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Abstract: When the EEG is analysed automatically, different artefacts originated during the EEG measurement may cause serious problems and interpretation
errors due to their close resemblance with original cerebral activity. In this paper we describe our on-going
work on the development of a neural network based
artefact detection system. Our goal is to develop a system
that could be used as a preprocessor to improve the diagnostic accuracy of automated systems used in epilepsy
diagnostics. Our preliminary tests show that the system
classifies the normal segments relatively well but is not
yet capable of performing reliable classification of artefactual EEG patterns. We hope that the future work will
improve the accuracy of our system.
INTRODUCTION
During recent years, lots of different methods for automated analysis and interpretation of the electroencephalogram (EEG) have been developed [1]. The EEG is one of the
most widely used methods in neurology and clinical neurophysiology. It is extensively used in the diagnostics of epi-

lepsy because different types of epilepsy cause often
characteristic abnormalities to the EEG. In addition to the
clinical findings and patient's symptoms, EEG gives valuable information that can support the diagnosis. It also helps
the physician to classifu the type of epilepsy and to find the
factors that may cause the onset of an epileptic seizure.
Routine EEG is measured on the scalp by using so called
l0-2O-electrode system [2] taking typically approximately
20 minutes. Because the primary purpose of the EEG measurement is to measure EEG during an epileptic attack, some
activating procedures such as photic stimulation, hyperventilation or sleep deprivation are often used for attempting to
artificially provoke an onset of an epileptic attack. However,
in many cases much longer time is needed for making sufficient seizure analysis thus requiring long-term monitoring.
Especially in these situations different artefacts are practi-

sharp amplitude changes due to movements.
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l: An artefactual EEG pattern.

In the automatic detection of EEG artefacts there are at
least three critical problems to be considered. Firstly, the
close resemblance between cerebral and artefactual findings
may cause a lot of confusion. Secondly, the accuracy and
performance of the system is strictly dependent on the modelling of the signal. This means that the preprocessing of
EEG data has to be done with care. ln addition to these, the
utilisation of spatial and temporal context in the automatic
systems is much more complicated than during the visual
inspection of the EEG data.

DETECTION OF EEG ARTEFACTS
The EEG data used in this work has been measured at
the intensive monitoring laboratory of Tampere University
Hospital, Tampere, Finland, and at Vaajasalo Epilepsy Unit,
Kuopio, Finland. The artefactual parts were scored visually.
The overall description of our artefact detection system is
shown in figure 2.

cally unavoidable.
So far we have concentrated mainly on the detection

of

EMG-, movement and saturation artefacts because they
seem to be the most frequent types to occur during longterm monitoring of epilepsy. Figure I shows an artefactual
EEG pattern including both muscle activity (high frequency
parts), signal saturation and lower-frequency activity with

Figure 2: Prototype of our artefact detection system.
(HPF:High-pass filter, LPF:Low-pass filter, HF:High frequency energy, SGM:Adaptive segmentation, SAT:Satura-

tion detector)
Before the preprocessing and feature extraction the data
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The 1st lnternationalConference on Bioelectromagnetism, June 9-13, 1996, Tampere, Finland

243

pling frequency of 200 Hz to 50 Hz As an anti-aliasing
filter before decimation a linear-phase low-pass FlR-filter
(order 64, cutoff frequency 22 Hz) was used. Parallel to

icity of the system

Performance cune based on ROC-anafysis
1

high-pass FIR-filter (order 64, cutoff frequency 30 Hz)
and for consequtive filter outputs were summed up to
determine an estimate for the amount of high frequency
activity in the EEG.

0.9
0.8

>n7

'6

906
o

Because the EEG is non-stationary signal, i.e. its statis-
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tical properties (mean, variance, etc.) vary through time,
the data must be divided into segments so that the seg-

Hence, instead of fixed output value (normaliartefact),
RBF network performs fuzzy classification of EEG data
with output values close to 0 for strongly artefactual segments and close to I for normal sesments.

I

threshold value.

that, the original EEG data was filtered with a linear-phase

mented EEG can be considered to be piece-wise stationary. This means that the data inside each segment can be
considered to be stationary. In this method a simple adaptive segmentation method based on VAR-algorithm 13,41
was used to divide the decimated EEG data to segments of
minimum length of 32 and of maximum length of 128 data
points (approx. 0.6s - 2.6s in time).
Feature extraction, which means the calculation of different temporal, statistical and spectral parameters from
the data segments, is commonly applied after segmentation of EEG. These calculated features are used as input
values for neural network classifier to describe the EEG
inside segments, in ideal case without a loss of information. In practice, the feature set calculated only approximates the information that the data inside the segments
contains. The set of features should include all the properties of the original data that can be used to separate the
data to several classes according to the problem at hand.
At this moment we have used two features. For the
detection of saturated signals and dead electrodes the percentual amount of signal data inside segments not exceeding a preset threshold level is used. The EEG is considered
to be saturated if the maximum deviation from the mean
value inside a signal block of 0.5 seconds is less than *2
microvolts. The detection of EMG- and high-frequency
activity in the input data is based on the estimation of
high-flequency energy in the signal.
Radial basis function (RBF) network used as a classifier in this work has one output unit. Learning of the network was carried out with a rather new method based on
cascade-correlation algorithm [5]. The output values of
classifier describe the normality of EEG inside segments.
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DISCUSSION
The weak operation of our classifier may be caused by
the insufficient feature set or the extreme difficulties in the
marking of artefactual patterns for generating the training
data. One possible reason for high classification errors in
case of artefactual segments is also the nature of RBF network. The radial basis function network requires the input
space to be formed by the local subspaces of features
belonging to different classes. If the subspaces of different
classes intersect themselves, many input patterns will be
misclassified. In our case intersection of classes of normal
and slightly artefactual segments may cause problems. For
this reason, in the future we are concentrating not only to
the improvements in the feature extraction but also to the
search for more suitable neural network architectures.
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