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Sleep EEG staging based on the residual shrinkage network

Chen Lingling', Bi Xiaojun®

(1. College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China;

2. School of Information Engineering, Minzu University of China, Beijing 100081, China)

Abstract: For the exiting staging methods, the accuracy is limited by insufficient feature extraction and class imbalance. To solve the

problem, the residual shrinkage network is applied to design a convolutional neural network to extract feature efficiently. Meanwhile, the

idea of re-weighting is used to design the loss function to address the problem that N1 stage gets low accuracy due to less samples.

Finally, experiments are designed based on data of the Fpz-Cz and Pz-Oz channel in the Sleep-EDF dataset. The accuracy rates are

85.4% and 82.2% , respectively. The MF, values are 79. 6% and 75.4% , respectively. Results show that the method achieves higher

accuracy and MF, than the benchmark algorithm and current advanced comparison algorithms. It proves the effectiveness and

advancement of the proposed algorithm.
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Fig. 1 The overall framework

1.1 B ARTHE R BN M 2%

EEG J& AR A [7] W (B R A W] 28 1 fig R
2R, ELA AR e 1 I AR SRR | A 2R ) B G S Y T R Y
Wi, RS AEAS 5 R AR AR PR S Pt 0 8 r AR B A
Al REAZ MR (50 7 A — E T AR B, 2019 4R 42
) 5 2 AL 45 DO 2453 5k 5 | A 40 I 1 Ak PRI, T 8 00 25 B
{5 5 rh M R A TUAR R B S SRR SR U o i, H Rl
CATEENGES GH 55 5 5 R (55 A 2R S A
T RENRRE BB TE EEG FR AR B0 R . M
THBMERR EEG MTUARE B A SCHE R FH 5% 22 W04 W 4%
BT ASFREAE S R 43

SR HAS LR ) B AN A8 A I 42 B 25 an ] 2 o
MELKZHSECh[C,P,/S], i ¢ 1R E 5 HHEE

B, P RFEEB S AL RE, S AR, 3 0 174 B IR
EEG {5545 30 s 250 h— A BEAREEAS, I H LA 100 Hz
B AT R R AT R R, ) — A B AR RE AR Y B AR E
3 000%x1x1,

B, AR N 30, 25K 0 6 19 1 4E BRI
JRIR S5 BARAERRAE , 2R R AT BB O BA A 355 B AT HE T,
R AR 2 PR T B ARAEAS HpOR [R) A3 I T2 H BRI
A e g T B AR S B, A W ) SRR AR AR A 8 ~
13 Hz BY o P A5 EE 2T 50% , 1M N3 191 A% L 380 RR A 2
Wik 0.5~20 Hz 19 6 P EL KT 20% , I T 6
FeoT ML TIZAT 5, AR SCR FH At Ak ROBE A [] i) e R
E AL ZHEAT T R AR SRAE , T 64 A R IR SR TR A
RKMAZ B 5 AZRSEL, BeAEREAC T & AT



150 8 L F£ ¥ I H 436

Bk AL
[64, 30,/6]

A

EEG - mosicpmss || mewgms || apvsy | M

"| [64,30/6] [ [64,3.2] [128,3,2] LA

B
[64, 90,/6]

B2 ARSI 2%

Fig.2 The architecture of time-invariant feature extraction
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Fig. 3 The architecture of temporal feature extraction in this article
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Fig.4 The rule of sleep staging
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