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Automatic EEG and Artifact Classification Using Neural Network

Chang Beom Ahn*, Taek Yong Lee*, and Sung Hoon Lee*

The Electroencephalogram (EEG) and evoked potential (EP) have widely been used for study of
brain functions. The EEG and EP signals acquired from multi-channel electrodes placed on the head
surface are often interfered by other relatively large physiological signals such as electromyogram
(EMG) or electroculogram (EOG). Since these artifact-affected EEG signals degrade EEG mapping,
the removal of the artifact-affected EEGs is one of the key élements in neuro-functional mapping.
Conventionally this task has been carried ot by human experts spending lots of examination time. In -
this paper a neural-network based classification is proposed to replace or to reduce human expert’s ef-
forts and time. From experiments, the neural-network based classification performs as good as human
experts: variation of decisions between the neural network and human expert appears even smaller

than that between human experts.
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Fig. 1. The 32 channel electrode placement recommended
by the International Federation of Societies for Eiectroencep-
haiography and Clinical Neurophysiology known as 10-20 sys-
tem.
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Fig. 2. Block diagram for the preprocessing of the EEG sig-
nal for the neural network.
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Fig. 3. Three quantizers used for the preprocessing of EEG
data for the neural network.
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Fig. 4. Neural network architecture used for the automatic
EEG and artifact classifier. The network is composed of three
layers, i. e., the input layer with 64 nodes, the hidden layer with
64 nodes, and the output layer with a single output node.
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Fig. 5. Schematic diagram of the learning algorithm of the
neural network. Due-to the inherent fuzzy character of the ex-
pert-dependent variation of the EEG and artifact classification,
an error allowance (¢) is introduced.
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Table 1. Distribution of the EEG learning data set segmented
by the period of an epoch (1 second) for the neural network.
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Fig. 6. Typical waveforms of good EEG and artifact. The hor-

izontal axis denotes the time period of 1 second (1 epoch) and
the vertical axis denotes amplitude of the measured EEG. Typi-
cal waveform of good EEG are shown in (a) and . (b), middle
quality EEG are in (c) and (d), and artifact are in (¢) and (f).
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Fig. 7. Venn diagram for the EEG data classes. The Se, Su,
and Sa represent classes of good EEG, middle quality EEG, and
artifact, respectively. The data set classified as good EEG by the
neural network and decision rule is represented as Sw.
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Fig. 8. The neural network operating characteristics (NOC)
curves for the three quantizers (bilevel, multilevel, and hybrid
nonlinear quantizers) used in the preprocessing. The nonlinear
hybrid quantizer shows the best performance of the three quan-
tizers.
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Fig. 9. The neural network operating characteristics curves
obtained with three error allowances (0.1, 0.2, and 0.3). The
network with the error allowance of 0.2 shows the best perform-
ance.
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Table 2. Variations of classifications between the neural net-
work and experts. First column denotes the variation of classif-
ications between the neural network and human experl who prov-
ides knowledge to the neural network. Second column denotes var-
iation between two classifications made by an expert with a time
interval of 1 week. Third column shows variation of the classifica-
tions between two human experts.

-{Neural network and [One expert(classified| Two
Classification expert (knowledge pro- [twice with a time inter- | experts
vider) val of 1 week)
Identical
o 74.5% 71.5% 62.8%
clssifications
Classifications
with 25.0% 20.8% 24.8%
small disagrecments
Contradictor
oo 0.5% 17% 12.4%
classifications
Total 100.0 % 100.0% 100.0%
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