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Abstract

Spike detection in long-term EEG monitoring for epilepsy by wavelet transform(WT), artificial
neural network(ANN) and the expert system is presented. First, a small set of wavelet coefficients
is used to represent the characteristics of a single channel epileptic spikes and normal activities. In
this stage, two parameters are also extracted from the relation between EEG activities before the spike
event and EEG activities with the spike. Then, three-layer feed-forward network employing the error
back propagation algorithm is trained and tested using parameters obtained from the first stage.
Spikes are identified in individual EEG channels by 16 identical neural networks. Finally, 16-channel
expert system based on the context information of adjacent channels is introduced to yield more
reliable results and reject artifacts. In this study, epileptic spikes and normal activities are selected
from 32 patient’s EEG in consensus among experts. The result showed that the WT reduced data
input size and the preprocessed ANN had more accuracy than that of ANN with the same input size
of raw data. In a clinical test, our expert rule system was capable of rejecting artifacts commonly
found in EEG recordings.
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ANNOT = Neural Output Threshold;
/* Expert System */

// This is a expert rule for F3 location at Time

IF(((Time.F3 > ANNOT) AND (Time.Fpl > ANNOT)) OR
((Time.F3 > ANNOT) AND (Time.F7 > ANNOT)) OR
((Time.F3 > ANNOT) AND (Time.C3 > ANNOT)) OR
((Time.F3 > ANNOT) AND (Time.Fz > ANNOT)))
THEN "F3 IS A DEFINITE SPIKE"

ELSEIF
"F3 1S A ILL-DEFINED SPIKE"

a8 7. 71F SEFd 3 ARt A A
Fig. 7. Expert system of reference montage.
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