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Automatic sleep staging based on energy features and fuzzy entropy

YANG Fang, LI Tao

School of Physics and Telecommunication Engineering, South China Normal University, Guangzhou 510006, China

Abstract: Objective To propose a new sleep staging method based on the energy feature and fuzzy entropy of
electroencephalogram (EEG) signals for achieving effectively automatic sleep staging. Methods The original EEG signal was
denoised with wavelet transform. And then, FIR band-pass filter was used to extract the energy feature and fuzzy entropy of the
denoised EEG signal. Finally, support vector machine was adopted for sleep staging. Results The energy feature and fuzzy entropy
were different with the change of sleep stages. The sleep stages were effectively distinguished based on the different feature values,
and the sleep staging performed for 1 140 EEG signals achieved an average accuracy of 88.45%. Conclusion The sleep staging
method based on the energy feature and fuzzy entropy of EEG signals was simple and effective, with application prospects.
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Fig.1 Flowchart of automatic sleep staging
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Fig.2 Comparison of original electroencephalogram (EEG) signals and denoised EEG signals
% 1 IR ST %R 0N R BRI, $ L BT R O
Tab.1 EEG feature waves in different sleep stages Tl‘ {E . FuzzyEn(m, nr, N) =1n 0" (n, r) —nO"! (n, r) N
Sleep stage Type of activity i+% FunyEn< m,n,r, N ) HTJ‘ s é%g X;j: m,n,r,N
. S —— ADSHGTHEIR. 925X HE 2430 s It BEI
. . (4’8H ) Beh 3 B BEAR 0 TS S | SRE W A
5 R . S HURC R — e, T SCA SRR K I N=1 000,
N spindle (12- z), k-complex (0.5-1.5 H z) E"f(/\gﬁﬁ m=2.n=2 .05 SD(SD ﬁ}ﬁﬁﬁﬁﬁﬂ@ﬁ
o oG HEARI ) o ARLERZ i 2% R A B AR I . (O RERT A8
REM a, 0, B, sawtooth-wave (2-6 Hz) %%ﬁﬂ%\:{ ) ET/?\A .

W: Awake; N1: N-REM stage 1; N2: N-REM stage 2; N3: Combination
of N-REM stage 3 and N-REM stage 4; REM: Rapid eye movement

R 2 (EEKRI—A J
dy =d[X", X]1= max {ui+8)=u,()= @+ B = u,())
(i,j=1,+\N—m),j#i);

(4) 30 B PR BUE R i X F X AR BLRE
Dy B DY =exp(~(d))' /r) , Herbn B r 4300 R 48 £ R
gy CUR T e R0

(5) 7 ek

0’"(n,r)= §|:N p— 12 D}

(6) F A IR (2)~(5) L7 HIFF H B Al —
H m+1 iR o, 7 SR
0!n+l(n’r):Nlm2|:N — 1 2 D :|

(7) 7 SCREAS 0 -
FuzzyEn(m, n,r)= lim[In 0"(n,r) = In 0" '(n,1)] o

F 28 2 A AL , A A2 2 114 B R 55 0T R AR 0
B2 5 (A RDRIE (00 A8 L B S R e — 30 -
T T U P RSORS00 ot 5 e R
R TINER , RERH) 8 (P20 T RAAEK , BT Sy B 40 R 3% 0 114 [ 2
A e N, & 2% BEREAG s 3 REM IR BL, T i #f
Z6 15 SIS SO (AL TR K, R i N1
Wio Fh e T UL AR A0 (7 A Ak TT DA AR B
B R 430

2 HRGER

SVM JETEGE T T2 > BRS I JEA I & Rl ke i) 2
B B SE TFE G BB AYE
ARG BN H . SYMAEME VI ZR A
AR ERIMERI TR T, R R S A iz AL
e, ET%E%#ZI@NEE’J%?N@EKE’J@&
K FH 235 ) XIS B /N Ak it D) R 2 0 XU e /N A i

W], 350 b i e 1/ INEEAS 2 S R TR, Rl B | A
W RO A Mg e T v RNl Lk ) fi
AR SVM AE R 432545 aﬂlﬁrﬁ%& b4



259144 W5, 55 . T RE R FRAE FIASORI R (1 R A [ 20430 - 971 -
EEG
0.05
K T
- 0 500 1000 1500 2000 2500 3000
k-complex
_EEE |_,m‘.-~.f~_-.--,,__f'\_:_a—-mv.»-ﬁ-—ﬂ__fﬂ-—n.—:h_—ﬂ_— -_,-ﬁ--_—q_q:_,-—'\___ __f-n_.__q.—'\,-:x_J"u_J-._a=-—h—___:—_._.'-\/“\-ﬁ_—-'““-sl
' 0 500 1000 1500 2000 2500 3000
delta
'DDE T E T T T T
o Dg f—\f\ﬁ-’l---/\.—-»-"r\m.Tt Z Wm'ﬂvvﬁ““-'-I\_,-NN\JV\—-——W—\J-»«.«IH“"‘-._’\)\f""‘-'\-un.au"""'\/—i\_.r/x\--\ru"-' \-——-*—-——-If'-'-\-\./\f"h-fuv"\'uei
b . 0 500 1000 1500 2000 2500 3000
% sawtooth-wave
= 005 T T o 7 T - T = ]
g 0 Dg [ A “""‘"""“'I“""‘""""’""‘"W Ul IF'I‘I\IIIN [} A ; i |
E‘ - 0 500 1000 1500 2000 2500 3000
< theta
j'sﬁ M p : - : " M.l,|’}.l.'r.',l.\'f*«mﬂ.ﬂmwﬂﬂ'ﬂv-mmpﬁ.wmwa-a.fjvpm-.wlm:w»:a.www«wua-m{
' 0 500 1000 1500 2000 2500 3000
%103 alpha
5 ety T T T T
4 Tt . .
0 500 1000 1500 2000 2500 3000
<1073 spindle
5 I T G e T T Tl T T
_g | e s S e i 1 I
0 500 1000 1500 2000 2500 3000
%1072 beta
5 I . _ N ‘_I . N T L " T T T
_g 1 T i fim| RS o | 1 L
0 500 1000 1500 2000 2500 3000
Epoch

&3 BHEEAFESR

Fig.3 Feature waves in time domain
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Tab.2 Fuzzy entropy of sleep stages

Fuzzy entropy Wake N1 N2 N3 REM

$¢c4002¢0

sc4012¢e0

sc4102¢0

8.491 8 6.3829 4.693 9 42755 6.701 7
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8.5621 5.8302 5.146 8 4.2778 7.609 4
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Tab.3 Classification result based on support vector machine (%)

Accuracy

5c4002e0  sc4012e0  sc4102¢0  Average

Energy feature

Fuzzy entropy and energy feature

84.78 82.43 83.12 83.44

89.62 88.57 87.16 88.45
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