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Abstract

In the field of medical informatics, the automatic sleep staging is a challenging and time-consuming
task, and most existing automatic sleep staging methods are based on single channel electroence-
phalography (EEG) data. However, these methods ignore the physician’s overall observation of
multiple channel EEG and EOG signals for the sleep stage scoring. To resolve this problem, we
propose an automatic sleep scoring method based on multi-channel EEG, including three-channel
EEG and two-channel Electrooculogram (EOG) data. We introduce the use of a deep convolutional
neural network (CNN) on raw EEG samples for supervised learning of sleep stage prediction,
which does not require any signal preprocessing or feature extraction. We use the EEG and EOG of
polysomnography (PSG) data which have been assessed by medical expert from a Hospital of Fu-
jian Province to train and evaluate our system. Comparing with the staging result with sin-
gle-channel EEG data, we indicate that the EOG data should not be ignored for a better sleep stag-
ing. It shows that the performance of our system is comparable to that of mid-level experts.
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BEEG(E S REATHEIRM BRI R . AT BRX— &, RO TEESH, SEMETES SRR
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2R L R BB R 2R e B AR 6 AR08 S5 A 2 1R AT MR 1 L 2EAR 3, BEARS BE I VR 97 W] DACKE B 1)
VG E].

H 41 5 [ R A %5 2% 2> (American Academy of Sleep Medicine, AASM)FJIEAR 73 WikrvEE[2], N RMEAR &
—NEAERE, T NE I (Awake, W), HREIRZhHH (rapid eye movement, REM)F1IE P IR 5 1
(non-rapid eye movement, NREM) =/ F 2. 8, MEIRL 6 H 2 SR B (Polysomnographic, PSG)
HEAT HERREY BE A G IR 12 . PSG B8 —41{5 5, 15k L&l (Electroencephalogram, EEG), HLHLE]
(Electromyogram, EMG), Ui [¥(Electrocardiogram, ECG)F1HR A (Electrooculogram, EOG)%5. X555
eI o B B AN A B A IR AR E 3 R ORI, PSG 335 — M40 N 20 B2k 30 FPHIFEAR, MEAR L KB
= A AR 4R 5 I B R 1% 2 2 BRI 20 SRR, SR BERE AR 43 AN [RI RO BRI 30T, 2k R A g B IR e B VP
AR 73 3 .

MR 22 3 P A B AR 5 2 () R PR, T T2 TR AR A . BbAbh,  BEAR 2 9 0 57 E B e B2 I i 42
BRI 57 FE P, MR % 2% 00 A (0 v B 38 5 AR 31 90% [3] [4], BN TARIE PSG $ds 75 BEHE 2% K = fry It 1),
PR E 1) 5 2 H 3 R AR 73 B 550025
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e g gt 217k, A2 s — B BT K —F2E T EEG.EOG 1 EMG %2 #5551 [6] [7]
B LT T o FL P (8] (911 E B REERIR A B 0 BA 1) 7925 o IX 8 571 S RN TE SRR AR I B SR T 3 Al
UL . EZMESHESL T, R E — MR A RE R R — MR & 2R)E, IXERHIE A
TN R TR A FEA R HIR B B 0 3 . bl T2 0 e S AR 2 1) () AR5 1 S i P, I Y
28 AR PR 0 P A AR AR RHE T AT = Lk, AT RNIX LI E ARG Z KR E.

AR, RIS O T HEIRP Bor W], IR IE 5 IR 2 R AR 2 M Ab PR 50 5 215Kk B
NEGHE I 3 |2 2 TR BURFAE o FLr, 5 BR800 2% A FH T 0 o HE Ik 1 72 510 3800 , 8 i S L B I [ 10] [ 117,
PR A AERTIN12], 2550 R AN AN L[ 13 R R B8 BR[ 141 LA S BEAR 723 15] [16]. CNN CLZR7E HAth 45k
T RIGESAE S, MWEMGARAMITEE[17] [18], ZVF 2 HARSUR, W HRIE S AABE[19], H#EFERS[20)H0
Fopth s B AR5

— ORI, A MR R IR T W E HbR: 25—, HIFMBEEME RS, B, SlmEEy
e e K BE BACEE R4 . EORAE SL LU v L RE 8 L N AT A BRI S A 2, (RSNG5O
FHERIF 0 o TP BOR 2 BN 28 S50 FF I B IR T D TR R ARG B 21], BERAFREIG RS
IR . PR N2 () — M SR BRI AR E A, LT rT U AR TR Ll . itk
GG S, AL PR TR R, e R R DR A A RIS 50
BN . S AL G R o W T EAR L, S AR R PRI S n) /T T B AR BRI SR T .

VERNRIZ 21 1) —Fh[17], CNN fe — Mg 2 ZAEE M R S0, B EM BRSNS s 4ER
CNN A% & B AR 257 1) 22 |2 B A0 28 (Multi-Layer Perceptron, MLP), ‘& & £ /M&UZ[10]. CNN
E 2RI T R4 EEG $di[22], X GRRI[23MF 54 RBI17], i it BIR[24], 15 R0A
TR IR B S o CNN B HL A B A AN U RFAE . CNN HHIA R i H )2 DR AN BE8UZ 2
B = n] LR B E . LB ERE . SHALREIEAL, CNN X ED A . X EE
CNN W28 AT DA% SR G Bk N T I DE I o o FL 32 B m (2 v] DA RS Je e A RN o RFAE TR .

PEIRFIZE P 45 (Recurrent Neural Networks, RNN) LM ZEHE Tid12, ST FHMLIEHE, TEas
W 2% RETE BT AP IR . BHT RNN & 5 tHIUBE FEIRIE, A S UIZRIIE A, RNN RJEH 7248 F, H
FR KSR 0 12 48 (Long Short-Term Memory, LSTM) M 45 /& — R PR #4828 4 5k O S TY, o] DL 2 2] K3
S E . LSTM 1 Hochreiter & Schmidhuber (1997)$2 i, FF7EVT HI4% Alex Graves #H4T 1 ot B FIHE .

TE[25]%, Langkvist S5 NFeH 758 — AN TR B 22 ) IEHIR 73 W &2 4t; 7E[26]%, Ronan Collobert
PEH T — P B0 R FE 2 ) 7%, BoR H 2 B RS 5 (R EEG, EOG F1 EMG)EAT I [A] EERR P B 73
WaAE P 2 RO A T PR R JE AN BEG 15 5 REE B IR, #ltnl, Supratak %5[16]42 11 DeepSleepNet, 1%
BT R UG HENR BEG 55, BEMWANAFRT CNN SREEHEAARE, —NXa K5 #1d 12 (Long
Short-Term Memory, LSTM)H T 5 #7227 21 [27] . SRTIX L8 TAEAR 20 T HEIR T KA o it i, BRHR &
Kol 250 AASM KU N EE A BRI 2 Nl 18 EEG 15 5 EAT BERRRY B 43 9

TEARSCH, AT T —FhAdE FH R B B AR A 28 0 28 (CNIN) AT SR UG 45 5 B AR EAT 1 B AR 20 A /R
o SIS H AR R R B ST HIRHE SR LD Re AR F AN Rr e SR B A o X T TAEM EZoTmkan = 1) 14
BT ANIET B S IR VP 2> R 505 2) 28 v 2 v Il 2k, 76 S5 46 i FB B2 STRRAERR I 3) &
GiAE R BUER AR EaEATVRA, PRUE T NSRIIAR Y RE AT 21 R A IO HET N

2. BEEERZE

SR SEG BT FH B s &2 @it Alice Sleepware G3 8RN AliceS ¥ £ 3E1T KL [ - Alice Sleepware G3
A RN A F LA Alice R 2 FHEIRA AR THE . Alice Sleepware G3 #A4 1T LB H2%f R
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IS MR B REAT e, R SRR BB B 30 s B — R EREIR B 20 0 1. 2RJ5 & K AKHE Alice
Sleepware G3 #fH F W4 & ANHIE 1RSS5, AR I THES, JEXE B AT F-ahhnic i
1E, IR UL R T TRIE N, 243 BHEIR S5 M 1.

2.1. R TR

AR FH H e 465K B T4 44 SRR AR PO B2 Be B /A JT 1Y) Physionet Sleep-EDFx £i(4f 28], HEAR
HULBEBEAS R Alice 5 22 5 RREIR W AR EAT SIZG o S50 X0 Sk M AR A 0 oo 1) SR JEAT 1T B 5
HERG—LEFEG NGNS, WEFEENSORBEE G m. E, I 5 DL 28 I
seL BRI SR, FiEsE . HAWENSE . BUELIE Alice Sleepware G3 BAFUNIN AliceS B4 1HEAT K4
BEALPkIE 114 4 BF HEE, X8 E WA IR TIEIRAN S 254 . FRATTAX 28 5 AliceS 4%
PL 200 Hz RALZFAT — BB IEIRRH . S50 B BEIR I A8 8~10 /NE . FREUi 2, Ry
SRR o 2 Bt BT 1) N TSR 4R 18 A B MRS P s ) R
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Figure 1. The characteristics of EEG waveform example
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% Amaud Sors [URF 7R,  “TTHM EEG MIE & X FR1, FEAT A UMERE” [29]. R4
TAE 20 T HEAR T S oy W FR,  BEAR T @I 250 R AASM BRI, AEE A UL 2 /MidiE BEG 155
HEATREAR I B> 1. R, 76 R e R EEG-F3-A2, EEG-C3-A2, EEG-O1-A2 ifiE, VAKMIRH(ES
K EOG-left 5 EOG-Right %5 £ N8 1E KIAT H S BEIR B AT % . A ZIRE A EEG 554
7 30 A HIREA LR (R EA RS 6000 DEHE ). BN HIHRIC Y W, NI, N2, N3, REM AR
I BACARAC T 1 I BATE R UL S IO T AR B SR ), PR & 5T 0 . TEARRFFEH, & EED ) REM
A7y 3 R B 22 0 I
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Figure 2. The number of sleep epochs
[ 2. EIREREINHE

FELRFIR AR A B U035 47 12 AN/ R3S BESIRE A DU HERIR N KA 1) 25 /N (OREACSE, SO 1
B RS EE T, F, BT EIR T KA, B> BUR B RSN, O EATT RER ST H AR
MIEL 2 T AW A YT R 0 A AT, DRI, BRATTR NS Bdl it 7 Bt om,  SRECE N1
IR DHE U ACEDY 81 h (B, SRS REREERT 10 s, FFEHTLL 30 s B UIF], M HE AT
s R R 2 . BUOIAEREAL 10 s 0%, BonT DASEBU g5, SO DK 2 petk. ML BT
VERFE BEA X EEG {55 A B BEATHAMA AL L

2.2. MIRESH

XFT CNN ZEM e 22l 1 APk, —Fo2 R OUA MR EBG 0 J0IREAY,  IX SRORY R fd Y A
I8 EEG BdEidt AT I Eir; Ash— fﬁl’x&ﬂiiﬁ%tﬂ B> IR, i) £ i EEG 5 EOG #4773 11,
T SCRE R EE DL AR R ) G5 R BEAT 20T A

2.2.1. EFBRIBE EEG RURE A

e AT HEIE EEG MIBRIEE M X —3B5, FATMIEE 72 T B A4 I 4 5405 A0 26 ) 2% 1)
H SRR B2 AL A

SN T G RSB AIR % 1 4 W R, CNIN IR N ELHE 2 2K i AR A B BEG (55 5 EOG (55,
A=A H B E NN o BEELIZRITF 2 5, a5 2 i ZE T B REAAE S RN E B LT, BRIk
BZHIA o B SRAE /N T4 T 0.25, /RS 51T — AR —/MEAR I 7r 145 R .

3AH T IZM SRR, R T 2T BEG 5 5 HIAB AR 4N 4 1) B shREAR Y B MR
A F N AN 30 s FISRAEZR A 200 Hz 11 EEG 155, TAME 55 30 x 200 MR, R4 1 x 6000
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RIAERE. Herf 1 ACERA 1 NEIE AR, 6000 A0 MBIER Eda . SKiR M F3-A2 #IE ) EEG,
/™ EEG FEAMS S4%)0F i\ )=, Covl, dropout, Cov2, Pooll, Cov3, dropout, Pool2, FC1, dropout,

FC2, dropout F4y 1 R J&E TR BEARIA R MEZR A B TR EEULEA 2, N 7R il 2k, IR Be
KA 8 MAMIFEARKARE . NS HEZRIAF] 75%0, HB TEEMS XN G R 39 NBERFEA, a1

WL F] 41,000
Softmax (5) Softmax (5)
L ||
BN, Dropout (0.5) Rec, Dropout (0.3)
[
BN, Dropout (0.5) Rec, Dropout (0.3)

[
Maxpool (1@2)

[
BN, Dropout (0.2)

Maxpool (1@2)

[ ]
BN, Dropout (0.2)

BN, Dropout (0.2)

30s

200

-200

Figure 3. Architecture of Model-B based on single channel dataset

E 3. E£F %318 EEG B8 B jYME L

2.2.2. £F%EE EEG 5 EOG H1E3! B

PLF 24T 21818 EEG 5 EOG MM ZE . fEX — & srd, FRATHER 13T BRI A M 4% 1) 3 3)
HE AR B2 A Y B

TR B R 4 DN 4GRS, WO R BUR 42 1% 5490 R 2 (Rectified Linear Unit, ReLU), 4> 4%
MZEHE KA T dropout BRI INA 7%, #LL 20% 1) LR M AL SR M E T . NERE
JEEME— N R . BEE RN EIERE, B NEERER 4096 MG, A ANAEEEEA
1500 MHLTT, XWAEEREZWRA T dropout B E )T, #HLL 50%0 JLEAEG#H2 Tn o pl ok
WIEF . a— MRS EERE, BUERECRH Relu, HHZ 105 B EGHH 02 Relu, 514}
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4 JB7R 73T BEG 15 5 B4 W 2% 1 H ShBEAREY B2 AL, 2 H% NN — 30 s FRSRAE
#9200 Hz () EEG 155, BELL5 x 6000 AERFE AR R Hd S ARFRM T 5 MEErdE, #5248
K F3-A2, C3-A2, O1-A2 @M EEG LA X Left EOG, Right EOG, %A EEG FEAAS S5 dif A
JZ, Cov, dropout, Pool X ##4%#, HH| FC1 5 FC2 M. MARMBERA 8 M ABIREAREE, 2%
HERFRIL B 75%0, kBT AEMSHIX IR 114 NEEREA, &2 B8 7 S o

Softmax (5)

[ |
BN, Dropout (0.5)

Dense (1500)

BN, Dropout (0.5)
Dense (4096)

Maxpool (1@2)

BN, Dropout (0.2)
2D conv 512@(3,5), stride=(2,2)
Maxpool (1@2)

BN, Dropout (0.2)
2D conv 512@(3,5), stride=(1,1)
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||
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Figure 4. Architecture of Model-B based on multi-channel dataset
4. BT ZBEHIERE B HixREN
2.3. BEEVTHESHMHK

ASCHIRTEEB S, VRN T A7 A 58 OB S5 My AR R etk . 26 1 B 1 ASHIE 50 HP A FH B
BEL NT TR MRS, SIS T K-fold 22 XIGIE A1A[30], KBNS, WAL S a8 NIGIE. #
1K B 2R R BRI B EEG {55 DL A EOG R K 0 AR EERII Zh e . fEARCH, K Bk E NS, A
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R, BENLIERE T A B 4RI 20% E R MNRER, HARVE NI M ZREE . — Mol F I i 44 1%
AT DL E R B, HEX T B, MR T IES IR ATk, AT Adam [31]
Ak J7i%:. HER B B K T BENLES B R % Stochastic Gradient Descent (SGD), SGD [ A #7 EL S %,
S AR R R I B R, A BRTE R /N # Saddle Point, tHEP¥E fikb. FTLAEER B KA
Adamwith Momentum 5 581 /57, 5]\ moment 7] DL IE G 74 N Ja 50 5 D0 AR £5 £ T LA IR R AT S5 P [ it ik
INEGi

TE [ 7 K BT 18] 77 1 A8 F CNINIF, B850 2 103 /N L SN R/ s BRUZ BRI e A1 28
WA . WG — M EHUZ RSO, W42 REBUERA T A% E . BATRK T 6~12 2, 2
K 2~10, R T 75, 5503 5RNIERL, BE&EFET 355 SHER, RE 58720
PERE 22 AR/ . St AP ThBERC B IR, AL B AR T RIVUZE R 128 MNMRFEEIRI 256 MEFER, LA
K G EAEAR M 512 MHER . B, TEMZZeR R, [ 3 580 5 S BRI AH G & — MR E.
BRibz A, B R AR R T B RN RN ZRad A2 . SR b 23 1 164 64 128 256 ik JilZR. 45
REIR, BN 128 BT

B 5 B 2 , ARSI ARG 1E ] python (Python 3.6.6)1E & F1 Pytorch (Pytorch 0.4.1)J# /& 2% S HEZE
T IERERL IR, HALLE Pytorch H1SEE, JF7E Nvidia GTX1060 ¥ GPU L AT B Zx.

Table 1. The specific params of our CNN model based on multi-channel data

= 1. AT ZBERENERMEMEERESY

=2 2K EPREE BURRE KA Dropout # K ul= 353
Input EEG & EOG matrix (1, 5, 6000)

Covl Convolutional 128 Relu (3,50) Dropout-0.2 (1, 10) (1,1)
Pooll Max-Pooling 2,2) 2,2) 0,0)
Cov2 Convolutional 256 Relu (3,5) Dropout-0.2 (1, 1) (1, 1)
Pool2 Max-Pooling 2,2) 2,2) (0,0)
Cov3 Convolutional 512 Relu 3,5) Dropout-0.2 1, 1) 1, 1)
Pool3 Max-Pooling 1,2) (1,2) (0,0)
Cov4 Convolutional 512 Relu 3,5) Dropout-0.2 2,2) 1,1)
Pool4 Max-Pooling (1,2) (1,2) (0,0)

Fcl Fully-Connected Relu (4096) Dropout-0.5

Fc2 Fully-Connected Relu (1500) Dropout-0.5
Output Sleep Stage

3. /R

FAME A A [ (Recall, REC), A% (Precision, PRE)F F1 {E(F1-Score, F1)UA X S ARAERE (accuracy,
ACCRIFALIA A 5HIY B /- KR H P HERZE PRE R A5 5L 0 g 1R () 4 i S bt 2 1E
BRI L H R REC, XARE A, &M 5 [ E PR e, FRoRPEA T i IR 2 /0 1 7l 15 .
Hr 485 MF1 810 2 A BERRIA R BT A F1IFI9ME .. ACC R IR i E0E i BEAR B B JH 43 28 5 i ke
HRGP B W tfl. REC, PRE, F1{H, ACC 5 MF1 (5 7L R
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= , = ©)
TP+ FP TP+ FN
*
1= PRE*REC 2
PRE + REC
ACC LT 3)
N
2o Fl
MF, = = “)

HrhJr#E 3.3 TR AR HN O LR, F125 KK F1 2%, ¢ =EIRMNNEE,
NEPTA K 30 REASR . TP EFITE, FN RERAYER FP AR E.

3.1. ETHEE FEG HIRBIER

FEFETERA Y, I 30 # ) EEG 15 SREA S HOE 41,000, SKEGMEH] 5 #7128 IR UETT 2R 1EAl
AR PERE . AL, BUHEFEAE 20%/E IS, XERARA S 5%, RAEIE, /£
THEA RS, 22 B BRE RS S b IR AT AR RE

2 WoR TAEATEEY A MHERRYI HOE1E EEG {55 HOSEIRAT VR I FERE . 1% SE00 ) A HERf
ACC 9 79.92%. fE4 2, BATFIERS 73 5l 3o B BER & 204 Wl B A TR 30 7 EEG {5 %5
A EOG 155 HHEIR 7> 3 0 £ .

Table 2. Confusion matrix obtained from experiment on single channel EEG signals using our model

2. (EAETR®IE EEG MRERGHIREEM

W NI N2 N3 REM PRE REC F1
w 6601 728 373 74 391 0.871 0.808 0.838
NI 292 1399 829 27 539 0.454 0.453 0.454
N2 311 498 13362 1353 676 0.853 0.825 0.839
N3 28 8 490 5362 202 0.786 0.880 0.831
REM 350 447 609 6 6045 0.770 0.811 0.790

ACC =179.92%, MF1 =74.99%

N T PGB A FOVERE, BUOREIRYE JUMBLAE AR 2 R T LB . 77 200 B R X BT VA R
M Fpz-Cz il EEG #i#ls. FATMHIRLEINATE, BONENTHISE R TR A FEAHTFT b i ] A%
sk, AR MR b RS, 4% 3 ZIH T HEREE R . IRYER 3, o TMRESEES, B AL
B 7 HAEVERE S E R HEE .

Table 3. Accuracy comparison matrix with other method

3. SHRAM G ANEE LR

ETAITHEE R TRER IR

B fr ik PhysioNet 1EFIZ s HIEHET
JEEivl Akara Supratak (2017) [16] CNN and LSTM 81.50% 70.52%
AR 2 Liangjie We (2017) [32] Time-Frequency CNN 82.86% 72.60%
A A Wang and Xu et al. Based the multi-channels EEG and CNN 79.23% 79.92%
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B A P AR B IR R B A RO RE, RS BN RIFRITERE, 1 5 SR 1 HIBEIR %
KPR Herh — 1132 — BN 2 SRR A LU AL, BIBEIR L 500 145 R SR A 4R . mT LA
B A RRACHT, AR, X TR S REIR O BE R AR, B 2 2 WA R R R
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Figure 5. The comparison of hypnogram scored by sleep experts, and our Model-A, and other models
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Table 4. Confusion matrix obtained from experiment on multi-channel EEG signals using our proposed model
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Figure 6. The comparison of hypnogram scored by sleep experts, and our Model-B and other models
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