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EEG fatigue detection of wearable electroencephalograph based on GRNN

Zhang Zhaorui* , Zhao Qunfei” , Zhang Pengzhu ™
( " Laboratory of System Control and Information Processing, Department of Automation,
Shanghai Jiaotong University, Shanghai 200240 )
( ™ Antai College of Economics & Management, Shanghai Jiaotong University, Shanghai 200030 )
Abstract

A study is carried out based on the fatigue state detection of general regression neural network (GRNN) for in-
telligent identification of the fatigue state of electroencephalogram (EEG) of a single electrode wearable electroen-
cephalograph. First of all, the data sets are built by using the questionnaire to investigate the Karolinska sleepiness
scale that the users feel about and the fatigue level marking EEG data based on fatigue detection bracelet. Then,
the data preprocessing is realized by means of datacleaning in order to extract features from both time domain and
frequency domain; principal component analysis is used to reduce the dimension of the data; the fatigue recognition
model is established by GRNN and the recognition accuracy is calculated; and the support vector machine (SVM)
method is used as the comparison to our test model. Finally, the fatigue testing is carried out with the established
GRNN model. In conclusion, the GRNN model, whose recognition accuracy under the fatigue state has peaked at
88.1% , gets the better results than the SVM model. It has a better effect on the EEG fatigue detection in the sense
of stability and discrimination.

Key words: wearable electroencephalograph, fatigue detection, data cleaning, feature extraction, generalized

regression neural network ( GRNN) , electroencephalogram ( EEG)
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