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An Electrocardiogram Signal Classification Algorithm Based on
Improved Deep Residual Shrinkage Networks

GONG Yuxiao, GAO Shuping
(School of Mathematics and Statistics, Xidian University, Xi’ an 710126, P.R.China,)

Abstract: The electrocardiogram ( ECG) signal classification is a significant research topic in the healthcare
field. Most existing methods could not effectively reduce the missed diagnosis rate of classification with small-
size samples and tackle the complexity of preprocessing operations. An electrocardiogram signal classification
algorithm based on the improved deep residual shrinkage networks was proposed, namely the DRSL algorithm.
Firstly, the small-size classification samples were augmented with the synthetic minority over-sampling tech-
nique to solve the classification imbalance problem. Secondly, the spatial features were extracted by mean of
the improved deep residual shrinkage networks, where the residual module can avoid overfitting caused by
deepening of network layers, and the squeeze-and-excitation operation with soft threshold subnetwork can ex-
tract important local features and remove noises automatically. Then, the time features were extracted with the
long short-term memory networks. Finally, the classification results were output with the fully connected neural
networks. The experimental results on the MIT-BIH arrhythmia database show that, the proposed algorithm is
superior to IDRSN, DRSN, GAN+2DCNN, CNN+LSTM_ATTENTION, SE-CNN-LSTM in terms of classification

performances.
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SRAET- I N i tE RE T A%y 1730 L0 s A (electrocardiogram , ECG ) DA H:fj B8 JC A A 47 45 e
L T2 W28 RO JIEE S FIUINCo 11 38 95 R RN AL T 38 HAS W B M PR I 2B A7 A0, A AU 39 30 18] A1 48 2
PR, kA 1 BRI M2 5 R LR B —Fh s R R RIS R 00 i 5 5 0 Rk BAR I
B,

FAT, FNAMFSEEITE S 7 205502850, vl 0 5 TUHOR RS BOB R ERITR 4~ =
RETWILIE S B R RO R E R P T B LA QRS B RF A ESEA T/ 280, 2=k ik 250 il
FIBS 520 QRS RFHEATHER S0 T A RS B, I HIASOR 0 28 1l 22 I 26 b0 2K i iR A7 IR
B TE 4 ORI BN B T 95.87% WA 58 (H 12043 28 B X R P 0% MR SR LA, AR T 1 T
LR IEFIIERHE 50 2500 8 i B Y S AR IE D | Hermite AL | /DA 7 AF 5 AR B0 HLAS 5
FRAE , P i 22 )2 JBNHLE 32 K5 7] 8 AL ( support vector machine , SVM ) &8k 17402545 U1, Mondéjar-Guerra
SR LN AR SRR AR ORI W SR T RAE HEA TR AE BRI, R SVM E1 70028 7E 4 F0 i fE 5o
KRBT 94.5% B HER AR AH M P RA LT LA Z R B AR, H &R 2  WAR T2 W 15
B TR BE 2% 2] 1 3 S B SR Ao 425 o 38 o P P 28 I 28 A7 9328 LR B0 I RRAE S B RE ) Rz AL g
77, 8Ok BT IS F RS B 4 ) 45 ( convolutional neural network , CNN) 5% 22 W 4% ( residual network , Res-
Net) KIGHIHCIZMEZS (long short-term memory , LSTM ) 25 157 FHAE Ly AR 53 28400 b 491 RIS 45 2 10 T
—FhIETF GAN FI 2DCNN (.0 LS 54025555 (GAN+2DCNN) |, %5 30 1 GAN 25 pll i85 5 & e AR, 52
BT 4 P R AR S ST | SIS0 IE TR AR 2 ISP B 4 5 4 2 PE B Sowmya S5O R HY T —Fl
JET LSTM Al CNN TR A28 R 25 o A UM (CNN+LSTM) |, A B i) LA A Sh 2 R -5 1 25 T AR E
A ENRRAE , 2R 00 UE T H B — CNN BRI A 202K P I Zhang " $2 1 T —FPJEF CNN A1 LSTM_ATTEN-
TION HJIR-G M2 M 450 HUE 5 70 I 05 (CNN+LSTM_ATTENTION ) |, %5532 75 T4k B B B ol FH /) 9 1 {2
oA B DB R R (synthetic minority over-sampling technique , SMOTE ) #4725 M b 3 15 #f A S 51|
i IR IIPLRIHAS] LSTM | Ay 8 BB [R]RAAE R T 4 KA, 76 MIT-BIH (O R # 8C e 1A T 8%
TR o 26 Pk . S0 A 450 H T — Fh 2 T SE-CNN-LSTM A0 AL A 5 18 ) 80 3, 3% 0800 08 6 4 9 b
( squeeze-and-excitation , SE ) BEHL it A F| CNN 1 LSTM 3470 B (5 5 192025 76 MIT-BIH Oy 2% 3 B0 g
IR T 95.8% MHERG A T CNN TEIRJZ P 48 451 v ifs B 2R it i 27 > 240, B By Hh B0RE B2 2
2RI G 1 25 B W ] ResNet 10 CNN HEA 725 [AIRRAE SR I, H AT DADSER VR B2 X 245 1) )11 e v
BB, Han 25 H 1T —Fh 22 00K 22 4 28 R0 45 00 B LR BB ( ML-ResNet ) , % J& T HL(E S 1 £
SHE PR T RIERNZALYERE  7E PTB BRI S T 95.49% BMERG R AR HE HOR gk 25 A5 R RN B
FIPLHNES G AT O HUE 326 (ResNet+AM) | HAFFIVE R I AILHI D T ResNet X AT An[ 37 B RFAEAH 7] 40 28 1 1)
R, RO 1 AREAS B0 /0 A0 28 1 e
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1 FHCHELBHIR
1.1 DRSN
AT ISR VR JEE A 2 D 4% DA W 7 A5 v SR IBCR AR AE A BE ), Zhao %51 DUIBKR 22 I 46 S Sl fl A i 7
JIBLHI AR (PR AR, 2 15 T DRSN, HASHY AN BT 1 77 12 I 245 235 ) 2 7 28 LB 2 I 2465 1) i 11 2 T ER A —
AN 457 580l N R A Ak 7 Do 245 e ResNet 7" T LA ke 00 265 22 - 50010 s 22 904 2 /R ) 4 3R £ 1] L SE
P2 101 38 g 2 S TEREAE 9804 S TP 8 S P A DA A ) — . {1 R 50 e R A
fIE'E 0 0 SEHN M R TCAR G B A ] AR SE B R AN T
(D ResNet 284 fifi HHEZ P72 B F0M L) ResNet 27 2 38245 E, i€ ResNet BT ASFIE N X = [x,,x,,
] X € RV RN U = [u! e ul ], SRR N U = [, u,
u,],U e R"VC B SE BITHHI AR,
up=ve X, uy =v, xU', (1)
Hrr ) HoW, C 53 53R R AR R 0 5 BE S8 B2 MR IEH; + RGOS v, Mlv,, 43518 W & R — 4
LG,
Q E4EHRAE F,, XA R A S 2R P2k ( GAP ) K BT84 42 Jry 28 AV RFAE S8 i 2 (8] 48 72
H' X W' T4 5 OB E R AT IZ R AT 1 GE T HE B3R s MO8 1Y 4 R R iE , AR 3] —> 1 x 1 x ¢ 13838
St A A NS C ADILRITEWNT .
A, :qu(ucqu,in ;ucu,j), A e RY. (2)
@ WhEAE F, GBI sigmoid WS ITA ML X E A 2 ] A AH DCHEEA T A5 300 B 3 T A (5
T a (A13(3) FR) Ry 1 BRIEERL Y &2 22 B DL R AIZ AL RE T, (5 FH P> 43 32 FH TR 2 A - 4.
a=F (AW,)=0(g(A,W))=0(W,8(W,,A)), acR", (3)
Hrr, 8 24 ReLU Wit W, W, s 5EBRAEFITHAEZ I 420 S8, W, e RO W, e R r Rkt
JEREAET L S BN TR
@ BEITA BEIERE A, MBS o, FBUGENZEIE P BE ¢ (X (4) Fiw) , NNiFE 2158
W T = [1,,0,,,te) € ROIZBMEZE MM A £22 208800, EATZER AR T,
1 5 A0 5 SR 0 0 R P AR B R O, 348 5 T R T %8,
b =QpAp (4)
© WEEAM R REU FECN 1350, 7R 28 2% v mT LA ZCH T LB A6 B T 2 A FH I 2% D 52 )
BRI T X5 2EAG R U BEAT R AL B (X (5) Bzn ) AT BROCHR 70 A AU B 15 31 25 B
PR ZERHE X = (%, ,%,, %, ] , X € R,
%o (1,7) = sgn(ue(i,j) ) max{ ‘uo(i’]') |- te,0}, (5)
Horpsgn () RS pREL
© SHVEFIE 2 BRI T 22 R AE X R AKHIE X 45 4 IS4 HURHE X (M3 (6) FF ) 24582
BEE S O I, F20T 2 A B, LR 2 B2 P02 12 0 VA T TG AR 1 25 3 R ).
X' =X+X, X e R, (6)
1.2 LSTM
R T SR TRATE P 2 O 45 T 2 BB K AT A 1) 5, Hochreiter 55 421 T LSTM #578 HB| AT
I IR LR 20 PR 25 AR LSTM BT 85 44 AN 18] 2 BT/ LSTM BT Hy = i AS [] A9 1 R0 19 b AS ] 4 bR
SHMCHATTL, BIST1f, Bt o, 2UHDIRES ¢, MBTCIRES A, L AL i, e BREe 5 B R IZ 84 N
FI Y RT A AR 5 38R f, TSR B S — 20 AR ZS b JC R A5 2 S 8 1T o, DR S i 240 B AR 2 rh i 2
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5 Bz AT §, RN f, SR ST ¢ B2 GRS ¢, 5 FOAT T 4, BT S, R T 0, 1]
HRAE ¢ I 22050 S A BSORIR S R, JLSTM e — YR E B R A0 F .

f, =0 (Wyx, + W, h_ +b,),

i,=c(W_,x, + W,-h,_, +b,),

,=o(W_+x, +W, -h,_ +b,), (7)
,=fOc,_, +i,Otanh(W_-x, + W,+h_, +b,),

h, =0,0tanh(c,),

H | © & Hadamard 1, o A1 tanh AR PEETS pRER,

o

c

1
o(x)=
1+e™’
o (8)
—-e
tanh(x) = ,
X -X
e +e
—tr[—; xf’ hny,w7Wht’Wxﬂ’Wh0’ xc’th j‘:’*ﬂﬁ%ﬁ@ bf’ i oybc j‘ﬂﬁ%ﬁi.
1xW xC 4
BN, ReLU, conv
IXW'XC' )’
BN, ReL.U, conv
Em—— 7 —_—— ——y
IXI'XC' o’ absolute, GAP "; i :
: 1” i !
identify "BN, ReLU, FC |
shortcut I 5 : .
I 7 1xixc |
| sigmoid I
[

Aa a Xy 1x1xC’
soft threshold ? ® — e |

SE unit ( learning threshold )

1IxW'xC' /

1 DRSN Z5#4
Fig. 1  The structure of DRSN

R
c A % c
-1 t
tanh

B 2 LSTM HocHiBsst

Fig. 2 The internal structure of an LSTM unit
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2 ARSCHE Y DRSL 4325k

DRSN [0 £6% {48 3 2 107 FH L e o A 0 v, Ak 3 1 S LA PR S0 15 5, R B S F shak B, AR5 22
T R SR A T X A R (A B R U SR O B 5 S — BB YE L  0.05 ~ 100 Hz R4k
PRGN A B 5 R AR R v & 7= A AR RS TR T AL T4 S = 0 90 2 38 5 ZEAE T
Ab T A BEXT 3 I P AT R B PRI AR SO SE 08 SMOTE Xob/NREAS 2K BB H A TR 3 78, AR 40
S5 [ R S DL R H S AR S5 S AR R 2 b %) DRSN 28 53R4T et e G ] DA A s M s 0 i A3 5 P4
U R AR R ) A 3R BRME S B9 H A9 0K M E DRSN 5 LSTM 254 $2 7 —FhJLT IDRSN .0 B
593 K5 DRSL.

IDRSN HY45Han1&l 3 Bz, Hor IDRSN (a) W24 H T Hif Jm 38 18 50— B0t A7 F T2 O 2 FRAE ; IDRSN
(b)) P2 T30 38 FOR— B0, o] TR R A 2 i = B 2 A T

® HUAE 5B S B BRAE AL Y, 2403t £k 7T LAGE T HURAT 5 v B R AR A 1 240155 D i o | A 5 50080
e Lk H 2 ST RIS A 7E— O AT R A A FRREe g K B P 1T B R RS 00, SOTE R4 A P,
fifi F 42 de KAk (GMP ) AR R GAP (=X (9) Aitm ) , HoAg i) T4 G 38 500 A I8 44 1iF

Ap =F (ug)=max(uc(i,j)), A eRE. (9)

@ 5 IEF.0 B AF 550 I B i AR 80, A S LeakyRe LU #07 pRAICES ReLU pRER (4N=0(10)

FER ), PR ER O B AT 5 A B (B ARRAE LAkt 6 Do 285 Fr s i 2k
X, x=0,
fx) = Ax, x < 0. (10)

@ WO HEAGF T &8s, A NG Z AV GRE ] —4E 255 7 ResNet 84 b 5 BUZ 195 U
FNE(3, 1), HoT DIOmARa 2Rk 5 | 4 U1 25t ]

B 4 EUHLEIL T DRSL 4328 1 45 F i FE . DRSL [4% 3 2 i AJZ .1 > CNN JZ .10 /> IDRSN J2 .
1/~ LSTM JZH1 2 4 dense EZA N, B2 45 TR R A AR .

BAJZE LS .0 f O AR RO 5 SMOTE & G A0 8UE #EAT Rl 7 DRSL 9 2% i 4y AL H ]
DA I ZRREAS IR BB HERES W RRARARE AR S D i 2T i2 .

CNN )2 S A B OS] —4E CNN J2 1 max pooling J2#2 BURRE. g 1 8% 5 55 — R 35 AR HUAY
5B TE max pooling 25 1# H tanh pREVE R P4 PREL.

4

IxWxC )

,ﬁ” Ix1xC’
sigmoid

BN, LeakyReLU, conv (3,1)
IxW xC' /”
| BN, LeakyReLU, conv(3,1)
' 4 > ,ﬂ" Ix1xC' I
IxWxC 4 absolute, GMP
: FC |
7 Ix1xC" [
. 4 |
zero padding 1BN, LeakyReLU,FC |
/ |
I
I

y ’
soft threshold Q‘A_“l® o Yy 1xixC
=

1IxWxC' 5

(a) IDRSN(a) £
(a) The structure of IDRSN(a)

SE unit ( learning threshold )
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IxWxC —
BN, LeakyReLU, conv((3,1), strides=2)
BN, LeakyReLU, conv(3,1)
absolute, GMP /& LadxC !
: FC |
average po.oling | ¥ 1x1xC’ I
zero padding | BN, LeakyReLU, FC!
I P1x1xC’ I
| sigmoid I
5 |
DN Ada | a 1x1xC’
soft threshold

@ Qe

@ SE unit ( learning threshold )

1><(W/2)>< O —y)
(b) IDRSN(b) A
(b) The structure of IDRSN(b)
B3 IDRSN £ [A
Fig. 3 The structure of IDRSN
IDRSN J2 (U HLAFS B @ W ELAS [F) 2850040 Z TR 2L W] S 4 JRy B 22 55, /6 CNN 2S5 17 IDRSN

(a) M2 F1 IDRSN(b) 4% 28 B HES 1 10 )22 IDRSN 48 3K 2% 7 0 HL 5 5 1Y R S R AiE

LSTM )2
Dense 2

ECG

v

data preprocessing

v

input data samples

!

CNN

Y

max pooling

DRSL BB RN .

—_———n

DS S BA R Y, 78 IDRSN 25 LSTM H T2 480 L A5 5 A B[R] 4FAE.
ZJZ AT LALES LSTM 25 H i) 2 SRR AR A5 B Rt e & 1 40 245 51

IDRSN(a)+IDRSN(b)

LSTM

Y

IDRSN(a)+IDRSN(b)

v

IDRSN(a)+IDRSN(b)

v

IDRSN(a)+IDRSN(b)

v

IDRSN(a)+IDRSN(b)

L |

stack IDRSN modules

4 DRSL Bk

class 1

Fig. 4 The flow chart of the DRSL algorithm

class 2

class g

Stepl (BUHETALRE)  XbC UAE S BAE FEAT I — Ak, AR 73 51, IR A A A 2 001~ A6 45 oAb P 58 4 G
SR R RAEDT IR AR AR S S B A A ORI 2 7 < 1 2 2 A EERA 0 I 2R S0 e AR AN 4R

Step2 ( YI1%: DRSL M %%)

Y.

Step3 (115 P 4% )24 5 S50

Step4 (fiir Hh 7324554 )

K SN J5 1 I R4 £iHia i A 3 DRSL W45, 35l ] Adam fRALES EAT

W25 DRSL 2675 2 50 E A B0 19 Toss (B LA KRR 3 AR 4l H B AL
LA NI 4 P S BB, B BT D R/ oo o TR R IR ARUCRE, 2 ~) R A 1
SR I S S R M A R 45 S, 0D TG 7 T TR A5 3 e DRSIL AR,
Fe R Bt d A B 2479 DRSL B8 4521 79 2645
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3 SEe RHE R

3.1 HERIESEEIEN ISR

ARSI RS [ MIT-BIH OHJC 8 B4 Y B AR 7 48 A5HHH 30 min SRAEHIRHy 360 Hz
.0 AR S IE R A5 O AR Sl sk B2 S B AL, WAL & 2300 HE AT R bR iC A B T 102,
104,107 1217 3% 4 Z50HUE T A SR AR 3 8, AR SO 44 S5 s% 9 MLIT -SRI 0 HL 5 i )
VE R AR SCHIBIESE | I3 1R 36 [ TP AU A E P 2 bR ME (association for the advancement of medical instrumen-
tation, AAMT) **DRECMEEACH 400 4 R IR OBE(N) VE EMERALDBE(S) (EMERALLBE(V) A O
Bk (F) FARHpRAENER 1 s,

R AAMIARMERL K 4 FioCoF28 51 iRE A Bt
Table 1 The AAMI standards and the number of heartbeats in the 4 classes

heartbeat category of the AAMI heartbeat category of the MIT-BIH database expert annotation code number

normal beat (N)
left bundle branch block beat (L)
normal heartbeat (N) right bundle branch block beat (R) 1,2,3,11,34 90 004
nodal (junctional) escape beat (j)

atrial escape beat (e)

aberrated atrial premature beat (a)

supraventricular ectopic nodal (junctional) premature beat (J
P P J P ) 4,7,8,9 2778
heartbeat (S) atrial premature beat (A)
supraventricular premature beat (S)
ventricular ectopic premature ventricular contraction (V)
5,10 7 004
heartbeat (V) ventricular escape beat (E)
fusion heartbeat (F) fusion of ventricular and normal beat (F) 6 802
total 100 588

AR SO IR VA R PR LA R A3 S PR BE T F hmoxsh O FAR 5 4 SV RE AT DA, G v YR VA 6 I T LAV Wi
BUHE AN 0 I T A 43 2 5 R LR Ay M RE PP AN R AR A MER K (accuracy , Ace) | BUBRYE (sensitivity,
Sen) M5 (specificity , Spec ) F1FH 4 TN AE ( positive predictive value, PPV) .4 M PEBE U 48 b (8 15 Ay 2
T 1 3 EPERE M, H BRI AE Bn (B0 /A S 3 2R PR RE S i 5K, BRI HE AN T

Nyp + Nyy

8y = x 100% , (11)
NTP + NTN + NFP + NFN
N.
= % 100%, (12)
NTP +NFN
8. = Nox x 100% (13)
See — 0
e NTN +NFP ’
Nop
Sppy = ————— % 100%, (14)

Ny + Ny

X, Ny SEREA SRR T HARIER, 70 A SRR T B ARSERI I O8Ny SEREAR SRR T HARZE S, 23
RERAET BRI 0HEG Ny SRR SRR T HARIE, 0 R4 R WA R T H AR 0 0 4L
Ny FEFEARSIBRAE T HARSES, 702K 45 R T B ARSI L%
3.2 HHEFALE

Stepl (JA—1k) ST ERAN R 5 A3 s A 520, X O FAEAE HEAT min-max H—ALALBE, BT
LUR

X — X

x, - t min , (15)
x - xmin
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Hrr ) x, AOHBAESEUE, x,, Flx,,, 85000 AR5 EUE I S K AR/ M.

Step2 (AT D) ARHE & ZARICH R WAE BXLG AR S 3T 08150 E] B0 R 300 ASSRAE ALK
(R UEERT 110 RAFE AT, R IS5 189 ARAE AN , B4 O UL SRAY AT 3 M OFARIEIS 1 AN ODFAE 75 R 5 AAMI
FRUE , A SCHRECT IEHOBE(N) (= EYERALOBE(S) EHESALLBE(V) MG OBk (F)4 F2R51H5 100 588
AOFA, R 1R,

Step3 (BUHHAER43)  BHHLIEEE 20 000 > N BFEAR S S, V., F BFEARME LI EIE, IR
7012 2 5P ERAERI YIRSk AR A AR | ansk 2 iR,

Stepd (YIZAEREAT-M7)  ffiFH SMOTE BRGNS S, V, F BEEAEEY FEF] 14 000 4
YIGRER IR BIREACE A, Ik 2 .

F 2 RRTHRTS 0RO

Table 2 Datasets before and after class balancing

N S \ F
training set 14 000 1 944 4903 562
balanced training set 14 000 14 000 14 000 14 000
validation set 2 000 278 700 80
test set 4 000 556 1 401 160

3.3 SHILE

TE DRSL W8I Zrid B rhAG1V/F 22 288, 3k 26 2 500 1) T B 25 50 el e 48 1Y 43 S 45 R AR SCHE 2 A SCik
[27 ] (S E AL b RIS UESR loss M55 525075 4R 5 DRSL M 45 (14 5 U 240, Ho b IDRSN B8 i)
FEZR SRV E T AR LA r = 16 B RS R AR 52 20 B FIORS J3E = A m AR 3 g A~ i) LR S 8050 B
23 PR, Hrh k. FORBRIEL, D, FOREBE H K/, padding R/RIAFE 7 3, kernel _regularizer 7 1E
Mgk 72, pooling_size F/RALIZ K/ strides TR, o FoRTE A%, C,,, Fonki i (138 B, units
E Y 2Pl g

%3 DRSL MM SHE
Table 3 Hyperparameter settings for the DRSL network

layer type network parameter value training parameter value
CNN Fier = 8,D,, = 3, padding="“same” , kernel_regularizer=12(0.000 1)
max pooling pooling_size=(2,2), strides=(2, 2), a="“tanh”

IDRSN(a)+IDRSN(b) Cow =8 epochs is 20
IDRSN( a) +IDRSN(b) C, =16 batch_size is 64
IDRSN (a) +IDRSN(b) Co =32 optimizer =" Adam”
IDRSN(a)+IDRSN(b) C,, = 64 initial _learning_rate =0.002
IDRSN (a) +IDRSN(b) C,, = 128 each additional 10 epochs,

LSTM unit is 32, a="tanh” the learning rate decreased

global average pooling a="LeakyReLU” to 0.1 times
dense unit is 32
dense

unit is 4, a="“softmax” , kernel_regularizer=1.2(0.000 1)

ARSCRIH Adam DL A0 58 SUR 5 2% pRERCR AR A 114 S5 AN R 0 B2 LA R Al 25 1 i, 364 20 K, A4t
KNGk 64 MEEARWIUR2E 2T R4 0.002 , AR UBEEIEIN 10 WK, 2% 21 A8 R EORE 0.1 4%, ml kb P S i in
BN L B AR S R U 8 TR A P L2 T D0 DA 3k 4 X 246 3k 4005 | HOAS o s 0 R B0 o 0.000 1.7E GAP
JZH S LeakyReLU 300 pREL, P B O B A5 SAMEARAIE | 30 S0 b 22 0 TG 12 > 114 [ AL
3.4 ZERSMH

ARSCAEFH SMOTE X il 2k 2 184 71 AR 28 1) S, 56 10E 4 00 48 AN A BE, DA BRARE 0 B 52 192 AL i
1, BB BRI e 2 FF s B2 5 P B s A EI) DRSL 45 Il 25, Sk 1 (R 8 7 A ) s W g 42
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Table 4 The classification results of the DRSL algorithm on the test set

O ree /P Ogen /%o Ogpec /% Sppy /%
N 98.53 98.80 98.02 98.95
S 99.17 95.50 99.53 95.33
\ 98.92 97.64 99.30 97.64
F 99.30 88.13 99.60 85.45
overall classification performance 98.98 95.02 99.11 94.34
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Table 5 The overall classification performance comparison between the DRSL algorithm and its ablation experiments

overall classification performance

classification algorithm

average 8 ,,, /% average 8, /% average 8., /% average 8 ppy /%
DRSL 98.98 95.02 99.11 94.34
IDRSN 98.94 94.60 99.00 93.93
DRSN 98.79 93.88 98.85 94.71

9 T B8 UFE DRSL Bk A 5ehE AR SO S5 SR [ 9, 11-12 ] Bk g AT % 1L, o 7 0 b 4 SR o oA
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Table 6 The overall classification performance comparison between the DRSL algorithm and other algorithms

denoising and sample overall classification performance
classification algorithm
balancing methods average 8., /%  averageOs,, /%  averagedg,. /%  average Oppy /%
DRSL null+SMOTE 98.98 95.02 99.11 94.34
GAN+2DCNNL?] null+GAN 98.41 93.68 98.85 92.65
CNN+LSTM_ATTENTION''!] wavelet threshold+SMOTE 98.38 95.80 98.58 92.35
SE-CNN-LSTM! 2] wavelet threshold+SMOTE 97.69 89.56 97.86 89.27
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Table 7 The classification performance comparison in class S between the DRSL algorithm and other algorithms

class S classification performance

classification algorithm

8 e /% ) Sspec /% Sppy /%
DRSL 99.17 95.50 99.53 95.33
IDRSN 99.04 92.99 99.64 96.28
DRSN 98.61 92.81 99.19 91.98
GAN+2DCNN'*] 98.05 95.50 98.30 84.69
CNN+LSTM_ATTENTION! ') 98.28 94.24 98.69 87.77
SE-CNN-LSTM 12! 97.47 87.05 98.51 85.36

4 45 | iE

T P MR P RIS AN A F) — A0 B S i 4R AR SCER ) T —FHE T IDRSN (DL 5 70 26
503% DRSL ZIL ] SMOTE fiff ke 10 B RS JEA -7 () A, AR TR AR Bk A0 (9 28 51l T 12 3 AR O R
Fo R CHE T DRSN ASEAY il AT AR R MR A5 rh e IO R AR AR AEIA B [ S 22 BRI Y B BRI T
PO PR R A B A () P G 17 DAL 000 465 J22 I R JlC 8 I 28R AL B R B i, 25 LSTM S T JRy i
FHIE A ARASISC 22 78 MIT-BIH $dii g b EAT 170285086, SC 8 2 W], DRSL 553 T LUAT 25 B o 7 28 A %
TR RE SR AN B PR TR, 70 2 SR TERE DL T At 5 bRk,



5 8 1 FREWE, 55 BT ORI AR 25 WA I 2% 9.0 FLE 5 A0 R0k 987

ARSCHE AL B B O LS S50 DAAEEA T T A0, 208 10 A5 DR Z AR AE (S B, BLAESE PRIl
PRIZ Wi AN [ CoA A B BE AR S L A I, WSl P AR S L LS SR B B i A IR 1 0 R R
R TAE

£ % ik ( References) :

[1] EBRAHIMI Z, LONI M, DANESHTALAB M, et al. A review on deep learning methods for ECG arrhythmia
classification[ J |. Expert Systems With Applications: X, 2020, 7. 100033.

[2]  KLIGFIELD P. The centennial of the einthoven electrocardiogram/[J]. Journal of Electrocardiology, 2002, 35
(4) . 123-129.

[3] LYNCH R. ECG lead misplacement: a brief review of limb lead misplacement[ J]. African Journal of Emer-
gency Medicine, 2014, 4(3) . 130-139.

(4] ZEEWE, SF4R5E, MRy, % JET QRS PR AN NS W BITTGY [ J]. AR s TR 4= | 2008, 29
(4): 202-205. (LI Shenglan, XIN Jibin, MO Meiqi, et al. The research of diagnosis model for arrhythmia using
QRS complex| J]. Advances in Biomedical Engineering, 2008, 29(4) . 202-205.(in Chinese) )

[5] LANNOY G D, FRANCOIS D, DELBEKE J, et al. Weighted conditional random fields for supervised interpa-
tient heartbeat classification[ J |. IEEE Transactions on Bio-Medical Engineering, 2012, 59(1) . 241-247.

[6] LAGERHOLM M, PETERSON C, BRACCINI G, et al. Clustering ECG complexes using hermite functions and
self-organizing maps[ J]. IEEE Transactions on Bio-Medical Engineering, 2000, 47(7) . 838-848.

[7] MINHAS F A, ARIF M. Robust electrocardiogram (ECG) beat classification using discrete wavelet transform
[ J]. Physiological Measurement, 2008, 29(5) : 555-570.

[8] MONDEJAR-GUERRA V, NOVO J, ROUCO J, et al. Heartbeat classification fusing temporal and morphologi-
cal information of ECGs via ensemble of classifiers| J|. Biomedical Signal Processing and Conitrol, 2019, 47 .
41-48.

[9]  FRMS, XI5 Jg. HT GAN-CNN ALLHZRFRGI[T]. RHL, 2022, 35(3) : 45-50.(CHEN Peng, LIU Zilong.
Arrhythmia recognition based on GAN-CNN([ J]. Electronic Science and Technology, 2022, 35(3): 45-50.(in
Chinese) )

[10] SOWMYA S, JOSE D. Contemplate on ECG signals and classification of arrhythmia signals using CNN-LSTM
deep learning model[ J|. Measurement: Sensors, 2022, 24. 100558.

[11] ZHANG T. Arrhythmias classification based on CNN and LSTM_ATTENTION hybrid model[ C]//Proceedings
of the 2021 3rd World Symposium on Artificial Intelligence. Guangzhou, China.: IEEE, 2021, 58-63.

[12]  ZREEME, JreRis, i, % #£F SE-CNN-LSTM (.0 B iR B [ J]. Bkl 5ok, 2022, 18(21) ; 73-75.
(GUO Weilun, FANG Yumin, XU Haijiao, et al. An ECG recognition algorithm based on SE-CNN-LSTM| J].
Computer Knowledge and Technology, 2022, 18(21) . 73-75.(in Chinese) )

[13] HAN C, SHI L. ML-ResNet: a novel network to detect and locate myocardial infarction using 12 leads ECG
[J]. Computer Methods and Programs in Biomedicine, 2020, 185. 105138.

[14]  Z2i, B9, BREL, 55, BT E Ak 2B A0 R 23 ST 5T [ J ). IR I 24 ( AR B2 1)
2022, 42(3): 18-25.(QIN Bo, LI Ming, LI Tianyi, et al. Research on arrhythmia classification based on atten-
tion residual model[ J]. Journal of Hubei Normal University ( Natural Science Edition) , 2022, 42(3): 18-
25.(in Chinese) )

(157 XN, JRISURD, EiCHg. /NE i R J7 22 0 AR sT sk [ I, W TIECEAJI%%, 2022, 43(1) : 1-13. (LIU Xi-
aojing, ZHOU Youhe, WANG Jizeng. Research progresses of wavelet methods and their applications in me-
chanics[ J |. Applied Mathematics and Mechanics, 2022, 43(1) . 1-13.(in Chinese) )

[16] ZHAO M, ZHONG S, FU X, et al. Deep residual shrinkage networks for fault diagnosis[J]. IEEE Transac-
tions on Industrial Informatics, 2020, 16(7) . 4681-4690.

[17] HE K, ZHANG X, REN S, et al. Identity mappings in deep residual networks| C]//Proceedings of the Com-
puter Vision ECCV 2016. Cham: Springer, 2016; 630-645.

18] dhdyud, piflt, R, 55 WSS MR AUL LR [T]. ST, 2020, 19(4) : 84-88. (HONG



988 A R~ G SO | ) = 2023 4 44 %

Qifeng, SHI Weibin, WU Di, et al. Review of the development of deep convolutional neural network model
[J]. Software Guide, 2020, 19(4) . 84-88.(in Chinese) )

[19] HU J, SHEN L, SUN G. Squeeze-and-excitation networks|[ C]//Proceedings of the 2018 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Washington DC. IEEE, 2018 7132-7141.

[20] REM, ZowE. FETHRERZWA ML MG SRR [T]. B EEXHiHR, 2022, 37(4) : 24-30.
(WU Aihua, PENG Jinxi. Signal modulation recognition based on deep residual shrinkage network[ J]. Elec-
tronic Information Countermeasure Technology, 2022, 37(4) : 24-30.(in Chinese) )

[21] HOCHREITER S, SCHMIDHUBER J. Long short-term memory[ J]. Neural Computation, 1997, 9(8) . 1735-
1780.

[22] sKRIGR, mile, i, S TP AR G i M B a e Bk [T ]. MR, 2021, 42(1) .
82-91.(ZHANG Qiaoling, GAO Shuping, HE Di, et al. A hybrid neural network data fusion algorithm based on
time series[ J]. Applied Mathematics and Mechanics, 2021, 42(1) ; 82-91.(in Chinese) )

[23] FIKERE, SRIHH. B TURME EA AR 2 MO B AE 525 [ I]. R, 2019, 32(11): 7-11.( WEI
Zhangyuehao, QIAN Shengyi. ECG signal classification based on filtering-reconstruction and convolutional
neural network[ J]. Electronic Science and Technology, 2019, 32(11) ;. 7-11.(in Chinese) )

[24] LIU F, ZHOU X, WANG T, et al. An attention-based hybrid LSTM-CNN model for arrhythmias classification
[ C1//Proceedings of the 2019 International Joint Conference on Neural Networks. Budapest, Hungary:.
IEEE, 2019; 1-8.

[25] Z=%F%, FEHEEZE, M. 456 CNN 50a) LSTM M0 R #4258 [ J]. IHRNIRH# 5H %, 2021, 15(12) ; 2353-
2361. (LI Xingxiu, TANG Jianjun, HUA Jing. Arrhythmia classification based on CNN and bidirectional LSTM
[J]. Computer Science and Exploration, 2021, 15(12) ; 2353-2361.(in Chinese) )

[26] ki, WRFESC, PhaE. SMOTE i RAE OBl AT s 4iik [ J]. B AE R G224k, 2019, 14(6) : 1073-1083.
(SHI Hongbo, CHEN Yuwen, CHEN Xin. Summary of research on SMOTE oversampling and its improved al-
gorithms[ J]. Journal of Intelligent Systems, 2019, 14(6) . 1073-1083. (in Chinese) )

[27] %, FETUREEIR AT ML Y DR W r R E DR E [ D] B2 iR 3 BT 7 P R7%, 2022. (HUANG
Ying. A research of arrhythmia classification algorithm based on deep residual shrinkage network[ D ]. Master
Thesis. Nanning: Guangxi University, 2022.(in Chinese) )



