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Abstract

Sleep is an indispensable physiological activity of human beings. Accurate sleep staging is the pre-
mise of diagnosing sleep diseases. At present, EEG automatic sleep staging based on deep learning
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is becoming a hot research topic. Although related researches have made a lot of progress, there is
still a long way to go before clinical application. This paper reviews this field, introduces in detail
the EEG automatic sleep staging methods based on deep learning in recent years, comprehensively
discusses the current research status and progress of mainstream neural networks in the field of
automatic sleep staging, analyzes and summarizes the potential advantages and future develop-
ment direction of different model networks. In order to promote the deep learning technology in
the automatic staging based on EEG further development.
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Figure 1. Relationship between R&K standard and AASM standard
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3.1. AFEIEE

i H T B SRR B3 S B 2 T i H S AR N A o b AN BdE 2 T A PhysioNet b5 2% T #1[18],
I3l BEIRAE - BRI EE A% 2 (sleep-european data format, Sleep-EDF) [19]. 4" 78 (I BEAR X4 5 (sleep-EDF
database expanded, SLEEP-EDFx). REEHR /Lo I i FEHF 7L (the sleep heart health study, SHHS) [20]. JFR B T.5%
B D337 DL 51 22 Fe 50405 ZE(MIT-BIH) [21]F1 ISRUC-Sleep ##E4E[22]. 45 A /R BEAR AT 50 £04 (the mon-
trealarchive of sleep studie, MASS) 75 EIRTFVT A F£1[23]. #¢ 1 FIH T Hda 4 (1 SR b bk 2 18 .

3.2. AWK STAKE

TREE 2 SRR AT UM ZR B0t h B S 3R IR R IR T 7028, I R bl 5 50 B 1) 38 In 2 i A 28 rg
e, R RTINS AE H S EEIR AT ST S RS R RS TR ST A
BHEARTT VLTS 3 28 1) BRI W44 (convolu-tionalneural network, CNN); 2) 1P A 25 ¢ £ 15 714
(recurrent neural network, RNN); 3) VA #1425 A7 (hybrid neural networks).
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Table 1. Open dataset and introduction
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