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Estimation method of EEG alertness based on multi—feature fusion
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Abstract: Traditional EEG alertness recognition only extracts one type of feature in time domain, frequency domain or
nonlinearity, resulting in low accuracy of alertness estimation. Therefore, this paper proposes a multi—feature fusion EEG alertness
estimation method. This method first preprocesses the EEG signal, then extracts various features in time domain, frequency domain,
and nonlinearity, and further uses the chi-square test for feature selection, and finally inputs the selected features into different
classifiers for alertness estimation . The SEED-VIG dataset is used to verify the proposed method. The experimental results show
that the EEG alertness estimation method based on multi—feature fusion has a good effect.

Key words: EEG signal; alertness; multi—feature fusion; chi—square test

0 2| BRI T A A 50 AR, FURAESE
T HORFEE A3 b i TR AN B T ROIR S 2 5 RO

T INRFF S BT R AR AN R SRS TR S RS — 20 A A 2B B M a2k
SN BE T VA A I ) AT R —AF 55 H BT ) ) R Ry 2 Ay e ) |4 A LR, B B F
E‘ﬂ%%&ﬁm TERSORRR TAEMRIE R TAE NG SR AR 2 T HL s 2 >0 0 i P o BE A ik,
W B R e BB A, WS R 0 R AT SCHK[ 6] i F 23 [8] B2 5K ( Common Spatial Pattern ,

Il \ngLIJ\\ﬁ‘ﬁéj\F\'ffo PP A SE CSP) BRI 38 T I L REAE R R T AR ) R 2K
FVPAN A Soni Ik A A2 AR RS S A (Radial Basis Function, RBF) [ 32 1] t AL ( Support
‘W%[H]o H AR HE S BRSO RS B M X RS Vector Machines, SVM) #4775 B 43208 ; SCHik [ 7] fif
TrVPAl , B E s e R s )z Sk AP 5L AR 4 (Fast Fourier Transform, FFT) 4
HREE:T‘?FQE}E T AH L I RE S B S R ik B B0 L 1) 3% %% B ( Power Spectral density, PSD) 43
T e RN 7 T 2 1) R 8 22 2 B O Tk T SVM 8 2 v B2 940 5 SCRik [ 8 1 /I

[l

EETE: EX AR AR STTER IS (62101189) ; #IITA HARI2AHE 4 (LTGC23F010001) ,

YRR K E(1998—) 5 W-H-WF5E A, BERFST 5 0] - I el (R B S BRI 5 A SCAE(1977—) 5 i 3Rz, s O 1) AR
BISMESE: mAE(1989—) 33 W4 BN, AR5 05 1) P4 O 15891 . Email :02746@ zjhu. edu. cn,

s EHA: 2023-08-07 NN = £ b s A




514

R, G ZRHIERLE RN R E LR ATk 33

PR T O LA EA T AL B SR IRbR T 22 PR AR
XTECRN DU S8 3 FHAFAE , (i SVM R FR 2% 2 H1L
( Extreme Learning Machine , ELM) ot 2 i AT A
285 SCHR[ 9 ] 2k MU 0 i PR 3, O 4 BRURRAE ]
SVM HI A T 48 ¥ £ ( Artificial Neural Networks,
ANN) AW HAE 58 BE 0 R 5 s X IS T AL
RV I EREZ D I

(1) FEIAYRAEA SE A, RARIBCT i 3 A0 el 5
AR b B —JERRAE

(2) FROELERE R, HAFTETUA 52 maRUIRCR

BEXS LIRS TR, AR SO T 2 IR Y
G R FE A T O % T T AE AR N A 1 B

T i L A5 5
b F WG EEGIH S
FARSEIC bl e IISRARE 0 (ELRFAE
FHIE e RITH 5
s
e
bieq W7 IV

1 EREMHITHEESR

Fig. 1 Framework of alertness estimation method
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Fig. 3 Changes in the accuracy of the four classifiers under different k& values
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