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Fig.2 The time-domain model of spike

(sharp) waves
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Fig.3 Illustration of the comparison of detection results of the two methods in post-icta.
(A) SVM; (B) Neural network.
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A SUPPORT VECTOR MACHINE BASED METHOD OF EPILEPSY SPIKE AND
SHARP WAVES RECOGNITION IN EEG

QIU Tian-shuang', ZHENG Xiao-lai', BAO Hai-ping?, ZHAO Geng-shen'
(1. Department of Electronic Engineering, Dalian University of Technology, Dalian 116024, China;
2. The 2" Attached Hospital to Dalian Medical University, Dalian 116023, China)

Abstract: The support vector machine (SVM) is a new learning machine based on the statistical
learning theory. An SVM based method of epilepsy feature extraction and recognition is proposed. The
data analysis shows that the SVM is very robust in identification of spike and sharp waves compared
with that in back-propagation neural network method.

Key Words: EEG; Epilepsy; Support vector machine; Feature recognition
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