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Introduction: Since emotions play an important role in human life, it requires providing an intelligent
method to detect emotions using electroencephalogram (EEG) signal based on signal processing
techniques. In addition, in this research, using support vector machine (SVM) classifier with genetic
evolutionary algorithm is a novelty in classification part.

Methods: The proposed method focuses on feature extraction and classification of received signals
from brain to improve emotion detection. In this way, firstly, effective EEG channels are identified
and then time and frequency features of EEG signals are extracted and classified by an appropriate
classifier. The proposed method is applied on DEAP database which includes recorded EEG signals
by 32 people watching and listening 40 videos and music.

Results: The experiments show that selection of 7.5 seconds and 3 EEG channels provides acceptable
results. In addition, the proposed method reduces computations and required memory and results in
93.86% accuracy for 4 emotion classification.

Conclusion: Improvement in emotion detection based on EEG signals contains several steps in which
effective features extraction and classification are two important steps. According to this research,
using time-frequency features of EEG signals and optimized SVM classifier with genetic algorithm
provides better results.

Keywords: Emotion recognition, EEG signal, neural network and support vector machine (SVM)

* Citation: Zamanian H, Farsi H. New Feature Extraction Method for Precision Improvement in Emotion Detection Using EEG
Signals. Journal of Health and Biomedical Informatics 2018; 5(1): 44-55.

1. Ph.D Student in Electrical Engineering, Electrical and Computer Engineering Dept., University of Birjand, Birjand, Iran
2. Ph.D in Electrical Engineering, Professor, Electrical and Computer Engineeringy Dept., University of Birjand, Birjand, Iran

*Correspondence: Electrical and Computer Engineeringy Dept., University of Birjand, Birjand, Iran

* Tel: 09156228287 * Email: hanieh.zamanian@birjand.ac.ir


mailto:hanieh.zamanian@birjand.ac.ir
http://jhbmi.ir/article-1-273-en.html
http://www.tcpdf.org

