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Abstract

Sleep is a basic physiological need of the body to ensure growth and development, save energy for
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the body, and maintain immunity of the body. Accurate assessment of sleep quality is the key to
recognizing sleep disorders and taking effective interventions. Manual sleep staging is time con-
suming and subjective when performed by experienced sleep specialists. Currently, researchers
have proposed a number of accurate, effective, and targeted sleep staging methods. For example, a
single-channel computer signal automatic sleep staging method based on deep learning and em-
pirical modal decomposition algorithms has been successfully used for respiratory signal (RESP)
sleep staging, which provides a new way to decompose respiratory signals and identify sleep
stages automatically. The data set used in this paper is from SHHS, which is a central cohort study
to identify sleep and breathing disorders in a database of cardiovascular and other conditions.
First, we analyzed the single-channel respiratory signals from the SHHS database to better under-
stand human sleep. Second, the pre-processed respiratory signals were decomposed using an em-
pirical modal decomposition algorithm (EMD) to extract nine features in the time domain, nonli-
near dynamics, and statistics from the original respiratory signals and the six simple signals that
were decomposed. Finally, a classification model was constructed using a long short-term memory
network (LSTM) to classify and identify the extracted respiratory signal features for automatic
sleep staging. The experimental results show that the accuracy of automatic sleep staging of res-
piratory signals from SHHS database is 89.22% and 88.43% in 4 and 5 categories of sleep staging
tasks, respectively. The experimental results show that the automatic sleep staging model pro-
posed in this paper has high classification accuracy and efficiency, and has strong applicability and
stability.
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ENER ARG, G U3 MR CERERE . BEIRFEAG(CRIR BRI ZREL W AN [ ZE 14 R AR PR I
i) e SR FRIEHEAR A RAR . ARG 2 BahG . B R EE 2 g AAE T 2 i fa H R R 2 —
(1] DRI, St e AR R 2 P 7 A0 VP At DA R R AR 5 A SR B R U4 it 1 K o

e gk, R AR 5T VT AY 32 B B T S S, (R AR I BRI B 8 T A B D3
57 52 ) 2 S RER B (PSG) H A i FEL I (EEG) (B 5, XAt T % FH B & s it == LR IR IR B K 1)
LA Il SN A O PSG (1) EEG 55, MALE TGS, FONATEER LLERA
[ (R B B, AR A] DAAE RS A () T A e 4 Rl 3R [2] 0 XM VAR E F T-#% sl AN IR (10 T) BE T £
fi . BBESE A BEAR (R RN [3]. AT, B A 7512 Wi R AR B A5 PH S IR 1 1 2 A 0 B gk AT
AR B2 BA[4] [5], AR AHENRPE 5 o BARA IR 2 AR iR R 43 BEARPY B, H 55 I A2 DY S BEAR B B 18
B ALFE L (Wake) . R BEHR(Light Sleep). VA MEAR(Deep Sleep) fliki% iR 5/ (Rapid Eye Movement) [6]% F—
S R 4 (1 0, LR HIR A B o T S 2 FRATTAR 9 () B . 2007 45, AR 4 AASM LI (American Academy
of Sleep Medicine) \AiT] LAFE— N NFIZETERI /3 B = AN AN FE RIS A 23 RIS EE I (Wake) . JEBRGE AR 2 1A
(N1, N2, N3)F1d s AR 5 3 (Rapid Eye Movement) [7] [8], Hidt N1. N2 1 N3 3 il 4K 2 375 il 11 3] b A oy B
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SIS VRAERIR AR . D T SE A T A R A BEARIR T, FRATT N 10T A AT T A A R AR Y B 1) 22 5 e
R B (PSG) AT 2= M i e, o i 48 1, i f B(EEG). O HLE(ECG). HRHLEI(EOG). NIHLE]
(EMG). MHRf55% ., fE3T AASM FUIR[8], N PSG HF [)4F 30 FhAdi4h HiHRAR 73 K FR2E(W, N1, N2,
N3, R), AFEFRZAEAE FIHEIRIRAS[9] [10]. ZR1H, PSG AWSCAE A 5 55 25 2 B MEAR S50 = F ph e
IRE R M. MAk, RSN TP RER . RN ELVFAr et 5 2 IR L X £ R .

N R BRI, SRRV 2RI AR BU0 T oK BER B 3170 88 . B 5 A 1FH Sleep-EDF
## % . Dreams Subjects 4 B SHHS Hdf FE M 1 BEHR [ 2 70 IR, BARHER 0% 1 fios:

Table 1. Accuracy of automatic sleep staging models

= 1. RERR B RIS BRI R

e Torsk

Kl e I 8] N | TR R
Sleep-EDF 2014 Zhu 88.9% 89.3%
Sleep-EDF 2016 4E Hassan 94.36% 93.6%
Dreams Subjects 2016 4F Hassan 83.78% 78.95%
Sleep-EDF 2020 4F Liu % 93.1% 91.9%
Dreams Subjects 2020 £ Liu %% 86.4% 83.4%
SHHS 2020 4£ Liu %5 87.5% 85.8%

1998 4, N.E.Huang. Z.Wu %523 1 0K EMD (G5 s i) 51N B B X 327, FE LA A3k
fih, JFR T —FiAE . HA&mE RGN B G NS B SR A v, AT DU Rl SE P B 2R 1)
et PRI EEE AT [11], LR L (EMD) &K E 5 0 il i — L8 515 AR I 8] R (IMF) 7 |
fEi15% IMF - B R W ES, FPmMUel — M ERE SR PESIERE. 50BA
[F], EMD 53 il sk T35 R SERRIB L, REAE SIS AN IR A48 Ak 0 PR S5 ) Bk e 7, 33 07 92 FH T g ok

HI AL AERIEME S, REBEH TR . H 1998 4 HH Huang & XH H PSR, EMD(H54U
BARAE) —EH2ZR ) ZREM, FHCLE IR R .. XA 7 VE R A T 70 f MO ise 8t 1
R, BRI I X R AR BTN T, AT AR [ A A R R A X PO VE BRI AR B A A U
BIEAKIUZE ] R, I H R B AL RS e BRI R R I B3 SR AR e 1 [12] 6

5 EMD A, EEMD #iI i Kr) BRI IR, EAMNARMA R Z 0. Ak RNER,
1M ELIE eSS HERR RO TR0 AR S 2R 00 AWTRJER . AWl iE g, Fik, EEMD CLECh—Fiil
WM mA . R . Z4ER . B2 0E BAAEEAR

FR, MJEIERFIRAS 5 A5 il R 6 AN ERAS 5 g O TGt WA S 7 1 9 M
i FAKAIACIZ FIE(LSTM) R R 0 A58 . 25 AR BATR I, %+ SHHS Hde & v i 45 5 2047 4
AN 5 RMEAR S JARIAE S5, FRATT AR R A 28 43 Sl ik 3] 89.22%, 88.43%. AT (IABE 7R (R vHEffl FE 40 Jall i
$I] 89.22%11 88.43%. iXFiH s 73 ALY BERESS e Ik N T JHRIAEIR , X RS HRPLoM A B AR AL,
FHORFF RAF 17 G FE

AL TAERFEME 1 fim. B9, BAE SHHS £ 4 1) 6000 ZANFIAS 5 0 AW, 5412
WNZRA, 32 BATTHE R BEAR B BB M LI 85% (1T WFIR A 5 RFAE R AR BRI ZRAE , FL AR 15%1E il it 4 .
FUk, FH VYR ERRR AT IE I A PS5 BT T IR R AL B, B A IS 1 R EE(EMD) 7 iR 6
AR S5 F0 9 MNMRFAE . FFAEME SN LSTM 43 B8 vh ik 4738 SCIGIE Y SR AR . REIESREUS,
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Figure 1. Workflow diagram of this paper
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Figure 2. Raw respiratory signal and filtered respiratory signal
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2.2. WHETRALIE

T, R 4 B CURRR T i o I 3% (Butterworth) X 73 B 45 1) %% 30 F2 JRLURIFIRAS 5347380, H At
VPSR IEHETE 0.5~50 Hz [0{5 5 i@t Huk, BT NS AT 7E S - B 1R I ik 2s et
A, K EARRR I S B SR S G S A N AR R L . SEER R, T dbd ANEEEERREHCH 6
I 2R s [13] (1 2)

2.3. ZWBSHBELEMD)

22 A 30y R A 5 A DR A 2 0 2 M B T) ROBE SR AB /N5 5 I BRE P . Al BHRATIE K
EIH EMD [ 7ok 2L T RERT IMF (AR TF).

LB 7 AL (EMD) @ AT PS5 7 R i — R FIRHE R B R EE(IMF) 73 &, 615 % IMF 4 &
HEABARPIRICE, HHAEBARAIRRE. B IMF 22020005 2 NI & E8ME5KE
Fy BRAE SR S B E AR ECE B2 AR A FEAEEEZ, B ORE U8 S RS 2T
FH AR /IME RUE I N B LR IFIE AR, S S T8O T RIFX AR . a7 5 i i’ — 4
HREESHRRE AR BG5S R . F/NE A, EMD 779542 56 AR5 5 5 A% & Sk e 75 2
SR 2 IMF, RIS I B HE R .

EMD 50 it FE L SRt R At 2, EMD J5 925 i S B B3 2 AN AR 46 F it A

1. (E5 2D BAPAEP/MRAA A, B3R R s KA A /M

2. TEPANIR S s 8], N a] RUBE A AR AL 2 520 B ATT IR RFAE

H T EMD (W77 2 FIE R, 7 i Eal 2 5 TR I N EdE S . 72 EMD J7i, HdiE X(1)
oA IMFs, ¢ [12]

x(t):zn‘,cj +r, [@h)
=1
B ry ARERE X(OMFRARE, 7EFRECT n AN IMF LUS . 10 n AN IMF MR 7R — A FIRIE . A ESE R
EMD 70 SR A0 T
1. B HTRLAE S IINME AL IER M S HARMG A G Rl — 2% BN, TR I 58 5 1
(O TP/ R

2, B BN, FRATATCAFE HAE ML mOKME, AEHHEGES f(ORE mt), &%
2 E) HEP A IMF.,

3. Hig bib, BT H - TBARE IMFIEE AL IMF A%, RILAUR BHATE ——
&, HZE SD BB MR ERIE, —MokE, XABI{EMIZAE 0.2~0.3 Z A, 24 SD IR TXABMER, 4
AT ELE AT Hy(Q#EATEE — 28 =MD IR XS RIS — Ml 2 2 RIS Hy() B2 IMF [14].
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Figure 3. EMD decomposition of respiratory signals
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2.4. FHEFREL

EA S, AR T RIS S, DA TRAL R 3 A A A L i R i 6 DRSS 5
B9 ANMRHIE: HWEME). WE(SK). IEE(KU). TZEZ(Zer). BEFIE(PE). FEAME(SE). RiGETEMHA). B
ZREEHC)FAENTE(HM) . € S(n)(n=1,2,3,---, M) A—BS a7 5, N4 H Bk 9 MRHEREC € Lo

2.4.1. ¥{E(ME), 1R (SK). IEE(KU)

BEME)FITT 2 (o® )&% MG, nTRamEREdE, @RS, (H25 5528 E i m .
ﬁFf(SK)TWﬁﬂé@iéﬂaﬂziﬂﬁ‘}:ﬁ%ﬁmx SRREEE, FHREAT-05 £ 05 2, WRWEIEEA
BRI IR o U FE (KU A2 %o S AR B PR =2 43 A W AS TR FE [ 15] . KU ] DA IR 0408 23 A1 T 25 1) BE G A%
B, DRI T DA KU SRAS S0 43 A0 (1 IR 1

ﬁZ (n) ®
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SK:%i(S(n)—ME)B )
O n=1
1M 4

KU :?;(S(n)—ME) (6)

2.4.2. TFE(Zcr)

X F RS HUE S, GBI R P 27 3o B 1) 4l ) (R BORR it B 3 (Zer), B RAS 5 R A SR S AR
TR AR BT S AR AR [16], Zor Rtk O 2R, Zor K, MENIFOARER Bk . Zor BOTHE
LA EE R (7)~(8) KK -

1 M
Zcr:—M _1E¢R<O(s(n)s(n—1)) 7
Horbr g o NARFREREL 8 SON:
1,s<0
Preo (5) = {O, $>0 (8)

2.4.3. HANRE(SE)

SE 1 Richman. Moorman %5235 7E 2000 4F4& H, B nT DASE Ak b S B H 6 (8] PP B0 0 &2 2 1, HLvE
HARBEIE KL . S5 m A r (AR RE AR I s R AR ], (R, SE BAAIRLFI — 3. SE
B3z B T i LS 5 AR A 5 S 8] P2 B0 R 3 BT [17]

NTIE SE, HAKMANGS S(n)MEEMENIM —m + 14> meEE D, (n), WO)FR.

Dm(n):{S(n),S(n+1),---,S(n+m—1)}(n:1,2,-~,M—m+1) 9)

iR d[ D, (k)] 5 SCA T D, (i) F D, (K) 2 TR R B 7 36 22 M 45 (B ) iR B, A 3K(10)
H1h=012, M 1

d[Dm(i),Dm(k)}:hzoquMJS(i+h)—S(k+h)|(1si,ksM—m+1,i¢k) (10)

B, () 1 A,y (1) 7305 S m Al m + 1 4 F A v e o PR B AN T90E 2 80 r ) o0 ) B
SE(S,m,r)=-In(A,,,(r)/B,(r)) (11)
Horbm R EMAER, Aocrh, r BENARHEZER 0.15 5, m REN 2.

2.4.4. HFIE(PE)

PE J& —Fiotf (5 5 1ol 89 22 (LB A TEOR UL (30 3 2 ARG 755 7T EAPRE MU 65 5 (1 R
I ZI L, AT AR T AR — MR HE[18]. B, WEKANGE S S()EMN K AT P FUIAERE
Cup o FIR, XIHEFE Cyp IR —1T & ¢ HILMETHFHES, WRTHFHIISE AT IR & v hTERE A& ¢
ot R A B P41 1D, Biltn & ¢ = (8,7,10,3) , FHFEHESI G v =(3,7,8,10) , HEIALE 7510 ID=(4,2,1,3) .
Bns RS R E RS IKECS P MAEHRFIRHE & (I<st<L) . A3, P RltE N 4, M P
(f14=HES N 24,

PE=-Y 5 In(4) 12)

2.4.5. Hjorth E¥{(HA, HC, HM)
Hjorth [19]1ZH G shtE(HA). B4 MEHC) MBS SIPEMHM). BT B AL, FRATAT LA 48 Hh
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R RPIRAS 5 BRI . R LSRR AR R
HA =’ (13)

[T wJ

HC = (15)
J(Tz_f<8'<n>—§>/< o &

Hef, s'(n)®RS(n+1)(n=12--M-1) M S(n)(n=1,2---,M —1) MR EITLEMZE. S’ S (n) T
P, ME & S(n) FPsfE. FEE, S"(n) s S (n+1)F S (n) MRifr BT M2, S"&S"(n) I
fH. HA SXhr LRG58 o? , HM AR TS, HCAURIE S5, Bk, Hjorth ZHIERE R
AT 5 78 I SRR E A AH R S B ATUSCRFAE [18] [19].

25. REZE

A, AEEEIRI B> 9 5 Z5(AWA, S1, S2, DS, REM)A 4 25(S1 M1 S2 4314 LS). IATH 23 21471
30 PP I 4G PR AN 3 A A B0 ) 6 AN ERAS 5 40 BIFEHEL O /MR, R & — 1T 4E50N 63 I &,
FORRAE ) BN LSTM 3 2R AT 22 XIS AE N ZR A0t o FRAE B , [ 5 %38 IGHIE X LSTM
RIS AT FM . FAVEH T H R 7R, —Ma2 s AWA, S1, S2. DS il REM5 43, 7
— PN SLAI S2 AN LS, ME 44K, RN TEMNEEE, A0, FRAMEGA IR BB L%E
$£ 85%[1 PP IR AF S AHRFE R A L ZRE,  HoAx 15%E il 4 .

KIEHAICIZEE LSTM

K5 I 12 2% (Long Short-Term Memory networks, LSTM)J& —F5 2k ) RNN. 76 A\ T8 fEATIE,
LA RAEFETE F S I, AT 25 A TGN I 26 RN & — M G 12 A 2 i 2,
T A E 5 #E[20]. RNN TRV B S RGHIE R, ARG AN . FIE%, RNN 2L
BOTEP)AE, Bl NHBAESRE, HFHERREKKR, MK 2 EE LE, R KEIREN,
BTN R E R 2 an R RNN 9757, RNN R BAERTHE, — BRSBTS IR7r, KIVNIE
N B PAHERT AR S XA AR o RN TR K, RNN A REAEA
SR, TR R . SRE MR RE SO RNN BT 7 HoE T, Rl 7 KECiZme, i
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Figure 4. The repetition module in the LSTM contains four interacting layers
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Hochreiter & Schmidhuber (1997)5| Ao LSTM $& 1 H B2 T f K B/ I /5, $et)1& 3, e
PACAE B K ) B 1) 2245 L. 5 RNIN 5 /R [R], LSTM (AR 28 28N 24 . LSTM A =M1 458,
IR, AT TR I [21] (1] 4).

gﬁ‘—ﬁ:

LSTM [JEE— B e P BATEE MR AN R b B B . XA & — “BRIERE”
sigmoid 2 ¥, XEHEE] T LSTM K158 — Dt o BATE NI LIRES h ZHIRL(E . BRI —A
hea FUSHTHTH X0 HOWRES Co FREAN T TR — T 0 F1 1 2 M7, 1 s RE”,
M0 FR “EAER" ENARFR TSI TAEREE,

f, :O-(Wf '[ht-l’xt]"'bf) (16)

P

-y
LSTM 58 B 2 e AT MZA T FE FAE AT LE M E S . tanh BREUZE 0T UM 81 H M & 2
HEMEREER, 1M sigmoid EMEUZE N AT DUARYE F ZE i E L, FHARRERRS. A—TFTAR
KfRE— T 2.
i :O-<Wi '[ht-llxt]"‘bi) (17)
C~t =tanh (Wc '[ht—l!xt]"'bc) (18)
=
HSEsg = RGP b gE Aok, T AN EERAIE EERIERE . BALE—BPRE Cuy
FONHTPIRES Coo TATE P HPIRASIRLL f, il TERANTZ ik e S s B
C, =f *C_, +i *C, (19)
P
7E LSTM 28 =20, FRATHR EMeE AT NS Atk, FAIFEGQE— sigmoid &, ©&
RS FRATT I 75 SRR e W e Py 25 7 Bt . B65, FRATTAT DAMEH tanh pRECKR T ok KRS, BB
5 sigmoid TR % AR LEAR, M A8 B 2% B % HE N 2.
o(W,[n 1 x]+b,) (20)
h, =0, *tanh(C,) (21)

0

2.6. BEBEFEMN

LSTM 732828 1L T LA I T30 70 R e 22 L R e VAN R BURER VP AL o HERf 3 R IR IE R (Q) &
X AT AT SR A S B (SUM) Y ELAE -

Z:Qii
accuracy = == 22
Y= oUM (22)

e . TN
specificity = —— 23
P Y TN +FP 23)

_ TP
sensitivity = —— 24
Y= IPL AN (24)

Hrr, True Positive (TP), FEAHESLRAZEIESS, 4rZADE HF y IE2E. False Negative (FN) NFEA
B SR AR IES, 4r ALK LTI 7125 . False Positive (FP), FEASIELSZ 225, ALK HT5
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WIIEZE. True Negative (TN), FEAIELSLFZHIE, 7 RBALKE H RN 125 . kappa F2 %08 & 4 H
KA E SR AL ST 5012 2 18] ) —FE . Landis 1 Koch 25 AIAA, kappa 30k T 0.80 1402558 A
HHAETEEN 7 HHREE[22]. K 5y SHHS Bl FE 4 73 BITRIE R, XA LA R R 7 280012280
TR TERA N B — SR TS IX AN S B SR AL, il NS — 1 m] LAAS W EARE A%y 2455,
U, REEARE(SUM)NIRIEHFE 4 FIREAZCZ AT, SUM = 4556.

The SHHS database 4 classification confusion matrix

True value
nfusion matrix

Confusio a - S NG
Predictive w 2342 13 3 5
LS 82 1064 57 109

value

N3 4 86 295 1
R 27 103 1 364

Figure 5. The SHHS database 4 classification confusion matrix

5. SHHS iR 4 55 LHUR B

DLW A, MBI RERES — S A 15 W 3L 1000 MEAS, g 2342 ANFEA B 43 JR R )
W, T 82 MEAB TRy LS B, 4 MAEABE TNy N3 ], 27 AMFEABE SN R . Rk, *f
T W X AN TP = 2342 (IERA TNy W IHRIAEAEL), FN = 113 (W A% Ty e S e A R) -

MBI RE B 28— 4715 tH 2 BN — okt 2363 ANFEA TGN > W HA, J A S0 TE R 1A 2342 MFEA,
M R LS . N3 WA R T8 WAL 21 MFEAR. Rk, xFF W XA FP = 21 (K
BB R TR W IR AR TN = SAEARE — (TP + FN + FP), X T W X 25 TN = 2078,
B A1) M (22) i F H WY specificity = 99.00%, sensitivity = 95.40%. ACH, 4 2501 5 SSHRIR 7>
Wit A28 590 1 specificity F1 sensitivity THE 45 AE & 2 F14 3 .

3. HFR
3.1. PRERI

N T R RL ) A S HERA AN B L S, AR E ISR AT A B, R R IR 2
R S (gamma. BIRFE. 2303, Mo FIREARZR, FREARR, IIZRIRE). A3, X SHHS
HOHE PERFIRAS 5 EAT 5 280 4 SRIEARFY B 73 S I HERA AT kappa REUNE 4 fis .

M 4 HAE T LLE 4 50 RARBAL L 5 2 R B T Ay FMERA 26 . SHHS His FEXT . 1)
4 5y K IUERIZE N 89.22%, kappa 2% 0.8412, H. kappa ZE# KT 0.8, HEHRE Z AN kappa HUk T
0.80 ff17r s A B 5e £ M 3 Kb JE .

Table 2. Sensitivity and specificity of the four classifications

2. MR RYEMERE

I 452%
EAE/ L w LS N3 R
SHHS R 99.00% 92.46% 97.83% 96.79%
R 95.40% 84.04% 82.87% 75.99%
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Table 3. Sensitivity and specificity of the five classifications

*® 3. AN RMRPEMFFFRM

For
HH e AWA S1 S2 DS REM
SHHS Res ik 99.01% 96.27% 96.06% 97.27% 97.84%
REPUE 94.50% 45.45% 84.43% 91.18% 69.55%

Table 4. SHHS database sleep classification model accuracy and kappa coefficient

52 4. SHHS BiE EERERR 43 AR REFHZR AN kappa R

B g Eie N
HERfR 89.22% 88.43%

SHHS
Kappa &% 0.8412 0.8238

WL 2 FIFe 3 A3, TEMEAT 4 43R 5 S R seab b, o SR Xt B AR Y B 11 1R 0 A 4 R TS
SEAHREAER,  EL o SR X W1 8 SR AR S i . SR, Sl 3 A5 H 4 AN ST AR
B RRBUERAR, (HXF AWA, S2, DS HEARHY B SRR RIAE T 80%LL bo (R, sRihss Fik—
IR T AR SC 5 FAR R 10325 3 i FH P R e v

3.2. BHHEEEM ISR
RRAE X BERR Y B ) 322 B R EE A Rk, 75 ESRHMER) E E I T 1 AT [23]. 15 S 1855 &

0.14F The Sleep-EDF database feature information gain graph
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Figure 6. Relative information gain of Sleep-EDF database features in the LSTM
6. LSTM H Sleep-EDF ¥4EEEHHEA X5 2185
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Figure 7. Relative information gain of DREAMS database features in the LSTM
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Figure 8. Relative information gain of SHHS database features in the LSTM
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PR IE R B R, & DX T 85 B M b Bk i,  LUBIRR, RPAETE 2 A8 vh (11
FHREE T, Rk, ACiHH T Sleep-EDF ¥4 % . DREAMS Subjects ¥4 7 1 SHHS ¥ 72 frt Rl
S5RHMEMHA. HM. HC. Zcr. ME. SK. KU. SE. PE){JMIXHE B 1825, & 6~8 fis.
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TSR . FIR A1 H E = AN B EE R IR R I RRAE 2 (ME, KU),  HG2HiE(SK, PE).
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WEIRAS 5 (1 3 AR AVRFAE S U SRASHE AR B AR VY 7 (R DG 8 . ZEAS SO, FRATE EMD R NFRZR AR
SRR (0 7 T A BRI —FhIE R, R —FET AL B AR AR S TR . KB O TN SRR X R i
FTTRACHE (S8 . PR HITE R, % DREAMS Subjects #5045 ¢ FH I A5 5 3E4T 4 SR 5 2RIEIR 73 7 °F
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Feoh FUE A TGRS S 4 DGEHFIE[24], B ME. HA. SK Al KU, ZRT20 38880 KU R T4 R
BT 4.24%. Z B0 T8 )5 1500 Wl A 500 PE AR AL AN S0 B0 B 3G 0, HERRRIE T, RO B R BRI
SR, AR AT VAR 2 0%, ~PISHER S RIETE 90% /8 A o SEINEGIE T A SCHIF 5 77 155 1 m S 0
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A, SZIGHALFREE N Intel(R) Core(TM) i7-8650U CPU @ 1.90 GHz 2.11 GHz CPU 16 GB, i
F1'7 Matlab 1 Python B4 T B R 5ERLSE S . FRATIHE— A 30 FPIEIRAE 5 (1 4 A A 43 58047 T RERS 1154,
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