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Abstract— Lack of a clear analytical metric for identifying ar-
tifact free, clean electroencephalographic (EEG) signals inhibits
robust comparison of different artifact removal methods and
lowers confidence in the results of EEG analysis. An algorithm
is presented for identifying clean EEG epochs by thresholding
statistical properties of the EEG. Thresholds are trained on
EEG datasets from both healthy subjects and stroke / spinal
cord injury patient populations via differential evolution (DE).

I. INTRODUCTION

The Electroencephalogram (EEG) is a frequently used
technique for measuring electrical activity within the brain.
The EEG may be used to answer neuroscientific questions
related to the brains’ response to a range of stimuli and
conditions [1]. It may also be used to allow control of
a Brain-computer interface (BCI), a device which allows
direct control of a computer or device via the modulation
of electrical activity in the brain [2].

However, the EEG is subject to a great deal of noise, both
from internal and external sources of electrical interference.
This can include, but is not limited to, subject generated
noise such as the electrical responses to eye blinks and
head movement, and external electrical noise such as the
power line noise at either 50 or 60 Hz, cable movement,
sweating, electrode movement etc. [3], [4]. It is therefore
very important to ensure that the EEG is clean and free of
these noise artifacts before it is used. This ensures that any
analysis results may be attributed to brain function.

A large number of studies present a wide variety of meth-
ods for identifying artifacts in the EEG [5]–[9]. These meth-
ods may operate in either a fully automatic or semi-automatic
manner and may look for one or several types of artifact.
Artifacts are identified via a wide range of different features
which characterise properties of the artifact as diverse as their
time series topology, their spectral template, and/or statistical
properties of either uni- or multivariate EEG. They may
also be removed via, for example, independent component
analysis (ICA) [5]. However, often data is cleaned by hand,
a laborious imperfect process.
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The efficacy of artifact identification and removal methods
may be evaluated in a number of ways. Frequently, visual
inspection of the time series of the EEG is presented as
sufficient evidence for the efficacy of the removal method
[8], [10], [11]. Less subjective metrics may also be used.

Metrics may be defined as the reduction of certain unde-
sirable properties of the EEG. Such reductions must be done
in such a way that other, desirable, properties are maintained.
For example, in [12] measures of sensitivity and specificity
with regards the amount of artifact removed and the influence
of this removal on the clean EEG are quantified and in [13]
channels known to be contaminated with artifacts are used
to quantify the accuracy of artifact detection methods.

This concentration on the removal of artifacts omits a very
important question. Namely, what does clean EEG actually
look like? The, often unspoken, assumption is that clean
EEG comprises anything that does not contain artifacts. This
definition omits the possibility of unrecognised artifacts. For
example, an artifact removal method intended for blinks
would assume the remaining EEG was clean. However, the
EEG could still contain other artifacts, such as electrode
pops, electromyography (EMG) noise from muscles etc [14].

There is therefore a need for an analytic definition of
clean EEG. This could serve the purpose of allowing for
a more rigorous evaluation of artifact removal methods.
Currently artifact removal studies define their success in
different ways. Thus, [15] defines success as the number of
artifacts detected minus non-detected artifacts, divided by
the total number of artifacts, while [12] defines success by
measures of sensitivity and specificity with regards changes
in artifactual and non-artifactual EEG components.

A metric for testing how clean an EEG epoch is, would al-
low rigorous comparisons between these studies to be made.
For example, artifact removal methods could be evaluated by
looking at the change in the EEG cleanliness metric before
and after use of the method.

Efforts to measure EEG signal quality are often only
based upon the impedance and the approximate number of
artifacts observed. Additionally, in the case of BCI studies,
the classification accuracy or information transfer rate (ITR)
may be used as proxy measures for signal quality. Such
measures are indirect and often specific to a particular study.

An approach by [16] measures the signal to noise ratio
(SNR) between periods of EEG in which the subject was
instructed to blink and periods when no blink was observed.
This measure was used to compare the SNR (in relation
to only blinks) between the EEG and electrocorticogram
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(ECoG). However, this approach relies on the subjects being
able to generate blinks at will and does not account for other
artifact types (e.g. movement artifacts). Furthermore, it does
not allow a robust measure of measurement noise.

Recent work by [17] uses combined measures of EEG
quality and classifier behaviour to determine when to switch
between different control modes in a hybrid joystick-BCI
controlled game. EEG quality is measured by the amount
of EMG (determined by amplitude thresholding) and the
accuracy of BCI control related to performance at the game.
Hence, the metric is specific to this BCI application. Note,
the increasing interest in hybrid BCIs [18] is an area for
which measures of EEG quality would also be very useful.

By way of contrast [19] and [20] provide excellent descrip-
tions of what normal EEG in the waking adult brain should
look like. However, this work is intended for clinicians and
related fields who visually inspect and diagnose the EEG.
Therefore, translation of the visual descriptions of the EEG
into analytic metrics of EEG quality remains to be done.

In this study we first describe a series of metrics based
upon the definition of clean EEG [19]. We then attempt to
identify the distribution and limits of these metrics in clean
EEG (identified by independent raters). Datasets used contain
both clean and artifact contaminated EEG.

EEG from healthy subjects, stroke patients and spinal
cord injury (SCI) patients is investigated. EEG is known to
vary significantly between these groups [19], [20]. Including
patients allows for a broad characterisation of the EEG.

Thresholds are trained on the data to optimally identify
clean epochs via differential evolution (DE). Finally, the op-
timal thresholds are presented and an algorithm is discussed
for identifying clean EEG epochs.

II. METHODS
A. Metrics

A detailed description of key characteristics of clean EEG
is provided in [19], [20].

1) Raw signal characteristics
a) Amplitudes should typically range between 10

and 100 uV (mostly below 50 uV).
b) The signal should generally exhibit rounded or

arc shaped sinusoidal morphology.
2) Alpha rhythm characteristics

a) The EEG between 8-12 Hz should exhibit a
rounded or arc-shaped sinusoidal morphology.

b) Additionally, amplitudes typically take values in
the range of between 10 and 100 uV.

c) Alpha rhythms are typically larger over paratial /
occipital regions then frontal / central regions.

3) Beta rhythm characteristics
a) The EEG between 13-35 Hz should exhibit a

rounded sinusoidal morphology.
b) Amplitudes are typically lower than 30 uV.

4) Power spectrum characteristics
a) Low frequencies typically exhibit high power

while high frequencies exhibit low power.

To check what range of values these quantities take in
clean EEG a number of metrics are defined. Firstly, the EEG
is grouped according to the region of the scalp the electrodes
are located in. To account for spatial differences in amplitude
distribution channels are grouped into 4 regions, frontal
channels - channels labelled with an F in the 10/20 system,
central channels - labelled with a C, temporal channels -
labelled with a T and finally channels over the parietal and
occipital regions - labelled with either a P or an O.

Metrics are calculated from the raw EEG in each region.
1) Maximum amplitude values.
2) Standard deviation of the amplitude values.
3) Kurtosis of the amplitude values.
4) Skewness of the amplitude values.
The kurtosis and skewness statistical measures attempt to

provide some measure of the distribution of amplitude values
(an indication of the signals morphological properties). They
are also popular measures to identify artifacts [10], [21].

The EEG in each region is band-pass filtered (3rd order
Butterworth filter) into the alpha (8 – 12 Hz) and beta (13
– 35 Hz) frequency bands. The following metrics are then
calculated from each band in each region.

1) Mean power.
2) Standard deviation of power.
3) Maximum amplitude.
4) Standard deviation of amplitude.
5) Kurtosis of the amplitude.
6) Skewness of the amplitude.
Finally, the power spectral density is calculated in the

range 0 – 40 Hz and the median power is calculated from
40 frequency windows, each of width 1 Hz.

B. Algorithm

An algorithm is defined to determine if a given portion of
EEG falls within the thresholds of clean EEG. Each metric,
as defined above, is calculated for each region available in
the EEG dataset. The value of each metric is then checked
against a set of threshold values (one threshold per metric). If
all the metrics are lower than their corresponding thresholds
the EEG epoch is labelled as clean, i.e., it falls within the
expected limits of clean EEG.

C. Data

EEG with epochs labelled by independent raters as either
artifact free or not are used to train thresholds to accurately
identify clean epochs. Four datasets are used.

1) Dataset one: Data from a pilot study performed prior
to the study described in [22] is used. EEG was recorded
in an analogous manner to that in [22] but on ten healthy
subjects who performed cued motor imagery (MI).

2) Dataset two: Data is recorded from twenty-nine stroke
patients (14 female) from a rehabilitation hospital ward at
Fondazione Santa Lucia (Rome, Italy). The mean patient
age was 58 ± 15 years and the mean time between stroke
incidence and participation in the study was 4 ± 4 months.
The patients were instructed to perform motor imagery and
execution tasks with either hand [23].
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3) Dataset three: EEG was recorded from healthy sub-
jects attempting to use a MI EEG BCI to control a car
game as part of an experiment into MI and error potentials
[24]. EEG was recorded from 10 healthy subjects (5 female).
Mean participant age was 24.9 ± 2.3 years. EEG was
recorded from 32 positions on the 10-20 system.

4) Dataset four: EEG was recorded from 5 SCI and 4
stroke patients as part of a study into an adaptive BCI [25].
Patients were instructed to perform cue based MI, subtraction
and word association. EEG was acquired from 30 electrodes
positioned chiefly over central and paratial regions.

D. Threshold identification

Differential Evolution (DE) is used to train the threshold
values to separate clean and artifact contaminated EEG
epochs. DE is an evolutionary meta-heuristic search tech-
nique, similar to a Genetic Algorithm, that has been shown
to be highly successful in identifying near optimal solutions
when applied to a wide range of different search spaces [26].
Fitness of potential solutions is measured via two criteria

1) Accuracy at identifying clean epochs is maximised.
2) The normalised mean threshold is minimised.

The dataset is shuffled to remove serial dependencies, then
split evenly into training and testing sets. Thresholds are
trained to optimally separate clean and contaminated epochs
in the training set and verified on the testing set.

III. RESULTS

Figure 1 illustrates the values taken by each of the metrics
across epochs measured from raw EEG. Box plots illustrate
the distribution of typical values and outliers are plotted
individually. Note, maximum amplitudes are typically below
50 uV and higher over the parietal and occipital channels
(as expected from [20]). The thresholds for separating clean
EEG from artifacts are illustrated as a solid horizontal line.
Note, thresholds include all but the extreme outlying values.

Fig. 1. Profile of raw, artifact free, EEG. A: maximum amplitude, B:
standard deviation of amplitude, C: kurtosis of amplitude, and D: skewness.

The values taken by the metrics measured from the alpha
band are illustrated in figure 2. Maximum amplitudes are
considerably lower than calculated from raw EEG and again
are largest over the parietal / occipital channels.

Figure 3 illustrates the distribution of metrics in the beta
band. Largest amplitudes are in the parietal / occipital region.

Fig. 2. Profile of artifact free EEG in the alpha band. A: maximum
amplitude, B: standard deviation of amplitude, C: kurtosis, and D: skewness.

Fig. 3. Profile of artifact free EEG in the beta band. A: maximum
amplitude, B: standard deviation of amplitude, C: kurtosis, and D: skewness.

The power spectral densities (PSD) in each of the channel
regions are illustrated in figure 4. Note that, as expected, low
frequencies exhibit greater power than higher frequencies.

Fig. 4. PSD of artifact free EEG. A: frontal region, B: central region, C:
temporal region, and D: occipital / parietal region.

Finally, the accuracy at differentiating clean EEG from
artifacts in the left out testing set is 0.872. The false positive
rate is 0.085 and the false negative rate is 0.169.

IV. DISCUSSION
This paper presents a simple algorithm to determine if a

given portion of EEG may be labelled as clean of artifacts.
Channels are grouped into regions of interest and metrics
are extracted from each region. These metrics are then
thresholded to determine if they fall within the bounds of
clean EEG. Thresholds are trained on a large grouping
of several datasets from both healthy subjects and patient
populations performing a range of different cognitive tasks.

Note, the method may be applied to datasets containing
different numbers of channels in different regions. Further-
more, it may be applied to single channel EEG, provided it
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is known which region the channel was recorded on. Thus,
the method could, potentially, be used to identify individual
channels which do not contain clean EEG.

The identified thresholds encompass the majority of the
maxima extracted from the clean trials but not all. There is
some considerable overlap between clean EEG and artifact
contaminated EEG. Note, the distribution of artifact con-
taminated EEG is not illustrated. This is because artifacts
vary a great deal in their profile and in which particular
metrics maxima may be found. For example, a blink artifact
may cause a large amplitude in frontal channels but no
significant change in occipital / parietal channels. Whereas,
an electrode pop on an occipital channel will cause no
discernible difference in the amplitude on frontal channels.
Thus the distribution of metric values over all artifact types is
not discernibly different from the distribution of clean EEG.

The high accuracy on the left out testing set indicates
the algorithm, with the trained thresholds, is able to ac-
curately differentiate clean and artifact contaminated EEG.
Furthermore, the low false positive rate of 0.085 indicates
only a very small proportion of clean trials are mistaken
for artifacts. The false negative rate gives the proportion of
artifacts which are flagged as clean and is slightly higher at
0.169. The thresholds may be adjusted to minimise either of
these rates, by adjusting the DE fitness criteria, depending
upon requirement, e.g. do we wish to avoid mistaking any
artifacts for clean epochs at the risk of mistaking some clean
epochs for artifacts or vice-versa?

There are, doubtless, many other cognitive tasks, patient
and healthy populations and conditions which could also be
investigated to determine more accurate threshold values.
Furthermore, other metrics could be investigated and may
allow more accurate identification of clean EEG. Future work
will aim to further establish and test this metric to ensure it
is robust across different paradigms and subject groups.

The thresholds and algorithm form a basis for the devel-
opment of a measure of EEG signal quality. This may be
applied to measure the quality of the EEG signal prior to
analysis and is intended to firstly supplement and eventu-
ally replace visual inspection. Unlike visual inspection this
metric is analytic and not subjective. It will therefore allow
more direct comparisons to be made between different EEG
recording systems, artifact removal methods and studies.
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