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Summary:

Epilepsy is a neurological disorder caused by abnormal discharge in the brain.
The electroencephalogram plays an important role in monitoring brain activity in
epilepsy diagnostic tasks. The EEG recording of epileptic patients shows abnormal
activities including inter-ictal, pre-ictal, and ictal activity. Automatic detection of these
abnormal activities aids the neurologists rather than using visual scanning. The
selection of discriminative features from different EEG activities is the basis of the
seizure detection method. Deep learning is introduced as an efficient approach in
computer-aided medical diagnosis systems; it learns features automatically. In this
study, a convolutional neural network (CNN) is employed to identify different epileptic
seizure stages. We investigate CNN performance with different signal forms. First,
time-domain signal is used as input to one dimensional 1-D CNN network. Second, the
EEG signal is transformed to images using two different time-frequency domain
transformation methods (Short-Time Fourier Transform (STFT) and the Continuous
Wavelet Transform (CWT)), then the spectrogram and scalogram images produced for
different epilepsy stages used as input to two dimensional CNN (Alexnet). The
experiments are performed using CHB-MIT dataset which contains long time epilepsy
recordings for different patients, the EEG signal from scalp left frontal-parietal bipolar
channel (FP1-F7) only used. The performances of CNN using time domain signals and
time-frequency domain images were compared. As the appearance of preictal activity
is unknown, the experiment was done using a preictal labeled as 10 minutes before ictal
onset once, then the experiment was repeated by using a preictal as 5 minutes before
ictal. Experimental results suggest that the scalogram of the EEG signal increased the
CNN classification accuracy to 97%. However, the spectrogram images achieved an
accuracy of 73%, while the time domain signals achieved the lowest performance with
an accuracy of 64%.
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