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Epileptic EEG Signal Recognition Method Based on F-Score Feature Selection

LING Yu DU Yuxiao LI Xianghuan
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: With the continuous deepening of research on automatic detection algorithms for epileptic EEG signals, the number
of feature dimensions to be processed continues to increase, and redundant features increase the complexity of the algorithm, leading
to a decrease in algorithm performance. To this end, a method for epileptic EEG signal recognition based on F-Score feature selection
is proposed. Firstly, extract features from the original epileptic EEG signal dataset and calculate the F-Score statistical value for each
feature; Then, based on the classification accuracy of the classification model, the optimal feature set is selected through a sequence
forward search method; Finally, experiments were conducted using support vector machines and logistic regression classification
models, and compared with the traditional feature dimensionality reduction method PCA. The experimental results show that the
proposed method can effectively reduce the dimensionality of the feature matrix and improve the computational efficiency of the
algorithm.
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