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A Classification Method of Epileptic Electroencephalograms Under

Frequency-Domain Attention Mechanism

SUN Hongshuai, WANG Xia, LIU Xuan, ZHANG Lianchao, ZHAO Xingjie

(Faculty of Electronic and Information Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: A classification method of epileptic EEG signals under frequency domain attention
mechanism (FDAM) based on a deep learning of residual network structure is proposed to
improve the classification accuracy of epileptic electroencephalogram (EEG) signals. Firstly, the
algorithm of extracting epileptic EEG signal features is analyzed. Then, according to the
characteristics of the amplitude that the signal features are mainly distributed in the time-
frequency domain, the amplitude features in the time-frequency domain are extracted twice
through the residual network. Finally, in order to focus the features extracted from the residual
network on the frequency domain which is more relevant to the classification results, a frequency
domain attention mechanism is designed to enhance the amplitude characteristics of the frequency
domain in the process of deep learning and effectively improve the classification accuracy of
epileptic EEG signals. The classification performance of the proposed algorithm is tested by
experiments and the experimental data are obtained from the CHB-MIT Scalp EEG Database in
the open PhysioNet database. The experimental results show that FDAM algorithm can classify
EEG signals in normal state and epileptic state with 98.05% in accuracy, 99.34% in specificity
and 96.12% in sensitivity.
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