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Emotion Classification Using EEG Signals Based on SVM-KNN Algorithm

TENG Kai-Di, ZHAO Qian, TAN Hao-Ran, ZHENG Jin-He, DONG Yi-Xian, SHAN Hong-Fang
(College of Engineering, Qufu Normal University, Rizhao 276826, China)

Abstract: Emotion recognition is closely related to many facets of our daily lives. However, it is difficult to achieve a
satisfying emotion recognition rate by using one single algorithm. Therefore, this study puts ?forward an emotion
recognition model based on electroencephalogram (EEG) with a fusion algorithm that combines the support vector
machine (SVM) algorithm with the K-nearest neighbors algorithm (SVM-KNN). In the emotion classification process, the
spatial distance between the sample to be identified and the optimal.classiﬁcatioﬁ hyperplane is calculated. If it is longer
than the preset threshold, the SVM classifier is chosen to classify tﬁe emotion records. Otherwise, the KNN classifier is
chosen. Finally, experiments are carried out on the SJITU emotion EEG dataset (SEED). The comparative experiments
show that the SVM-KNN algorithm impfoves the'accuracy of the three-emotion classification. This model can effectively
identify the types of emotions and thus has positive significance in obtaining the emotions of patients with expression
disorders in medical,care. “
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