitude of time-locked averaged signals, depending on the type of
neurophysiological response. The height of the steady state response is defined as the ratio of
the power spectral density at the stimulus frequency to the geometric mean of the power at 2
Hz either side of the stimulus frequency.
Where a significant effect was found, post hoc comparisons were performed to identify
statistically significant differences between pairs of signals. Since the purpose of this paper is
to evaluate the effectiveness of different pruning approaches, post-hoc tests were only
performed on the factor of signal, and on the interaction of signal with another factor to
identify statistically significant differences between pairs of signals. We used Tukey's honest
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significant difference test to account for the multiple comparisons. All tests used a threshold
for significance of p = 0.05.

4. Results
We applied the proposed pruning approach and the identified alternative algorithms to all
three datasets to compare them in removing SER contamination while retaining desired brain
signals. The resulting pruned data is named with the applied method. The data pruned by the
AAR plugin of EEGLab using BSS-CCA and Infomax methods are named pruned-eeglabCCA and pruned-eeglab-Infomax respectively.

4.1 Removing mains power
Figure 9 shows the mean power spectra of six subjects from dataset one at channel Cz during
the baseline eyes closed task for EMG-contaminated data and data pruned by the proposed
approach. We selected channel Cz because this channel is far from cranial muscles, and
hence is less contaminated by muscle artefacts. The mains power peaks at 50 Hz and its
harmonics are visible in the EMG-contaminated data. However, after pruning using CCASVM, the peaks at 50 Hz and its harmonics are reduced or removed visually. Note that the
other pruning approaches do not claim to reduce mains power contamination (Fitzgibbon et
al., 2016; Janani et al., 2018a; Janani et al., 2018b), and so are not considered in this
comparison.
The t-test comparing the log ratio of peak heights before and after pruning for nine
frequencies (50 Hz, 100 Hz, 150 Hz, 200 Hz, 250 Hz, 300 Hz, 350 Hz, 400 Hz, and 450 Hz)
in six subjects was rejected (p<0.001). This is consistent with the proposed artefact removal
approach significantly removing 50 Hz harmonics from SERs.
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4.2 Removing muscle artefact
Figure 10 compares the amount of muscle activity in EMG-contaminated, pruned, and EMGfree data in nine channels spread evenly across the head. The orange and the dark blue lines
correspond to EMG-contaminated and EMG-free data respectively. Better pruning has
spectra closer to EMG-free spectra. Visually, high frequency power, associated with muscle,
has been reduced by all pruning approaches at most or all channels, but the proposed CCASVM approach reduces tonic muscle activity more than other approaches at midline and
occipital channels.
Figure 11 displays, in the four frequency bands of interest, the topographic maps of relative
spectra of EMG-contaminated to EMG-free and pruned to EMG-free. The 25-35 Hz spectral
power of all pruned signals except eeglab-CCA is comparable to EMG-free.
Although none of the pruning algorithms completely removed muscle activity at higher
frequencies, the proposed CCA-SVM and double-pruning approaches reduced more muscle
than other approaches, especially at peripheral channels. For example, at 102-198 Hz (muscle
band), the average power of EMG-contaminated spectra at temporal channels was about 300
times greater than EMG-free spectral power, but after single pruning this value decreased to
an average of about 30 times, and by applying CCA-SVM or double-pruning this value
decreased to about 10 times.

Figure 12 illustrates the mean and standard deviation of power of all signals in each region
and each frequency band. Visually, it is hard to find any difference between pruned data at
central channels, but CCA-SVM and double-pruned data have lower average power than
other pruned data at peripheral channels.
To test these observations statistically, a 3-way parametric ANOVA was performed to
compare the average power for all 10 signals (EMG-contaminated, pruned, and EMG-free)
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over two regions (central and peripheral) and four frequency bands (gamma1, gamma2,
gamma3, muscle).
Table 2 shows the result of the ANOVA for each factor and all interactions of factors.
The ANOVA shows that the average power is different over each factor (signal, band, and
region), and each two-way interaction (signal*band, signal*region, and band*region).
Table 2: Results of ANOVA. The average power is different over each factor (signal, band, and region), and each two-way
interaction (signal*band, signal*region, and band*region).

Analysis of Variance
Source

Sum of squares

Mean square

F

p

Signal

208.2

23.07

89.44

<0.001

Band

334.1

11.30

431.62

<0.001

Region

39.6

39.56

153.39

<0.001

Signal*Band

32.8

1.21

4.71

<0.001

Signal*Region

37.7

4.19

16.25

<0.001

Band*Region

12.6

4..20

16.33

<0.001

Signal*Band*Region

2.55

0.09

0.36

0.99

Table 3 shows the post hoc results for factor of signal. All pruned data except CCA-eeglab
are statistically different to both EMG-contaminated and EMG-free data. This means that all
pruning approaches are reducing tonic muscle activity significantly, but the amount of
reduction is not sufficient to reach the level of EMG-free data. In addition, pruned CCASVM and double-pruned data are statistically different to other pruned data. This indicates
that these pruning approaches are significantly more effective than all other approaches in
removing tonic muscle activity. However, no statistically significant difference was found
between any pair of pruned-CCA-SVM and double-pruned data.
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Pruned-InfomaxsLORETA

Pruned-CCA-SVM

<0.001

<0.001

0.28

<0.001

<0.001

<0.001

<0.001

1.00

1.00

1.00

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

0.99

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

0.83

0.002

0.68

0.006

Pruned-Infomax
Pruned-Infomax-eeglab
Pruned-extended-CCA
Pruned-CCA-eeglab
Pruned-AMICA-sLORETA
Pruned-Infomax-sLORETA

EMG-free

Pruned-AMICAsLORETA

<0.001

Pruned-Infomax

Pruned-CCAeeglab

<0.001

Pruned-extendedCCA

Pruned-AMICA

Pruned-Infomaxeeglab

EMG-contaminated

Pruned-AMICA

EMG-contaminated

Table 3: Post hoc test for the factor of signal.

<0.001

Pruned-CCA-SVM
EMG-free

Table 4 shows the post hoc results for the interaction of signal and region. In central channels
(lower triangle), only pruned-CCA-SVM and double-pruned data are significantly different to
EMG-contaminated data. Hence, these approaches outperform other pruning approaches in
removing tonic muscle activity centrally. Moreover, pruned-CCA-SVM and double-pruned
data are not significantly different to EMG-free data. This means that the amount of muscle
reduction using these pruning approaches is sufficient to reach the level of EMG-free data.
No significant difference was found between any pair of pruned-CCA-SVM and doublepruned data.
In peripheral channels (upper triangle), there is more muscle artefact and so the differences
between pruned data can be more clearly seen. All pruned data are significantly different to
EMG-contaminated data, and all of them are significantly different to EMG-free data. This
means all pruning approaches are reducing tonic muscle activity peripherally, but the amount
of muscle reduction is not sufficient to reach the level of EMG-free data. Pruned-CCA-SVM
and double-pruned data are significantly different to all other pruned data. This indicates
these pruning approaches outperform other prunings in reducing tonic muscle activity
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peripherally. However, no statistically significant difference was found between any pair of
pruned-CCA-SVM and double-pruned data.

Pruned-extendedCCA

Pruned-CCA-eeglab

Pruned-AMICAsLORETA

Pruned-InfomaxsLORETA

Pruned-CCA-SVM

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

1.00

1.00

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

0.99

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

0.56

0.04

0.40

0.03

Pruned-AMICA

0.10

Pruned-Infomax

0.08

1.00

Pruned-Infomax-eeglab

0.06

1.00

1.00

Pruned-extended-CCA

0.21

1.00

1.00

1.00

Pruned-CCA-eeglab

1.00

0.67

0.59

0.53

0.30

Pruned-AMICA-sLORETA

<0.001

0.14

0.19

0.22

0.43

<0.001

Pruned-Infomax-sLORETA

<0.001

0.10

0.13

0.16

0.33

<0.001

1.00

Pruned-CCA-SVM

<0.001

0.08

0.10

0.13

0.29

<0.001

1.00

1.00

EMG-free

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

0.75

0.83

EMG-free

Pruned-infomaxeeglab

EMG-contaminated

Pruned-Infomax

Central

Pruned-AMICA

Peripheral

EMG-contaminated

Table 4: Post hoc test for the factor of signal. The upper triangle contains the significance values for the peripheral
channels, and the lower triangle for the central channels.

0.04
0.87

Table 5 shows the post hoc results for the interaction of signal and band. At gamma1, only
pruned CCA-SVM and double-pruned data are significantly different to EMG-contaminated
and pruned-CCA-eeglab data. Additionally, none of the pruned data is significantly different
to EMG-free data. This means only CCA-SVM and double-pruning approaches could
significantly reduce the muscle activity to reach the level of EMG-free. No statistically
significant difference was found between any pair of pruned-CCA-SVM and double-pruned
data.
At gamma2, all pruned data except pruned-CCA-eeglab and pruned-extended-CCA are
significantly different to EMG-contaminated data. In addition, all the pruned data are
significantly different to EMG-free data except pruned-CCA-SVM and double-pruned data.
This means only CCA-SVM and double-pruning approaches could significantly reduce the
muscle activity to reach the level of EMG-free. Pruned-CCA-SVM and double-pruned data
are significantly different to all other pruned data. This indicates these pruning approaches
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outperform other prunings in reducing tonic muscle activity. However, no statistically
significant difference was found between any pair of pruned-CCA-SVM and double-pruned
data.

Pruned-AMICAsLORETA

Pruned-InfomaxsLORETA

Pruned-CCA-SVM

0.04

0.01

0.03

0.29

1.0

<0.001

<0.001

<0.001

<0.001

1.00

1.00

1.00

0.37

0.03

0.02

0.02

0.02

1.00

1.00

0.20

0.02

0.03

0.04

0.04

1.00

0.31

0.03

0.03

0.04

0.03

0.86

0.002

0.002

0.003

0.002

<0.001

<0.001

<0.001

<0.001

1.00

1.00

1.00

1.00

1.00

1.00

Pruned-CCA-eeglab

1.00

0.99

0.99

0.99

1.00

Pruned-AMICA-sLORETA

<0.001

0.44

0.59

0.59

0.15

<0.001

Pruned-Infomax-sLORETA

<0.001

0.39

0.54

0.53

0.13

<0.001

1.00

Pruned-CCA-SVM

<0.001

1.00

1.00

1.00

1.00

<0.001

0.98

0.98

EMG-free

<0.001

0.99

1.00

1.00

0.96

0.07

1.00

1.00

Gamma3
EMG-contaminated

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

1.00

1.00

0.52

<0.001

<0.001

<0.001

<0.001

1.00

1.00

0.29

0.002

0.001

<0.001

<0.001

1.00

0.39

0.001

<0.001

<0.001

<0.001

0.003

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

1.00

1.00

<0.001

1.00

<0.001

Pruned-AMICA

<0.001

Pruned-Infomax

<0.001

1.00

Pruned-Infomax-eeglab

<0.001

1.00

1.00

Pruned-extended-CCA

0.001

1.00

1.00

1.00

Pruned-CCA-eeglab

1.00

0.06

0.02

0.07

0.226

Pruned-AMICA-sLORETA

<0.001

0.002

0.008

0.002

<0.001

<0.001

Pruned-Infomax-sLORETA

<0.001

0.001

0.004

0.001

<0.001

<0.001

1.00

Pruned-CCA-SVM

<0.001

0.001

0.006

0.003

<0.001

<0.001

1.00

1.00

EMG-free

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

0.15

0.25

0.02

EMG-free

Muscle

1.00
1.00

Pruned-CCA-SVM

Pruned-extended-CCA

1.00

Pruned-InfomaxsLORETA

1.00

1.00

Pruned-AMICAsLORETA

1.00

0.99

Pruned-CCA-eeglab

0.84

Pruned-extendedCCA

Pruned-Infomax-eeglab

Pruned-Infomaxeeglab

1.00

Pruned-Infomax

Pruned-Infomax

0.83

Pruned-AMICA

0.92

EMG-contaminated

Pruned-AMICA

EMG-free

Pruned-extendedCCA

Pruned-CCa-eeglab

Pruned-Infomaxeeglab

EMG-contaminated

Pruned-Infomax

Gamma1

Pruned-AMICA

Gamma2

EMG-contaminated

Table 5: Post hoc test for interaction of signal and band. The upper triangles contain the significance values for the
Gamma2 and Muscle bands, and the lower triangles for the Gamma1 and Gamma3 bands.

<0.001
0.14

At gamma3, all pruned data except pruned-CCA-eeglab are significantly different to EMGcontaminated. This indicates all pruning approaches outperform CCA-eeglab. Moreover, all
pruned data are significantly different to EMG-free data except pruned-CCA-SVM and
25

double-pruned data. In addition, these three pruned data are significantly different to all of the
other pruned data. These results indicate that these three pruning approaches can reduce tonic
muscle activity sufficiently to reach the level of EMG-free, and they outperform the other
pruning approaches. No statistically significant difference was found between any pair of
pruned-CCA-SVM and double-pruned data.
At the muscle band, all pruned data are significantly different to both EMG-contaminated and
EMG-free. This means that all pruning approaches can reduce tonic muscle activity but the
amount of reduction is not sufficient to reach the level of EMG-free. Pruned-CCA-SVM and
double-pruned data are significantly different to all other pruned data. This indicates these
pruning approaches outperform other prunings in reducing tonic muscle activity. However,
no statistically significant difference is found between any pair of pruned-CCA-SVM and
double-pruned data.
To sum up, CCA-SVM and double-pruning approaches outperform other pruning approaches,
especially at peripheral channels or at higher frequencies (>35 Hz). Using CCA-SVM or
double pruning approaches, the amount of muscle reduction is sufficiently high to reach the
level of muscle-free data at central channels or at lower frequency bands (below <98 Hz).

4.3 Retaining brain neurophysiological responses
An essential requirement of a good artefact-removal method is that it should not affect
desired neural activity. Hence, the effect of the proposed approach in the measurement of
neurophysiological responses such as the Berger effect, auditory evoked response potentials
(AERP), auditory steady state response (ASSR), and visual steady state response (VSSR) was
investigated and compared to the alternative algorithms.
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4.3.1

Berger effect

Figure 13 shows the Berger effect as raw spectra of eyes closed (left) and left eye open (right)
at an occipital channel (Oz) for dataset 1. The alpha activity (power at 8-13 Hz) has
decreased in the eye open task in all pruned spectra. Suppression of alpha activity in EMGfree spectra is visually but not statistically less than the EMG-contaminated spectra. In EMGfree (paralysed) data, suppression of alpha activity due to eyes opening is visually but not
statistically less than the EMG-contaminated spectra. Possible effect is that the EMGcontaminated and the pruned spectra are both from the same recording, whereas the EMGfree spectra is recorded at a different time. Additionally, the experience of paralysis may be
more relaxing inducing some additional alpha.
Figure 14 shows the same data as relative spectra of eyes closed over left eye open. It
illustrates the expected higher power (peak) around 10 Hz for all data. Statistical analysis
(one-way ANOVA) revealed no significant effect for the factor of signal (F = 0.07, p = 1). In
other words, there is no evidence that any pruning has a significant effect on the measurement
of the Berger effect.

4.3.2

Auditory oddball

The effect of the pruning approaches was evaluated on the event-related potentials during an
auditory oddball task. Figure 15 illustrates mean AERPs at channel Fz across five subjects for
the low tone (left) and high tone (right) stimuli. It is clear that the N1 and P2 components,
which are responses to any tone, and the P3 component, which is the response to the target
high tone, have been preserved in all pruned data. Statistical analyses showed no significant
difference for the factor of signal (N1: F = 0.24, p = 0.98; P2: F = 0.41, p = 0.92; P3: F =
0.05, p = 1). These results show that none of the pruning approaches significantly affect the
measurement of AERPs.
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4.3.3

Auditory steady state response

The effect of the pruning algorithms on the steady state response to 40 Hz stimulation was
evaluated in dataset 2,
Figure 16 shows the average power spectra for 13 subjects at T7, FCz and T8. At T7 and T8,
the peak of the steady state response is apparent in all pruned spectra except CCA-eeglab,
despite it not being apparent in EMG-contaminated spectra. In some pruned spectra, a peak
around 60 Hz is disclosed. This is because three subjects opened their eyes during this task,
and hence the 60 Hz refresh rate of the monitor caused a VSSR in their spectra. Three
separate ANOVAs (three channels) revealed no significant effect for the factor of signal (T7:
F = 0.69, p = 0.69; T8: F = 1.62, p = 0.11; FCz: F = 0.67, p = 0.71). These observations are
consistent with all pruning approaches (except pruned-CCA-eeglab) reducing tonic muscle
activity while retaining brain neurophysiological responses.

4.3.4

Visual steady state response

Figure 17 shows the mean of power spectra at Oz in response to photic stimulation at 16 Hz,
40 Hz and 59 Hz. The 16 Hz VSSR is visually apparent in all spectra, whereas it is much less
clear at 40 Hz and 59 Hz in the EMG-contaminated spectra. The 59 Hz peak is apparent in all
pruned data. Visually, the pruned-CCA-SVM spectrum is closer to EMG-free than other
pruning algorithms, consistent with it achieving greater muscle reduction. Three separate
ANOVAs (three frequencies) revealed no significant effect for the factor of signal (16 Hz: F
= 0.15, p = 0.99; 40 Hz: F = 0.81, p = 0.60; 59 Hz: F= 0.19, p = 0.99). These results are
consistent with the preservation of brain activity when performing muscle removal using all
pruning approaches.

4.3.5

Large sample

To emphasise the importance of automated pruning, we investigated the Berger effect and
VSSR on a large sample of 93 healthy participants from dataset 3. Figure 18 shows spectra
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(EMG-contaminated and after prunings) during eyes closed and eyes open tasks. The Berger
effect, reduction of alpha activity (8-13 Hz) in eyes open task, is clearly apparent in all
spectra, and the VSSR caused by the 60 Hz refresh rate of the monitor, a peak at 60 Hz in the
eyes open task, is apparent to a varying degree. Figure 19 shows the relative spectra of eyes
closed to eyes open to illustrate the Berger effect and 60 Hz VSSR more noticeably. The
Berger effect is substantially unchanged by the double-pruning and single-pruning
approaches, and the expected VSSR peak is enhanced by pruning.
ANOVA analysis showed that there is no significant effect for signal in the relative power in
the alpha band (F = 0.21, p = 0.98). However, there is a significant difference in the height of
the VSSR peak in the eyes open task (F = 18.24, p < 0.001).
Post hoc results for the VSSR are shown at Table 6. EMG-contaminated is significantly
different to all pruned data except pruned-CCA-eeglab. This indicates that other pruning
approaches outperform CCA-eeglab in disclosing brain activity. Pruned-CCA-SVM is
significantly different to all pruned data. This means CCA-SVM approach outperform other
pruning approaches in disclosing brain activity. Double pruned approaches also outperform
some approaches such as extended-CCA, CCA-eeglab, and Infomax-eeglab in disclosing
brain activity.
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Pruned-extendedCCA

Pruned-CCAeeglab

Pruned-AMICAsLORETA

Pruned-InfomaxsLORETA

Pruned-CCA-SVM

0.001

Pruned-Infomaxeeglab

Pruned-AMICA

Pruned-Infomax

EMG-contaminated

Pruned-AMICA

EMG-contaminated

Table 6: Post hoc results for the factor of signal for the VSSR peak in the eyes open task.

<0.001

0.09

0.03

1.00

<0.001

<0.001

<0.001

0.99

0.45

0.98

0.005

0.50

0.13

<0.001

0.12

0.78

0.005

0.89

0.46

<0.001

0.97

0.01

0.002

0.001

<0.001

0.03

0.04

0.01

<0.001

<0.001

<0.001

<0.001

0.99

<0.001

Pruned-Infomax
Pruned-Infomax-eeglab
Pruned-extended-CCA
Pruned-CCA-eeglab
Pruned-AMICA-sLORETA

0.008

Pruned-Infomax-sLORETA
Pruned-CCA-SVM
EMG-free

5. Discussion
We have proposed an artefact-removal approach that combines traditional BSS-CCA, the
spectral gradient of the derived components, and SVM classifiers. This method is different to
other pruning approaches in several ways. Firstly, it explicitly considers other artefacts, such
as mains power and white noise, and addresses the difficulty of the distribution of their
correlation coefficients overlapping those of brain and/or muscle. Secondly, this approach
exploits both a frequency feature, spectral gradient, and a temporal feature, correlation
coefficient, of the derived components to classify them. Thirdly, this method automatically
separates brain components from other artefactual components using two binary classifiers
trained using the unique dataset of paralysed subjects (EMG-free).
The proposed CCA-SVM algorithm was demonstrated to reduce mains power artefact. In all
tests, all pruning approaches have at least preserved the brain neurophysiological response. In
the VSSR due to screen refresh, reduction of artefacts resulted in significantly enhanced
VSSR peaks.
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Overall, the proposed CCA-SVM approach removes more muscle contamination from SERs
than other single-pruned approaches. Specifically, the differences are most pronounced in
higher frequency bands or at peripheral channels, corresponding to situations where muscle
contamination is greater. In summary, the proposed CCA-SVM approach performs as well or
better than any other approach in all comparisons.
Although the SVM classifier was trained using only the eyes closed task of dataset one, using
the ‘leave one out approach’, it performed well in other tasks of dataset one and in tasks of
other datasets. The reason that we had to use the training data for validation in section 4.2
was that we had a limited number of participants in the paralysed condition (6 participants).
The result of section 4.2 then allowed us to compare muscle-reduced data with true EMGfree (to quantitate the amount of muscle reduction) and provided us with a basis for
processing other datasets. The success of the approach in other datasets strengthens the
validity of the SVM albeit it was based and validated on a small initial dataset (dataset one).
In this study, we compared different pruning approaches based on the amount of muscle
removal at various locations and frequency bands, and based on the retention or disclosure of
brain neurophysiological responses. However, there are other factors that may influence the
choice of a pruning approach for a particular study. Such factors may include memory
requirements and computation time, and how they scale with both the number of channels
and the number of samples. While detailed study of these factors is warranted, general
conclusions regarding computational load are possible based on a simple analysis of
algorithm complexity.
The proposed approach requires the CCA algorithm and two classification results from a twoinput SVM. CCA-eeglab and extended-CCA are comparable in speed as they are also based
on the CCA algorithm. ICA algorithms, such as Infomax and AMICA, are based on
calculations of higher-order statistics, whose speed is substantially slower than second-order
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algorithms. sLORETA is similarly slower, as it requires solving the inverse problem using an
assumed head model. Our experience on a desktop computer (Intel®Xeon®, 2.60 GHz CPU,
32 GB RAM) is that an ICA algorithm or sLORETA might take 5-20 minutes for a typical
task, whereas the CCA-SVM algorithm runs in a few seconds. Therefore, the proposed CCASVM approach is substantially faster than all double-pruning approaches.
Overall, CCA-SVM is as good as or better than any other algorithm on every criterion we
considered, a standard not achieved by any other algorithm.
Although the proposed approach showed significant results in reducing SER muscle activity,
the statistically significant higher power of pruned data in comparison to EMG-free data
demonstrates that this approach does not remove all muscle activity. Therefore, it is clear that
at least some of the retained components contain a significant amount of muscle activity. A
possible explanation is that the algorithm does not effectively estimate components that are
purely myogenic or neurogenic (or purely other source types), and there are many
components which are mixtures of two or more sources. The scatterplot of correlation
coefficient versus spectral gradient in section 2.5 confirms this. Hence, there is a need for an
algorithm that gives more components that are purely from one type of source. A possible
approach is a non-blind source separation algorithm that exploits knowledge of the
characteristics of pure components during the calculation of components. For example,
purely neurogenic components should have a negative spectral gradient and a high correlation
coefficient, whereas purely myogenic components should have a positive gradient and low
correlation coefficient. A new non-blind algorithm that tends to produce components that
conform to these expectations may produce more components that are pure, and hence,
greater artefact reduction.
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6. Conclusion
We proposed an automated artefact-removal approach, based on the extended-CCA algorithm
and component classification using support vector machines (SVM). This approach is fast
and, based on testing using the unique database of pharmacologically-induced paralysed
subjects, significantly reduces the mains power and muscle contamination from SERs.
Additionally, no other approach considered in this paper outperformed it on any criterion.
However, the residual muscle contamination suggest that many components are likely
mixture of two or more sources. Hence, an improved component analysis algorithm that
achieves more pure components will likely result in better artefact removal performance.
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Figure 1: Correlation coefficient versus spectral gradient of component derived by applying extended-CCA to simulated
surface brain signals.
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Figure 2: Correlation coefficient versus spectral gradient of components derived by applying extended-CCA to an SER
formed by volume conduction of simulated muscle sources.

38

Figure 3: Power spectra of five randomly selected channels completely immersed in water to record data with minimum
mains power contamination.
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Figure 4: Correlation coefficient versus spectral gradient of components derived by applying extended-CCA to
environmental noise data.
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Figure 5: Correlation coefficient versus spectral gradient of component derived by applying extended-CCA to mains power
signals.
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Figure 6: Comparing spectral gradient and correlation coefficient of EMG-free components and EMG-contaminated
components.
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Figure 7: Comparing spectral gradient and correlation coefficient of different components.
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Figure 8: The decision boundary of the SVM classifiers. The blue area indicates brain components (retained), and the red
area indicates components that are artefactual, such as muscle, mains power, or environmental noise (rejected).
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Figure 9: From dataset 1, mean (solid lines) and standard error of the mean (dotted lines) of six subjects’ power spectra
during the baseline eyes closed task. Mains power artefacts cause peaks at 50 Hz and its harmonics, visible in EMGcontaminated data (orange line). After pruning with CCA-SVM (purple line), the power at 50 Hz and its harmonics are
reduced, and peak height reduced at all harmonics.
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Figure 10: From dataset 1, mean of six subjects’ power spectra during the baseline eyes closed task. Visually, our proposed
approach is reducing more tonic muscle activity than other approaches at central and occipital channels.
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Figure 11: From dataset 1, topographic maps of relative spectra of EMG-contaminated/EMG-free (first row), and pruned
data/EMG-free (subsequent rows) in the four frequency bands of interest (four columns). In almost all situations, the
proposed CCA-SVM and double-pruning approaches reduce more muscle artefact than other approaches.
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Figure 12: From dataset 1, average and standard deviation (shown as markers with error bars) of power (dB) in each
frequency band in EMG-contaminated, EMG-free and pruned data for 6 subjects. Visually, pruned-CCA-SVM and doublepruned data have lower average power than other pruned data at peripheral channels.

48

Figure 13: From dataset 1, average of six subjects’ power spectra at Oz during eyes closed (left) and left eye open (right)
tasks. As expected, the alpha activity (power at 8-13 Hz) has decreased in the eye open task in all pruned spectra

.
Figure 14: From dataset 1, mean of six subjects’ relative spectra (eyes closed to left eye open) at channel Oz. Statistically,
there is no difference in the relative power of alpha activity in EMG-contaminated, pruned, and EMG-free data.
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Figure 15: From dataset 1, averaged auditory event-related potentials (AERPs) of five subjects in an oddball task at channel
Fz. The N1, P2, and P3 components to non-target low tone (left) and target high tone (right) have been preserved in all
pruned data.

Figure 16: From dataset 2, mean of thirteen subjects’ power spectra at T7 (left), FCz (middle), and T8 (right) in response to
auditory simulation at 40 Hz. At peripheral channels, the steady state response peak is apparent in all pruned data except
CCA-eeglab, despite it not being apparent in EMG-contaminated spectra. Note that the peak around 60 Hz, which is
disclosed in some pruned spectra, is a VSSR due to the 60 Hz refresh rate of the monitor in three subjects who opened their
eyes during this task.
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Figure 17: From dataset 1, mean power spectra at Oz in response to photic stimulation at 16 Hz (left, six subjects), 40 Hz
(middle, five subjects), and 59 Hz (right, five subjects). The steady state response peak is apparent in all pruned spectra.

Figure 18: From dataset 3, mean of 93 subjects’ spectra, eyes closed (left) and eyes open (right) at Oz. The power at 10 Hz,
alpha activity, is decreased in the eyes open task. The height of the 60 Hz VSSR peak in the eyes open task is strongly
dependent on the pruning algorithm.
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Figure 19: From dataset 3, averaged relative power spectra (eyes closed to eyes open) of healthy 93 subjects at Oz. The
Berger effect is substantially unchanged by pruning, whereas the effect on the expected VSSR peak is difficult to see visually.
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