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Abstract— Artefact detection is an important component of
any automated EEG analysis. It is of particular importance in
analyses such as sleep state detection and EEG grading where
there is no null state. We propose a general artefact detection
system (GADS) based on the analysis of the neonatal EEG.
This system aims to detect both major and minor artefacts (a
distinction based primarily on amplitude). As a result, a two-
stage system was constructed based on 14 features extracted
from EEG epochs at multiple time scales: [2, 4, 16, 32]s. These
features were combined in a support vector machine (SVM)
in order to determine the presence of absence of artefact. The
performance of the GADS was estimated using a leave-one-out
cross-validation applied to a database of hour long recordings
from 51 neonates. The median AUC was 1.00 (IQR: 0.95-1.00)
for the detection of major artefacts and 0.89 (IQR: 0.83-0.95)
for the detection of minor artefacts.

I. INTRODUCTION

The automated analysis of neonatal EEG is an emerging
field of research. These automated methods of analysis
are designed to provide important information on cortical
function to the clinician, in the neonatal intensive care unit,
with the intention of improving clinical management of
this vulnerable population. The requirement for continuous
analysis of a complex signal, around the clock, has resulted
in the application of computer assisted methods. To date,
there have been several systems that attempt to classify states
within the EEG such as seizure, sleep state and various other
abnormalities [2], [3], [5].

A state that is common to all these systems is a ‘missing
data’ state which defines the absence of EEG of sufficient
quality to classify clinically relevant states. The primary
cause of the reduction in EEG quality is artefact. Artefacts
are generated by electrical or biological processes and con-
taminate the EEG signal making the visual, and, therefore,
computational interpretation of the underlying EEG difficult.

There has been surprisingly little research dedicated solely
to the detection of artefacts in the neonatal EEG as early
development of automated methods tend to assume that the
EEG under analysis is artefact free. This precludes practical
implementation of such algorithms until their robustness can
be tested. Methods that have achieved a level of robustness
have circumvented the problem of artefacts by assigning
artefact to a null case such as the non-seizure state in
the seizure detection task [5]. The problem with such an
approach is that the detection of seizure should be predicated
on an assessment of the quality of the underlying EEG, as
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EEG that is contaminated with artefact cannot be used to
ascertain the presence or absence of a seizure. It would
be preferable if this ‘missing data’ state were highlighted.
There are also several automated EEG tasks such as sleep
state detection or EEG grading that do not have a null
state with which artefact can be bundled. In these cases,
an additional ’missing data’ state would complement the
automated analyses.

While there have been an array of methods developed for
the detection and removal of EEG artefacts [4], [6], there
has been little effort made to develop stand-alone artefact
detection systems for neonatal EEG that have been tested on
large, clinically relevant datasets.

In this paper, we propose a system for general artefact
detection in the neonatal EEG. The GADS is proposed within
a machine learning paradigm and is based on the support
vector machine (SVM). The novelty of the proposed system
is the multi-stage implementation which detects minor and
major artefact separately and the feature extraction processes
which estimates features on epochs at multiple time scales
in order to contextualise a short duration epoch with infor-
mation from a longer duration epoch. The performance of
the each stage of the GADS was estimated on a cohort of
51 neonates using a leave-one-out cross-validation.

II. DATA ACQUISITION

The data were acquired from the neonatal intensive care
unit of the Cork University Maternity Hospital (CUMH),
Ireland, using a Nicolet One multiple channel video-EEG
system. A total of 51 term neonates were monitored with
the EEG due to a suspected neurological injury. A total
of 9 electrodes were placed according to the international
10-20 system and an 8 channel bipolar montage: F4-C4,
C4-02, C4-Cz, C4-T4, F4-C4, C3-01, Cz-C3, C3-T3, was
used for analysis. The data were recorded with a sampling
frequency of 256Hz and filtered with a band pass filter [0.5,
70]Hz with an additional 50Hz notch filter (the detection of
50Hz artefact was not a priority as notch filtering provides
adequate removal). Artefacts within the data were annotated
by an experienced electroencephalographer. The annotations
were not channel specific and merely denoted the presence
of artefact on at least a single channel of the EEG recording.
A large array of artefacts were annotated including car-
diac, respiratory, body, muscle, electrode contact, and high
impedance (electrode disconnect) [1]. A summary of the
database is shown in Table I and example artefacts from
6 neonates are shown in Fig. 1. A total of 55h of EEG
recording from 38 neonates was used to generate the minor
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Fig. 1. The manifestations of artefact on a single channel of neonatal EEG from 6 different neonates. Artefacts are highlighted by the red box. From top
to bottom: muscle, electrode, movement, heart rate, respiration and transient electrode. The voltage scale is equal for all examples, the black marker at 35
s is 100 µV.

TABLE I

SUMMARY OF THE DATABASE USED TO DEVELOP THE ARTEFACT

DETECTION SYSTEM. VARIABLES ARE SUMMARISED ACROSS THE

COHORT OF 38 AND 13 NEONATES FOR THE MINOR AND MAJOR

ARTEFACT DATABASES, RESPECTIVELY.

Minor Major
Subject Number 38 13

Recording Duration (min) 70 (65-76) 139 (118-157)
Artefact No 36 (21-88) 13 (13-13)

Artefact Duration (s) 4.8 (2.5-7.5) 4384 (3664-4632)

artefact database and a total of 35h of EEG recording from 13
neonates was used to generate the major artefacts database.

All EEGs were recorded with written, informed, parental
consent and under ethical approval of the CUMH and the
University College Cork. All data were anonymized at the
time of recording.

III. GENERALIZED ARTEFACT DETECTION SYSTEM

A two-stage patient-independent GADS was proposed.
The first stage aimed to differentiate large amplitude arte-
facts such as those caused by electrode disconnect or poor
impedance between the electrode and the skin. The second
stage aimed to detect more subtle manifestations of arte-
fact such as muscle, movement and periodic artefacts. The
outputs of both stages were combined using a logical OR
operation as a final post-processing step. An overview of the
GADS is shown in Fig. 2.

The two stages of the GADS were proposed within a
standard machine learning paradigm, that is, a sequence of
features estimated on an epoch of neonatal is passed to a

classifier based on a SVM. The output of the classifier was
then used to determine the presence of absence of artefact
by applying a simple threshold. Several pre-processing and
post-processing stages were added to condition the incoming
data and improve the decision output. Pre-processing steps
included the implementation of a high pass filtering with
a single pole infinite impulse response filter with a cutoff
frequency 0.5Hz, a 50Hz notch filter, and segmentation into
epochs of various duration around a central time point). Post-
processing steps included taking the maximum SVM output
across 8 EEG channels which was then filtered with a mean
filter of 6s duration and a collaring operation that extends
the detection 2s forwards and backwards in time.

There are many features used for the analysis of neonatal
EEG [4], [7]. We selected a small subset of features that
were assumed to respond to different types of artefact
based on a preliminary visual analysis of the artefacts in
the database. The 14 features used are the mean, median
and variation of the amplitude, mean frequency, bandwidth,
three frequency-band energies, a ratio of maximum energy
to mean energy, a ratio of the maximum absolute value
of the fractional derivative to the mean energy, the Bera-
Jarque statistic estimated on the fractional derivative and an
estimate of the Hurst exponent. These features are selected
as they respond to both the presence of background EEG and
artefact. Two features were specifically implemented for the
detection of repetitive artefacts such as ECG and respiration:
the peak frequency and spectral distortion.

The mean and variance of the amplitude of the signal were
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Fig. 2. The general artefact detection system.

estimated using the analytic associate of a signal,

F1 =
1

N

N−1
∑

n=0

|eeg(n) + jH{eeg(n)}| (1)

F2 = median(|eeg(n) + jH{eeg(n)})| (2)

F3 =
1

N

N−1
∑

n=0

(|eeg(n) + jH{eeg(n)}| − F1)
2 (3)

where eeg(n) is the epoch of EEG under analysis, H is the
discrete Hilbert transform of a signal, N is the discrete epoch
length, n = 0, ..., N − 1, fs[2, 4, 16, 32]s, and fs = 256Hz.

The mean frequency and bandwidth were defined as,

F4 =

∑N/2
k=0 nP (k)

∑N/2
k=0 P (k)

(4)

F5 =

∑N/2
k=0(n− F4)

2P (k)
∑N/2

k=0 P (k)
(5)

where P (k) is the periodogram of the signal epoch eeg(n),
and k is discrete frequency, k = 0, ..., N − 1.

Additional measures of band energy were also included as
diagnostically relevant information in the neonatal EEG is
predominantly located in the delta (0.5-4 Hz),theta (4-8 Hz),
and alpha (8-13 Hz) bands. This results in three measures
which estimate the signal energy in each frequency band,

F6 =

13/K
∑

k=0.5/K

P (k) (6)

F7 =

∑0.5/K
k=0 P (k)

F6
(7)

F8 =

∑70/K
k=13/K P (k)

F6
(8)

where K = fs/N . The estimation of F6 to F8 were
performed on the EEG without the pre-processing filter.

The fractional derivative of the EEG signal was estimated
by deconvolving a filter h(n). This filter is defined as,

h(n) =

{

1, n = 0
(H+0.5+n)h(n−1)

(n+1) , n = 1, ..., N − 1
(9)

where H is the Hurst exponent (estimated using the wfbmesti
function in Matlab; the wavelet based estimate of H is used).
The Hurst exponent was also used as a feature (F9).

Two ratios between quantiles (maximum and median) of
the absolute values of the EEG signal and its fractional
derivative are also used.

F10 =
max(|eeg(n)|)

median(|eeg(n)|)
(10)

F11 =
max(

∣

∣eeg(n) ∗−1 h(n)
∣

∣)

median(|eeg(n) ∗−1 h(n)|)
(11)

where ∗−1 is the deconvolution operation. The deconvolu-
tion operation can be performed as the magnitude of the
frequency domain representation of the filter is greater than
zero at all frequencies.

The Bera-Jarque test statistic was defined as,

F12 =
N

6

(

S2 +
1

4
(K − 3)2

)

(12)

where N is the signal length, S is the skewness and K
is the kurtosis. This statistic is used as neonatal EEG can
be assumed to be amplitude modulated fractional Brownian
process [3]; a property of such a process is that it should
have a Gaussian increment.

Finally, measures of peak frequency and spectral distortion
were defined as,

F13 = argmaxkP (k) (13)

F14 =
P (F13)

∑N/2
k=0 P (k)

(14)

The application of these features to EEG analysis is not
novel; in fact several are analagous to the features used in [4].
The novelty of this feature set, however, is that it applies the
same features to EEG epochs segmented at different time
scales: 2s, 4s, 16s, and 32s. The major artefact detection
stage uses 32s epochs only and the minor artefact detection
stages used 2s, 4s, and 16s epochs. The short duration
epoch localises the detection and epochs of longer duration
contextualises the information over longer time scales. This
attempts to mimic the annotation of the neurophysiologist
where the recording will be scanned both before and after
suspect EEG activity in order to make a decision as to the
presence or absence of artefact.
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A. Training and Testing

The performance of the GADS was estimated using a
leave-one-subject-out (LOSO) cross-validation. A maximum
of 50 epochs per class from each neonate were used to
form the training set. This resulted in 493 and 320 mins
of single channel EEG data at each training step (based on
the maximum epoch length used in each stage). The median
duration of testing was 70 and 139 mins of 8-channel EEG
for the minor and major artefact databases, respectively.

All features were bounded on [0, B] where B < ∞,
and were transformed using the natural logarithm and then
converted to z-scores; the former provides little benefit in
training but aids visualisation during development.

The performance of the GADS was assessed with the
area under the receiver operator characteristic (AUC). The
receiver operator characteristic is generated by evaluating
the sensitivity (percentage of seconds correctly identified
by the GADS as contaminated by artefact based on the
visual interpretation of the electroencephalographer) and
specificity (percentage of seconds correctly identified by the
GADS as not contaminated by artefact based on the visual
interpretation of the electroencephalographer) over a range
of thresholds bounded by the extrema of the SVM output.

IV. RESULTS AND DISCUSSION

The results of the LOSO cross-validation are shown in
Table II and Table III. Table II outlines the performance
summarized across all possible thresholds with the AUC and
Table III outlines several event and time based measures
(see [5]) evaluated at a single threshold. This threshold
corresponds to a false alarm rate of 6/h and 0.1/h for minor
and major artefact detection, respectively (differences in
thresholds reflect differences in the duration of minor and
major artefacts). The statistics are summarised across 38
(minor dataset) and 13 (major dataset) neonates.

The detection of major artefacts is trivial as there are
significant differences in amplitude and frequency between
background EEG and artefact. This is reflected in the results.

The detection of minor artefact is a more difficult propo-
sition. The short duration of the majority of minor artefacts
is the primary reason for this difficulty as there is less data
available to estimate the features. In fact, the performance
of the GADS is comparable to other methods of automated
EEG analysis (such as neonatal seizure detection [5]) when
assessed without post-processing; the mean AUC without
post-processing was 0.86 and 0.85 for the seizure detection
algorithm and minor artefact detection system, respectively.
The improvements achieved in seizure detection from post-
processing the SVM output are not as apparent in the
detection of minor artefact as the mean event duration is
significantly less: 249 s for neonatal seizure as opposed
to 5 s for minor artefact. There are also several other
factors which impede the performance of patient-independent
detection of minor artefacts in the NICU: large intra- and
inter-patient variability in background EEG patterns and
voltages (isoelectric to hypsarrhythmia) and uncertainty in
visual annotation of artefacts (expert agreement has been

TABLE II

THE PERFORMANCE OF GADS ACROSS ALL DETECTION THRESHOLDS.

Median (IQR) Mean
AUC (Major 32s only) 1.00 (0.95-1.00) 0.98

AUC (Minor) 0.89 (0.83-0.95) 0.85
AUC (Minor 2s only) 0.86 (0.78-0.93) 0.82
AUC (Minor 4s only) 0.88 (0.78-0.92) 0.83
AUC (Minor 16s only) 0.87 (0.76-0.93) 0.82

TABLE III

THE PERFORMANCE OF GADS AT A SINGLE DETECTION THRESHOLD.

Major Minor
Sensitivity (%) 89.1 (64.4-100.0) 62.5 (25.1-79.1)
Specificity (%) 98.7 (98.3-100.0) 96.3 (93.1-97.7)

Artefact Detection Rate (%) 100.0 (100.0-100.0) 62.9 (39.3-78.4)

shown to have an AUC of 0.95 for visual interpretation for
a limited set of artefacts in adult sleep [4]).

There is clearly room for improvement when detecting
minor artefacts in the neonatal EEG. A significant factor
neglected in the current system is the multi-channel nature
of EEG. Certain types of artefact are more likely to have a
presence on multiple channels simultaneously. The classifier
and/or post-processing stage can be modified to incorporate
multi-channel data and several features that measure the
synchrony and symmetry between channels provide future
avenues of investigation.

V. CONCLUSION

A system for detecting major and minor artefacts on the
neonatal EEG proposed. The performance of the GADS was
compared to the visual interpretation of the human expert via
a LOSO cross-validation and had a median AUC across sub-
jects of 1.00 for major and 0.89 for minor artefact detection
stages. The performance of the GADS was increased when
features from epochs at multiple time scales were classified.
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