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Classification of epileptic EEG signals based on
Empirical Mode Decomposition and refined composite multiscale permutation entropy
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Abstract: Epilepsy is a common brain disease, which can accurately locate the epileptic regions in the human brain through EEG.
In this paper, an automatic detection method of epileptic EEG signals based on Empirical Mode Decomposition and refined
composite multiscale permutation entropy is proposed to solve the problem of distinguishing epileptic EEG signals between epileptic
and non—-epileptic areas. Firstly, the original signal is divided into multiple sub signals, and each sub signal is subject to empirical
mode decomposition. Then, refined composite multiscale permutation entropy is extracted from different decomposed empirical mode
functions and classified by Support Vector Machine. For the public data set of epileptic EEG, the final experimental results show that
the accuracy, sensitivity and specificity of the three performance indicators reach 90.3%, 85.0% and 96.0% respectively, and the
product under the ROC curve reaches 0.98.
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