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Automatic Sleep Stage Classification
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—. Abstract
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network @ #&machine learning /5 ;% 2K 3 Ellautomatic sleep stage classification, i B{EF
HEF|fEappR FEFAEEY, BNBFHC &% A0 | ERERARAKAE, W7EE S IRAIFSERE IR,

—. Introduction

ERERMEFTHEEEZNES, LEIRS AR SR ERERBREERERR
B, hWnREER L EEFAEREEIAENMESREEMNME TELARZFIHN
HEAMNEENERSERZHEME SARREESHON F2OBHERFARFIE
BEARAKAE, AR EEAZE P FAIKIKEEGHI = BIZRZ Ellautomatic sleep stage classification
(ASSC), ARILAEEAEMS = 2R(RIERR, 3 okE LIRTER 78 B BH X BERM a2 R ik R
. EE{ERITTLAENRE IR, FEEHEOSRAER S, LIEBZEERESAE. KR, B
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EEE (W) FHRIS R Z B itbetallR, MEBRER/NMLBRREHIEEERR, EEARE
AREE—REE%(s1), RIFEXMIEARR 2 ABAZERalphalll, 2 RERHEER/INMthetall, &
B 2 & H IR ABEIME) (hypnic jerks) BIIRER . B 2R E ZREER (s2)FERERR(h B K &R 2 BOAK
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EMEREE—EHEAFEEE SEENSENELINTEERIE, ERCcycle
&2 RREENH (REM), ABRDBEZRHMMR, BEFAZERE/D, HEHESG
ReRAHRE, ZMERFEHESRETEEAMRE EREMBEEREEEAsL-s4-REM
FIEIR, MERZXEREMIILLHIEHREE, REERMLAIEH D, LI ERER
R TRARBSEE, SRTRBENARSFTAILUEEE, AMRKHRH#ER
sIEAREMMI[E S, HAMEDESERE/MERR SHIKE, LATEREZ R LUREREEOG
YET R R A RRBEEFIKE, AREERARFEREGGRLEREERRMMRE,
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AREEBZEZ R BB HIER NSRRI LUAR B R ARG ER MM
£E. TERMREREDILUREEFKRE, 1LRZEERMORNE, MERFET
B MEREZERE, BMHLERURG — K Fiapp, EHFHAKEEAKE
EEGASE, BEVFIERMEIRFEEY, WEMEMAEREMRREERA, LEREREFRE
mEA N ERES, HERURERMERMDFRERE, LLEDERRE&E.

=. Data Acquisition
1. [Sleep Recordings and Hypnograms in European Data Format]

EDF [Expanded] database (https://physionet.org/physiobank/database/sleep-edfx/)
TEASSCHEE B & A £B{# FAPhysionet SleepEDF database (30 L &E#E), &t 5 B mFEfile
, D RIZSC file (Sleep Cassette) & ST file (Sleep Telemetry), &#$}#sampling rate = 100 Hz
. LIBoR A B EE—1{Bepoch, E{EepochF 30008, K H B % B& A4 |k ) — (@ label,
HohEEFS AIRIEEG channel B MfEFpz-Cz
fPz-0z, REE{FERFpz-Cz, E AL RiIpaperfdfEE 2 Llitkchannelfperformanceix
=,

e [SC¥]
00 FZEE, BMNHAERR, BR0MNFERA, ZHEERIE.
HEMEENZRE Z RN wakelKE, EHEE S dataBUH ERIA TRER
BIRFRE, FAMLLE—XIEwakeEiKAERAIR, = EIE R RwakeBepochF B8
1000 & 1E IR BEFE R o
o [ST¥]
2MFRE, BMHAE—R BRVNEFEARA ZHEEERIAIE.
HNEMEENZREZ R A RENERE, FIEE—MRAMEAM, Eibn
sc* Wifile N BHERIFER ., BMGEEZIRETRISIERFRE2DFER,
#hERT10{Eepoch K #5{Eepoch,
M EFE LTRSSk, Ho40p2—REIE, 2022 HER/ XK TR
B, ARSAEECHIEEREEREAE, EMRL4OD—RBEZFEHEMERNE
#, TREHRMHEETHIER,

epochs total w S1 S2 S3 R

All files 62255 9643 4809 27187 8805 11811
(15.4%) (7.7%) (43.6%) (14.1%) (18.9%)

SC* files 41599 7576 2804 17799 5703 7717
(18.2%) (6.7%) (42.8%) (13.7%) (18.6%)

ST* files 20656 2067 2005 9388 3102 4094
(10.0%) (9.7%) (45.4%) (15.0%) (19.8%)


https://physionet.org/physiobank/database/sleep-edfx/

2. [EDF browser]

A T IR A AY[*-PSG.edf) & [*-Hypnogram.edflEZ B B T ol LME FI R [LcsvIFE, T
P45 FHEDF browseri§E 23 8L i B B @amplitude I B, HPHREBL 2 &L
BRI %epochE B HHF Bwakez ElabelM{FEdataMEF EE, AIEEEHmodelR

Bgir, R AERRIRE, B wakeFIBHE,
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3. [data visuliation]
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P49, Data Preprocessing
BIEARE BT B Mmachine learning X, B S MIET B AYdata preprocessing,
1. traditional traing methods :

X A&KREEGHIdata LR K, BEE = EEHA, Rt ZFERIRE
Butterworth band pass filter, passbandi%£0.1HzE45Hz, BRI RKEIESMHEFNE, &
TREEBIHEMERE HMEEFIRIEXR/DBIA400uVHepochiEEie, FAAEAE
BMUAEERES, EEtk-complexiZEEIZ!, BRdataBMEL EEEHE
normalize, HMZE LN RHEEZHERMESWARETEE, LEIZEN
HRZREZHNER, RERBEMEFAZEE(SCH RST*)MepochFR—71EE, #A
LEH A AT LD ERERFEER

2. deep neural network :

FE BRI KREE T datatt{Tpreprocessing, R &Z{Emodel® & 2 1N 72 BE
i, HEEEFEMNEFRYE NEEBRESIIZSHENA, modeEEIBED
BifilteriF Bl M BB ERZ M ERIE, AMmodelEH MEZF AMdatatBRAE Z 4
=, FTAEEIFEENER, HLURBEMREZRERUZRE (SC*)E fEtrainingItE
E, REMACS)EEAMMRFREENZHE,
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F. Classification Method
Machine learningfI 75 ZBREE, & Learing Theory

H BRI B 1E 2 # sleep stagefficlassificaiton Semi—supgrvised :‘ransfer
. R . i earnin earnin
. BAME A E#RfeatureBlearning5i%&, LA fesiessiog i i
3 e 3
KB L ATHIneural network: CELEPape2 l Unsupervised  Reinforcement
TEHRERRSE, KBBELTHRE Learning Learning

1. Traditional Learning

FRB TR RS RIS ER

EEMfeature, MIEELIFHEE J_[ ? | 5 Structured
trainingf12 2, featureZH LI KX A] e Learning
EEMHBERBRRAMEZE, Eit Classiflcation

BEHEMEE,

Supervised Learning
e feature extraction

RiFHdataIRE, TUMHEENSERE, LLNREERRE
timeZK frequencyfI 74T ; TRRIFEI AT FHEBEBFREEMBE ; PM2.5
EVERERENEFHAZERRA, feature extraction® B EE(R
trainingA [, EAFMEEEE I MTHELE 2K HMfeature®t

e feature selection

MR 2R Hfeature A — E BB Etraining# B E EB), EREBERZHE
AIUBEERBEREZNE, R EEIdimension reduction, 5 1A
A EEKdataEBEMAEARR, LLWFRE R FE{FERPCA ; binary
classification® {8 Ffisher score ; M EmRMR. Sequential methods#
RFEERZE R A L,

e classification method

T ficlassification B BFE, BIER A ENFdatan] URIEEEE| 5 T E
labelf (=15, It B iR {Edataz R RO %R 2R FIET R K1 datallabel, & RHIFA
iEZ B SVM(support vector machine), KNN(knearest neighbor).
RF(randomforest), DT(decision tree), BiEAEZEAEREKR, WERE
datafI4F MR 2 HmEA,

2. Deep Learning

Deep learning@maching learningflEp— &2, AMEKISEYETh,
IS THAEEMERXIGERK, A T Neural Networkf5EE, EEMEFE
BB % [Elayer® #] linear and non-linear transform%$§ 4, BHENIMEERH PHEEHE
URKREBIFER feature, HEEMIKBRBE D, feature BE B AMEKE
BEEEEEHKRYN, HARBREEHNEREERETHZINAMRAE, T
RERNEER, FRREALAFREXREBRIFNGSHE, EKMAREIRE Feature
engineering,

Deep learning B & B &j3% flifeature extractionBJHE S, AILIETEERMAL
i ERfeatureFRTE & RIFER], 3B 7EComputer Vison. Natural Language ProcessingZs
SEEENtsk EERBAZEAMNEBERE, HFEROEXHEATEETIES
ez,



7%. Traditional Learning
AREF L H99E feature, Ml {F FAXGboostH 7 R f#ficlassification,

1. feature extraction
RIBEIEFSEEEGRIN T, E{Bepochi3000Ehdiscrete signalit il HH99f@ 431,
@ &time analysis. frequency analysis, time frequency. complexity methods.,
[t B 2B Epaperfft 5TBOE A A%, EH A Litime domain standard analysis,

frequency domain non-parametricXtime-frequency wavelet transform =f&feature

Number of designs

REMREH,

35 Time Domain Frequency Time-frequency Complexity measures/monlinear
A \ A A
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a. time analysis(15)

standard statistics : (8)

[mean, standard. skewness. kurtosis. first difference. normalize
first difference. second difference . normalize second difference]
Efeature E E R 7 TEEGEA SR E B {Eepoch# central tendency,
degree of dispersion, asymmetry, data peaks, troughs and flatness
respectivel,

zero crossing rate : (1)

STEIRTREE R ML, ERamplitudelBBOR R 1L E{E
discrete signalfEif@BILEH] , EEFHERHLEREZETRETE
HENSH, BHEEAEEARMERIEEBREREE
intergrated EEG : (1)

STHEEEGTEtime domainBJEEE, E{Eepoch#i A~HHE, FEHE{EEh
amplitudefIF1HX &R E EepochHIREETRE



iv.  Hjorth parameters(3)
43 Bactivity, mobility., complexity,
activity represents the signal power, the variance of a time function.
mobility represents the mean frequency or the proportion of standard
deviation of the power spectrum.
complexity represents the change in frequency.

v.  Detrended Fluctuation Analysis(1)
DFA(Z B REN /1T B — B HIERE AT B B E RS L,
ERLARS AL REEREBREMEREF.

vi.  Shannon entropy(1)
The entropy gives a measure of signal disorder and can
provide relevant information in the detection of some signal
disturbs.

b. frequency analysis(24)

i.  non-parametric analysis(11)
[all power, delta power ratio, theta power ratio, alpha_low power
ratio, alpha_high power ratio, beta power, ratio, gamma power ratio,
DSlI, TSI, ASI, spectral entropy]
we use welch’s method to calculate PSD in every frequency. it is an
approach to spectral density estimation. The method is based on the
concept of using periodogram spectrum estimates, which are the
result of converting a signal from the time domain to the frequency
domain.
R4S EEEREZSHMIERBERBRIRN &K, B2 TKRE
BEAEMEESREEZMNHE. BMAEZEEepochIRREE,
it B 1 H gamma, beta, low alpha, high alpha, theta, deltafpower
ratio, 2 it &Edelta. theta. low alpha=3# L5 LLE 4 Rl 2 DSI
. TSI, Asl, ZpFIDSIBETE A =X 2delta mean PSD/ (alpha low mean
PSD + theta mean PSF), FHE(EHE={ES & LIBAKEE 7 HiiER
R BB K EMalphalK. thetal®. deltaK.
spectral entropy BIETE 5 X 2 5t normalize the calculated PSD so
that it can be viewed as a Probability Density Function.The Power
Spectral entropy can be now calculated using a standard formula for
an entropy calculation ,

ii.  parametric analysis
[peak_freq, q1_freq, cent_freq, q3_freq, 95_freq, sefIR, sefd, ssd,
skew_P, kurt_P]
peak frequencyfi 2 5 E{BepochHPSFEx S BISEER, g1, cent. g3
. 95, SRt RFHSpectral edge frequency ESTEMSER, HiEZ
BB RMEEER IR RINESIFEREER25%. 50%. 75%K95%
BISERE AL, BRETEseflREql_freq-q3_freq, sefd@


https://en.wikipedia.org/wiki/Spectral_density_estimation

high_freq - cent_freq, #A#%ssd, skew, kurt% Bl 22 {Eepoch
powerfJstandard, skewness¥lkurtosis,

harmonic_parameter

[harm_fc, harm_fs, harm_p]

H M E—Efrequency R HPSDAETE, BRLIE{HepochMIEEE, &
{Ecentral frequency, B2 EtE bandwidth and the spectral value at
center frequency,

c. time frequency(47)

DWT(41)

3 P18 Flevel=6Awavelet transform {5 5 1R A2 A& LI T 247845 F% .
[0-0.78][0.78-1.56HZ][1.56-3.125H7][3.125-6.25H7][6.25-12.5Hz][12.5
-25Hz][25-50Hz], MFHEELESEER R Imean, std. averagepower,
skewness, kurtosis, ExZETEMMEERZEFEHELLF, #®—
1B 58 B W meanfE kR LLAT— (B 48 EX BImean{E.,

EMD(6)

#& HHilbert transform Aol LUGEAR 2 A B SRELE S, I H&E@
AL ERIESEER, B2 LUHilber spectrum®T R, REEt
EFRERREREE, MHEEEH(0.4Hz,1.55H7],[1.55Hz,3.2Hz],
[3.2Hz,8.6Hz],[8.6Hz,11.0Hz],[11.0Hz,15.6Hz],[15.6Hz,22.0Hz],[22.0Hz,
30Hz], B{KiEdelta. alpha. betaXkalpha/theta. delta/theta, &
#A[0.4-1.55][11-15.6) TSR EX BE E F01'E Ek-complexes+spindle, #x
#ZE—EREHRNEEEMratiolREIEGEE,

d. complexity methods(13)

PFD(Petrosian Fractal Dimension)(1)

FERHEREE, isaratio providing a statistical index of complexity comparing
how detail in a pattern (strictly speaking, a fractal pattern) changes with the
scale at which it is measured.

aproximate_entropy(1)

an approximate entropy (ApEn) is a technique used to quantify the
amount of regularity and the unpredictability of fluctuations over
time-series data

hurst_exponent(1)

the Hurst exponent is used as a measure of long-term memory of time
series. It relates to the autocorrelations of the time series, and the
rate at which these decrease as the lag between pairs of values
increases

Maximum minimum distance(5)

FeimEASEE Bband pass filters Aidelta, theta. low alpha. high
alpha, beta HFERER, B2 AIFEL KRB Eepochsy A 301E

10



segment, E{EsegmentitERKEHKZ/MEMERE, HbaoE
ampliture R FFREIROAA R, AR30@EEE M RIER,

v.  EnergySis(5)
5 B B ESRER YK MIpassband R B E /EE B IR RISEEE, AR
FIREKZ100, FHEHSEMRMKER, BiESEamplitideERE
EARLEREEFEEN

2. feature selection
feature selectionf1 55 BE L, LlRipaperEAMAXthE AR, AZZE
KR E S ¥ifeaturefifselection, TMREBIEZ % BImodel 2k #|Efifeature importance,

3. classification method
AHEEEFAXGboostE EFlfEmodel, HMBEZERE AFER LA EE Emethod,
INTE#HMETLEIERAE KESHEAZHEHASVM,

Number of designs

35
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[= I, |

\“ \‘Ahbﬂ\‘
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HtEMEEABTERR AM, i HFEiBXGboostE F A5t B feature importance
., B Llimportance#! & 7] 284 Wifeature#fTtraining, ZRKELEmodel K&
selectionBI#E R, LLT 2 ¥fxgboost IR E 43

method introduction
XGBoostH) £ 8 AeXtreme Gradient Boosting, E=GBDTHI—IEE X EIR,
GBDT(Gradient Boosting Decision Tree) X Al MART (Multiple Additive
Regression Tree), =—fE& XM decision tree %, & %M %R decision
treefl i, FiAtreeMIiEiR RIMNERMEERER, EAEEKIRE Z¥IFF
SVM—RE# 52 & R generalizationB 58 M E L, GBDTHIRIDTER, &%
tree BRI Z AT BtreeffimiliNEE, EEBEME— ﬂEIﬂDTEE'HE{ﬁ
BEEEMEMEZ., Brandom forestA[E], random forestif i ZEIRE
ISR ; MGBDTAIZMATERRRAMER, SHEMERMER,
HHEGBDT, XGBoostHffi—Le#L, LLINERA T & Foverfitting, BHZ{E
Flregulization ; loss functionff A ZRER#HBEHKX, RERS ; BE6H0
HEEL, SHRERAZRBHESNHNENEEERESHRAMNEEE
RmEEIEE, BZEMBHURHtreeBIERK, LiRlealEAETE,

11



BREF RAEBILELEREZBUETIKEE compile, 2BEFRIGBDTEER
hEZEINMITE,

e training flow chart

load data shuffle data set 5 labels

| |

split data
test data = 1000 epochs
non test data = 61255 epochs

set threshold = 0-30 (0 means all feature)

split data 10 fold
val data = 1225 epochs - ngﬁ:{; e ﬂcmss—validaticrn
train data = 60030 epochs traing
cal train/test accuracy save model
cal f1 score sensitivity « save threshold h predict result
cal confusion matrix save feature importance

® parameters

(K AXGBClassifier & fficross-validation IR £485 %, #EEMFIH,
Xgb = XGBClassifier(
Learning _rate =0.1,n_estimators=1000,
max_depth=5,min_child weight=1,
gamma=0,subsample=0.8,
colsample _bytree=6.8,0
nthread=4,scale _pos_we1i

xgb. cv(

xgb_param,

dtrain,

num_boost round=alg.get params()['n_estimators'],
nfold=cv_folds,

metrics="mlogloss',

early stopping rounds-=early_ stopping_rounds,
verbose_eval=True)

12



e threshold
HRXGBoost & & F M BB feature$TH 28, R UL T LI thresholdIN T
B, FHMiE—Efeature!2I2H/IMA RS feature— i ffitraining, MHEALE
A L E E|D> EffeatureFL AT LLERIE Maccuracy, MARFEELER99E
feature#l & {Etraining 1B E,

selection = SelectFromModel(xgblnew, threshold=thresh, prefit=True)
select X train = selection.transform(X_train)

select X test - selection.transform(X_test)
feature_size - select X train.shape[1]

e plotimportance
A LLFEHIXGBoost A EERIAPIER R, i EEfeatureMI N HE RIFER AR
K, FEUHERAEBRNEERERMEfcature BEFHEEIFHAR., &
MEZREHFB0E D E S Mfeature, ¥R 2% MresultEy

*. Deep Learning
1. Introduction

Convolutional Neural Network (CNN);2Deep Neural Networkix & REIZEEZ
—, fEimage recognition. pattern recognitionZFfBIS IRz HFER . B
Fully-connected networkEx KFIRIEETE RS, HMREMinputirZBR—H#M, FEItE
EEBE R (flatten) F BEE AnetworkZz 1, BE —REBREHEE T K
. FEHE. colorchannelFE=#E, EFHR—HEFEHREHROTIIFEL
R EREEBRAREER, MCNNEIIEEF =M EFinput, RBEZHN
ZERBEIIER, FEELEEHFBELURT
CNNEM{E#HHAIDNNZ T Convolutional & Pooling (subsampling) i Blayer, FHLLHEF
ERERALREERFRERBHE, TEREHMLeNetRIZE#EE, H Yann
LeCunfR19984F 12 HH, #MWAFEACNNAISEH, LAT 7B #BCNNIEEEM =18

layer,

C3:f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT
32x32 e 82: f. maps
6@14x14 r rl_

C5: layer pg: jayer OUTPUT
120 g o 10

‘ Full conﬂect[on Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

e Convolutional layer
ConvolutionI/RIB 2 HEiB—EFE £ N &ETE R T (kernel size)B filter, H
EmAa. HLEMmTEKREEEIFIE A Bpixelffconvolution, ZREVFEIEH
BREHEFEBIEAT —EBEA, MARX/MsizettiEnetwork 22| [E 2
EPARERIMNEE, TERBEMGIFRMEREE, inputimagefIK/NE

13



7*7, AR —1E kernel size & 3*3 Y filter Z&f#k convolution, #52R
M

ojlo|lojo|o|O]|oO
0
o|l1|ofjo|o|1]o0 i o a
o|lo|lojo|o|o]|oO
ojlo|lo|1]|0|0]oO @ 1 0 0 —
oj1|o0o|o|o|1]0
o|lo|1|1]|1|0]o0 5 z A
o|lo|lo|o|o|O]|oO
Input Image Feature Feature Map
Detector
ojo|lofo|o|o]|oO
ol1|of|o0o]|o
oj1|o0flo|o|1]|0 G . A
ojo|lofo|ojoOo]|oO ofl1|(1|1]0
ojo|lof1|0|0]|o0 ® 1 0 0 - S o TS | 2|
oj1|o0flo|loj1]|o0 142|110
ojo|1f(1]l1]|0]|0 a ! L oflof1f2]1
ojo|lofo|lo|o]|o
Input Image Feature Feature Map

Detector

f5Econvolutionf®, I EHE N_L—1& activation function, BEE &
ReLU(Rectified Linear Unit), Leaky ReLU, Tanh, Sigmoid % non-linear
function, BHIZIE model BEEER L IEHRM TR, TFHHEEEE
—EERGEE A(0,1)3(-1,1)28), #E#FEbackpropagation s H2 Ehk+
REMEE. FREEMIERR,

Pooling layer

TEffconvolution¥, filterEHERE F/ESE), slidingwindowEHBZE
EMEEE, HERMETTEZEHELTTER, PoolingfIE EIhEE A ANE
A R~H#HEDN—3, LU feature mapR# E i 18 8 55 e convolutiont E A
HBETEREN, REZEENHE, [, BHiBpoolingd] LU &E
RlayerFTEMBEE, MNERmodelBERIZE, HMijEdover-fittings 4
BIATREE, RSy, Pooling layerBEH RIFHIIEATIRE, EHIME, EE
B Etpixel EHLIEEEAM/IMRIEHERR, #HPooling layerf#iH
FEFK, HBRMIBFEHN,

w R MPooling A X T EHMFE : Max-Pooling., Average-Pooling, TELL
Max-PoolingZR i ZR BA :

14



2 0 4 3
— —__ Max(4,3,7,1)
6 2 7 1 wmennd
— Ma@osd g 7
8 3 0 3
8 5
e | Max(03,55)
1 T 5 5 = _,,,,Max[uw,,,,,_,,,,,_,,,,,,_

=& AMPooling kernel size22x2, Stride&2, EEZERME/N—F R~
WD 7% ERE, KRARIBIMCNNEIER KR,

Fully-Connected layer (FC)

Fully-Connected layeri@ & & #%7£ ConvolutionZPooling/E#& mE, "%
5 RIENFth RTEEERE R ETT, MR ZATATIE, FCHinputih BEE—
B, BSRFEEEETE LEHE Tzt ERERE KEESEERE
HIBT HHHEMEE (weight) IR Z (bias), INTFTEFR, BE—m@&T
neuronftransformAI AR TR A y=w *x+b, HewHbs Al Altkneuronf
weight LA Bebias, FIl#RAI B EFL 2k &REEMIwHlb, FELLFNERTIRE
H—i, ATHRIIFENHEREKEHRYE EMAgELXNEMNMLE—E
non-linearfJactivation function, M7Eoutput layerB], —ARIEHR TEEA
—{Esoftmax function, #FEIHRHITE(0,1) 2, EEEER LIIRIEEME
input B E —{ElclassBUtEER, #HEERFKIENAmodelHIETAIFER,

H—7M, Full connected layeris AHHE ZRIEEER, HIEEEZE
BERKHIREL, modelh KEHIBHERTLLE, RIZEMEIE
B2, IR, WS BT LEARMEE GfeatureHIVGG-16, #EHZ
2= 4138,357,544, JtEmodelfE =BFC layerfI B 5l 51£ 123,642,856
, BERHEFCEREmodebBREEZREMAL,

hidden layer 1 hidden layer 2 hidden layer 3
input layer
Ly

output layer

. .
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2. Model architecture

‘ 30S EEG signal

64 Conv, 400 64 Conv, 50

128 Conv, 6 128 Conv, 8

128 Conv, 6 128 Conv, 8

128 Conv, 6 128 Conv, 8

e

TEABEMARBEEEFRE#EMNmodel networkZ2 48, B £ EIESEEG raw data
EEinput, 23 B8 f1{Esize A~ R FICNN blockf% concatenateft 2 1 Il #& EAYFC

K classification, Exf&RoutputZEBHYIE A classHIBEEE

f164 Conv, 50X &R A2 5% /Bconvolutional layertt He4fdfilter, & —{Efilter size
£A1*50, ZFATLAEARMECNN block REER, FHMIFEHRERFTHEMEblockB 2,
HEEMECNNEE|data P F—HHE R : ZLBCNNE — B MsizeBi K (400), i
convolutionFFEEFAKBHE, BIFEKEEMdata, EATLUFERIIKREESR
FASEZRMEF, MAIZCNNE—BsizeBl/N50), BIZZEEZEB/EREtemporal
BEF, thii R FELE4ETERIEEG pattern, FHMFH LE AR ERERETEEEmodel E2
EI5E Z Jufeature, EEresult IEB D HMEHFERECNNE 22 M E KM

RELHER,
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3. Training settings
LU #5 3 Mtraining BFATET E M — Lmodel 2 R EX FE 2R M EEFRBA -
Optimizer : Adam, with learning rate=0.0001
Loss function : Categorical CrossEntropy loss
Activation function : Leaky ReLU (045 &)
Total 42308 data with correspoding labels, we
split it into three pieces :
38000 for training set, 2308 for validation set,

P wnPRE

2000 for testing set. ‘1o — 5 10
5. batch_size=128
6. training epochs =150

J\. Results

1. traditional learning
® accuracy
R DA LI BRI AREEE 99 featurefd FAXGBoost I EFEFRFFR,
accuracyf £&83.5% k4, EHHf1 score Ksensitivity £76%575.3%, FH4t
training accuracy & £0.953, A T K Mtrainingfl LIKTHE#ER, B E
B —BhoverfittingfIR R

feature size = 99
train accuracy train f1 score X
0.953 0.940 X
val accuracy val f1 score val sensitivity
0.822 0.750 0.743
test accuracy test f1 score test sensitivity
0.835 0.760 0.753

e confusion matrix
fteh 2 EE Mlabel, fEEHZEmodelFE A label, B LUBEZRE F|datallZ 1Y
wake K stage2 &R B R IF RIS R £990% LA E HIZERESR, FH ¥ stage3 RREMAY
MRS R A86%K81%, EAEMIERERMIFHIZBEwakeZRIIEAZE, B
KT stage IEER R F27%, FEMBEXRILLERMIER, EHIE
stagel¥X#, WIAZEREFIREMIMERI, FR{EREEZHIfeaturetB{El, MAXE
ATNERH EAAEE S Mstage2 R 18, ERH Eistagel 2 ERERbottleneck

o
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Confusion matrix

0.05 0.00 0.00 0.03
0.8
g1 ] 008 0.27 0.26 0.01 0.38
0.6
]
o]
&5 -] o000 0.02
Q
=
[ - 0.4
34 0.00 0.00
- 0.2
r{ 000 0.05
T T T S 0.0
@ & & & 3

Pradirted lahel

e feature importance
XGBoostfEtrainingf B IR G ¥ B {Efeature EN BN TE), RAREFIH
Hfeature ® #regression tree A E B, FELLHAFETISEMFERIILHKINT
=18), BINZH/FEHwavelet transformB R, BHHFZH ZfocusiE
cAGEER/NISEE £, #AIREAERE N HTRERIRMRERER, A%
=58 MalphaiE 72471 BI 2 %] Fesisenergy I E LB H E B,

PFD (86) Esisen high alpha (97) DWT kurtosis cA6(73)

DWT mean cA6/cD5 (79) | DWT std cA6 (70) Esisen low alpha (96)

DWT mean cD4/cD3 (77) | DWT avgPower cA6 DWT skewness cA6(72)
(71)

Dwt mean cD5/cD4 (78) Hurst exponent(88) DWT mean cA6(69)

Kurtosis (3) Skewness (2) DWT kurtosis cA6(68)
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Features

Feature importance

1932

%g 1644 :
fi7 1475
fis 1428
f3 1316 -

7 1278

0 1237

1 1233
fes 1227
73 1187
fae 1186
gz 1161

9 11%3
f68 111

in] 1009
fle 1005
02 560

964

HS B2
f67 954
i5]9] 939
4 P
fg% 910
3 £
f65 880

0 250 00 750 1000 1250 1500 1750 2000
F score

e feature select
{/éfeature importance ] LLE tH E B feature E A E 781, R ILLIKIR 5 8Al
LB TR RIMthreshold, HselectF [F] 21 E MfeaturefitrainingB X R a0{a],
TERtrain, validationftestfE, AT ZERtrainfE#EK S, EHABHM
BImodel B #&fit training data ; A% Rvalftestfi& Maccuracy ; BR AR
FHIfL score, flscoreBERIK R AfthHEE Elabelbalance, Llfmodel
EABELAFEiER . && Esensitivity,

feature select

D.65

10 15 20 25 30

[=]
un

tran_s = tran_fl — val_ac val_fl

val_sen ——test_ag ——test fl  ——1test =20

19



i feature size, AILIFEIBIFIEE AfeatureBHE 8 VaccuracyiRIE, 1B
BIZEBMBEGHEFEEERFRRA, MBET—EE99FE featureR

training R ERIF, REEF—TEHEMEEZHFEF T LLER|FERIK
R, TREZEPRESMERSR, EHMEIAT2SEEE M eatureZEHE
REREMENRES, RERFAFERAEMfeature, RFEEEMfeature

o

feat train train val val val test test test
size acc 1 acc fi sen acc fl sen

—

25 0.936 | 0.918 | 0.850 | 0.789 | 0.776 | 0.82 | 0.744 | 0.737

99 0.953 | 0.940 | 0.822 | 0.750 | 0.742 | 0.835 | 0.76 | 0.753

2. Deep learning

e feature map

A va\r

;

g
8
8
8

010
005
000 VV\/\/
005
010

i
-

B
B
B
B

é%?

8
8
B

EE A /sizeHICNNEE — E R 16{Efiler AT#& H B4 feature map, BEEIAX
size CNN #& i #] feature map, BILAFE HGE#IfeaturettBsparse, #R

Hmodel 2E|H R AREESERMEN ; MEBfeature B LIEX AFEEL,

HI|ERESZ = 8 T HRM B R Fopattern, BEE—IRME, HMUEAFAZEE
CNNZ E|#featureZIERME. EFHEAMYERER, EHICNNME

ANMAZz—, EFWEECEE. MElfeature RIFEHEM 2 HAMRE,

20



loss

e learning curve

Training/Validation Loss Training/Validation Accuracy
0.90
— —— Train Loss g i ARSI ST
g - valid Loss 0.85 - M“.,_,..,ﬂw-"“‘"" ST b e e
1.30 '
0.80
1.25
.. 0.751
3 .
1.20 g |
2 0.70 -
%
1.15 A
0.65
1.10 A _
0.60
1.05 - ik L O S —— Train Accuracy
sty S 0551 - Valid Accuracy
T T T T T T T T T T T T T T T T
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
epochs epochs

F M8 K train T 150fepoch, loss & accuracy DRI AEARE, FKFHLL
REIREEE, £ training #)HA training 1 validation loss I & EfRE T &,
accuracyth B2uE EFH, K#IFE40~50 epochZEHBNBAIR UL, training loss
hiFETIE, MvalidationBIRENEZ, 80 epochz BEIIRE — 2k
overfittingfJIR R & &, % validation accuracyfx = 450.8718, testing
accuracy.£0.86 (1720/2000),

e confusion matrix

Confusion matrix

wake TR 0.05 0.02 0.00 0.02
0.8
ni a2 0.33 0.28 0.00 0.26
0.6
@
e
s -] o000 0.01
w
2 L 0.4
s 0.00
- 0.2
R4 001 0.05
T T T __0-0
\'s\fgt-‘?' & 4 N *

Predirtard lahel
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Mt 2 EE Mlabel, EEIZEmodel predict 4 label, E#ERHKE, Wake,
N2, N3, REMEREES B S R ZERESR, stage 13, REMBUZERESR th L BT E AT
{5 FAMxgboosti&E, MNIEMERKMALSEER, RE33%, #HAZ
R Astage 1 i ;2 HEAGEAY K isfeature, BHEmodel N A 5 #5 Itk Flstage2.
REMiHE [EfR, BN BRREERRMIMRE,

J.. Discussion
1. Data imbalance®zZperformance

HREREMNESERERRETRE, Ei&mimbalanceRIRIRE, 1 Hstage 1A9LISC*
fileFOST* file M2 R HER B HMEERM—F EHR, BEFEmodelm] LLFIERFE
%, BRItz o, stage 1IEAREMERRHEFEE K, IRIBE/NISFE, MEZTEEN
EHERENIRE, EAEERAHEEEGAEE Fdata, AR {FEAEOGEREHN
o
RFEEMEESIHRE —fERoversampled, FhEildataiR A HIFERIERE
%{3epoch, H5E—{ElabelfdataBAE—3, HALALUMBREA AT TEHMARL
Faf1 scoreBARRIAK I ., 55— 1B 75 % 2 FAXGBoost I RF{& AT LL 2% & [EEOGHY
feature, FAZK % #istage 1REMBYZERI,

2. NormalizeXt &
RaeagEZHEREASGHEETER, HMEREERSHEAZREAEHE
RIS Mnormalize, LUBERERZE, ERZXEIFER, HIZER
ARAVEEEESR, ERTARURABREHRVESTEEAR, EHKFR
feature RMBKLE, Ritix% H M2 Efeatureffinormalize, T IEIE A EEfiledy
EEGEAAR, {BFE{EFACNNZEXGBoost A Rt ARERZ, HAIZREmodelBEE
TS 23| Hfeature B2 L IIVE A,

3. BUEZER(LSTM)
BRTCNNZ4}, deep learning EF RN —EEHAABMREBRIFMImodel, thELE
Recurrent Neural Network (RNN), RNNE B RERI4FE, FAREIHCNNZKDNNREE
G E THrfEEhE0data, RNNEEF B EFTE RIRIEFREF 5l data EE AR 7 — HFEE
BTk, FAIFT(EFARIEEG input BN & E KRG, B THRREEAth AT sERIAI#R
BrfEl A ATRARE, ELLEERARNNERSIITEOERE, ERARMIRNN moduled
LSTMFIGRURRFE, RRFKFIREBERMS X AIFCNNFIRNNFE S, FEBECNNIRER
EEG:KE s Hifeature, F&FIFARNNAF AT BFE ZEAORE FRcombinefEZR, Rz Z R

classification,
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+. Application - alarm clock
1. mindwave mobile

BAEEMERALEMRMMappRETENE, BRARBREMEPER DI
data, EREEZMBEMAImodel EITHEE, Hit RIFEFIEdataltiRETIE
2R, —BAtRfiiEI IR RE R windows Al LA FEESFER Y, M B Al LIERE Rinput#ll
outputfport 2T, {BRZEPWEBIEXMERS, MMACHIERETXEFR
user-friendly, fE7T 1R Z R Z B IEMNEREI T maciE1R B #2p0th A B R E B oF &
E#port, BEEHZEZEERIE, AUEITE LSS —RNESFMport, HiZAI
= BB TR T
[ip77-120:~ Ken$ 1s /dev/cu.*
/dev/cu.Bluetooth-Incoming—Port
[ip77-120:~ Ken$ 1s /dev/tty.x
/dev/tty.Bluetooth-Incoming-Port

v/cu.MindWaveMobile-SerialP

ev/tty.MindWaveMobile-SerialPo

HEEH M Apython import EZF ME M AMUER, RASEMKEREFERTR
RiE —BAREMAappEiEzk, HETERBE, BRITES AEELHE
FL, EERKEMRHR, appflERPET, MEMESAELT, FRBRF
AR &R port A — &, WRMappiEfE 2k, BARBRBNAIERT
, HERISERRAE E—-FAREENZER, hEIS3T K,

numpy np
headset = mindwave.Headset('/dev/tty.MindWaveMobile-SerialPo"')

cflag

Bk, EMBEESIZHMcommunication protocol FRBAMFABEEAX, B
H T FERERIFE K,

select
serial
threading

CONNECT
DISCONNECT
AUTOCONNECT
SYNC

EXCODE
POOR_SIGNAL
ATTENTION
MEDITATION
BLINK

HEADSET_CONNECTED
HEADSET_NOT_FOUND
HEADSET_DISCONNECTED
REQUEST_DENIED
STANDBY_SCAN
RAW_VALUE

HRHEEEZAbytestI A, FTUEEEL 16 MEBEKBRE, MRAE
pythonBI B R A B KK 1EiEFEdecode AR, FIth2E T —LINKFRKII,

HRME T —LERERE, EtprotocoliZH ML L H#Z A B IIE L HIEM MR
, EEBEMNERE, RERESEEREE, BHMEL RN M databasefIdatads
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AYE, FeFEMET —LRZZMMERKMUOELERBRL, MEREM
predictBFfERMEEME, ELLFEHEERR,

TEAEMEXBNER RTEZprintHraw value, K% EE0.01F access
— RS, ERFTAILIME H M database 30503000 g, BRMNERS
ERBEMIRR, TLIER| EEE A connection break, FiEH A AL
KR, EBLEHMMAER, PTLEEREIR407 ¥ EH3000E HiE

16:34 Jing-Cheng k-Pro@jingcheng: $ python3 test.py
Initializing.....

runnNing. .......
Connecting...
Connected.
status=connectedumber 130
connection break...
status=connectedumber 3860
connection break...
status=connectednumber 642
connection break...
status=connectednumber 810
connection break...
status=connectedumber 9770
connection break...
status=connectednumber 1143
connection break...
status=connectedumber 12216
connection break...
status=connectednumber 1300
connection break...
status=connectedmber 146657
connection break...
status=connectedumber 15453
connection break...
status=connectedumber 16233
connection break...
raw_value: -97 number 19098

2. android app
HMpredicteE—E{EZ%R EEEER{FappLm@E ? ZMIATERZEHAPP
Inventor& #1Google Cloud Platform&{E, H—EFEE A LIEEMUEREInEE
#E BEappEiMEMAL ELEEERTXR, BEEMEZERETEE—ERK
XEE, SERSZEMMWEFASIEZEMANEREFERNAR, RUEEZMER
CE—ETE, FERMTLEGoogle Cloud Platform#2EAJApp engine,
EMEatBETETELEIEE, IFEED.

= Google Cloud Platform s bioproject w e
©  HAEE
] R .
o BE FfRE ~ primeval-rain-206412.appspot.com
8% : asia-northeastl

A

o] m= - VI 6B 1208 1R 2K 4K TR 14K WK
a HE

= R 6F 13,2018 11:45 T4

Q®

(=)

B

o

ERIER:
Q
.
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SR12 T App Engine for Python kL & GoogleAppEngineLauncheri® & app inventor #
customtinywebdb, M—LLEREFMETE—LEH 2R, BEEEXRdeployE|Ein, EE
BRI LB —EREEMkey-valueEFHHEE, RAENEEREREEEN 5
— LB AN R R BIRMRE B RERAIRE L RS,

App Inventor (TinyWebDB) Web Dat

This web service stores and retri
this service using the TinyWebDI

P
r- -y %
l'l App Inventor
for Android

Search database for a tag
Tag:

Get value
Returned as value to TinyWebDB component:
Store a tag-value pair in the databse
Tag:
Value:

Store a value

[Key | Value | Created (GMT)

stage [tensor(0) June 13, 2018, 3:06 p.m. -

HEEMRappsREtHE D, BHREEEF— AW URERE MR R E /R E
Et AR E LB UEREREGE, A—E24/0EHIa9RRE, FREREMMA
UM EE, TEERHMECEARBANHNLRIERF MEFRANAEIIERREIGR
B4/, ARSI D8, ARINFRIGERFMMNEL R FRREK/IEE,
BRI RE— A L1125 —E2R1FEEINR, MAEHM24/ a6 E L RBME
—HH.

(3] if I ETCR TR Y global PAM ~ M = ~ [ PM
then (I ool (ETE.TED €1 (6B
4[5 global timenowd ~ Kt

A
@) if -4 global 252 ~ |
then set. global timenow2 ~ R}

else [ () if [ global &5851
15 global timenowd ~ 1)
s

(=) if 1 global 81 - | global 852 -
1= R global timenow? ~ L)) 11 global %852 - |12

T
@) if - 1 : 1
R oot (A PP giobal hour ~ Jlaed— INEFY o/ch e hour ~ I = ~ IR0

(= BT global timenow v fie) .7', m — - .
: RO T Tou - TR 2= JR RO IR olob2: -




TER|Z#EEApp enginefI88 5>, #EMthFH MdeploytFao#Ett, % Eclock rate, 1t
T T HAMh K EE 2R

when Timer
b — when WebServiceError
(=N TinyWebDB1 + Rel-E 1]
tag | 3"
set r (B music.wav [
(1 global hour ~ KGECETN Clock1 ~ RIS
instant | call Now
=18 global min ~ 1N Clock1 ~ BV NG
instant call [FEEAES .Now

when I lebDB1 ~ Mel\'CIIT
tag B | va
col L global stage_num ~ KC)

L=l BT global timenow + GG

—
-H B global timenow v )
'
.74 global time1 ~ RGNS Nllrew . global &5 1 - |
SENERE T global timenow1 - IR ii] 60 I i global #531 -
-1 global time2 « [ BN : = ('-.}2-
S G global timenow? + I sl L2 global %5732 ~

ot

+[-11| global timenow ~ =2 (=11 global time1 + Land - -4 global time2 ~ M = ~ B85 global timenow + '
then | (o) if "1 global model - f| = - I true - |

then [ () if : T : 7
S8 giobaisage num - | - - MW -2 1 goba stage num - | - - MELRE

then | call .Start
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LEAIZHE, ERANFKEAIATIEENERR, NRAMEEREMSstage
thEEwake N ZIREREH, triZHIBT—EEMREE HMEEE, M
R B FNRGERMFRE, thEEREUMER.
appRIRR ARG A E 5 ER), MERFREREF 2R BEset¥ EHRE, unset
AERER RN —RFEIERR, ERRERKRTAEBHstophiR ik
XEHERTR

stage:

BRERR RERER

BB S 9 AM PM B Bt 4 4

+—. conclusion

#& FHEDF[expanded]database, F{1{# Fimif&machine learning A 2R E 1E

automatic sleep stage classification, % —1{E2 & {Etraditional learning, Ztfeature
extractiont{99F&features, A% {#E FAXGBoost modelE {Ftraining ; & B E {Fdeep
learning, EfE#Fraw dataE {Einput¥ACNN modelE {Etraining, RRIFE S HIZERESE 2 7l
%0.835820.86, {HEFHMIMIEmodeliE 2 &AM Rstagel i, BHIFELHIBERREM
L Kstage2, ExZEIEmodelE A FiappFliE LHE, BIEAERE UERRES
EikE, RERESHERRRE, BRERGRHEHEDETTFHIBERE,
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