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Abstract At present,cardiovascular diseases have become the main cause of global non-communicable death,death toll
accounts for about one third of the total toll of death in the world,and the number of patients is increasing year by year.
Wearable devices is used to automaticaly classify electrocardiogram to facilitate the early monitoring and prevention of
cardiovascular diseases for patients. With the rise of edge machine lear-ning and federated learning ,small machine
learning models have become a hot issue. According to the characteristics of wearable electrocardiogram equipment such
as low configuration,low power consumption and personalization, this paper studied a lightweight network model based
on LSTM,and used adaptive algorithm to optimize the ECG classification model of individual patients. The experiment

is conducted by using the MIT-BIH open dataset. And compared with the current studies on the detection performance

of VEB and SVEB, the experiment results show that the proposed algorithm has simple model structure and high classi-

fication performance, which can meet the requirement of ECG monitoring for patients by wearable devices.
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3.1.1 AR

W2 (055 — 22 AR . EELIEAT QRS K AL H B
4], A Pan-Tompkins 5 3817 %0 B, B RS 5 9E47 = 40
TEUL L A P R R OB (BELR RS e YR T L LA Ui
RS MR 8 AT — RN AE S AL IR QRS i L I X0 H
155 HEAT o B A5 BE T A0, 4852 QRS
WA IS 3 R U T A 09 07 B L DL R U0 AR O 3o AT, R
BT 99 AN SRAE A, T B 150 A SR AR A 8 3% W) R W 7E 9 1 3k
250 AR HFE AR — A LAHEAT B A SRR S HUE R
U G S IR 2 B FL L fE . FE SR AR FECh 360 Hz By AR 3
T LL R Uy 3 v 5 IR R 3L 250 N RAES GHHS T 0. 7)1
AR S P A T — o0 Bk G EE U E B P L QRS
VLR T B, G SR 430 bk A0 2o 28, D) J2 DA R AF — w0 B 1 4%
A B I ] L S AL AL A 2R R0 B E B T4
R4
3.1.2 & LSTM &

W 2% (1 55 — 2 B oL LSTM 2. B4~ 1 250 4
SR E S LA A K — T, R AR A A G AL
LSTM W% v, 1 gl 38 B A A0 305 76 B 5 R e A 45 5
7 10T B EEAE , T4 2 2] T AN TR S A0 Bk ) T BLARAE

LSTM M £ 52 i — 2 ic 12 . 5¢ (Memory Block) 2 1% #
B 2UE 5 W 48 2540 [ A ICAZ BT A 3 AN T8 — 3 IR
IT A TTAE T, B 3 iR, X 3 AR AR T
RS Y CRFF RIS, IF AR A AR 1 A Al SR il

K3 LSTM A 0
Fig. 3 LSTM basic unit

XL LSTM W 4% F WA~ B[] i) LSTM 9 28 44 1, 43 1F [h]
RS A T7 AT M5 Bk, R 2 mu] LLFE S £ 8 —
BFZ0 2, g A2 2 TR 4R 3R 455X B AN T 1 A R A9 LSTM W 4%,
F T3 AN I 4% P R #2800 R M L R I LSTM 1 4%
Az E A B TR 2R ERR A F L. AN L LSTM
D0 2% 1) i 8 R AT PR L OB B A B . TR L — AN O AR
R KRR ¢ AR T E i LSTM 50 1F 1) 4% 18 15 %)

R C R A, R, SR
f, = sigmoid(W [k, 12, 1+b,) (D
i, = sigmoid(W, [, 1 »x, J+b) (2)
C,=tanh(W,[h, .2, ]+b) 3
C,=f +C_ +i +C )
0, = sigmoid (W, [, ». ] +b,) (5
h,=o, * tanh C, (6)

Forh e, FEIR T 20 SR R I H R AR S TR 4% v i —
A sho e b — B2 G R B — R S W
R b AR B, &S TR o f kL sig-
moid BREGTE £, LA YesE G P B i AR 5 5 9K
“EY AT R 2, Bk, 383t sigmoid BB 4, . LA P s
EREZS C, i W8 35 B T 37 BLR S G, op s B 1 07 )
F oz BUR, 8 o, SHPIRZS C, A3 8155 ¢ AR BF 500 5 A0
l6] R — I 20 3 B 5 AF A,

I LSTM 3% 5 1F 1 A9 26 B0, A — A 4 19 i —
A RE 5 TF G HRUHEAT I35 A B HOR DS C AVSAE /o, L If 1)
AT — I 20 (5 o [ I 20 T, o f T 18] LSTM it 9 45 1F £, 5
J 1] LSTM it (9 B84 T, 54T D5 5245 06 A5 5085 « A RAE A
9 S8 BERRAE . I AR AR F R

ho="Lhh,] €

TEXL ) LSTM J2 i, B2 1 R/N R 1, 3% )28 38 3 1E 1] Al
S0 A LSTM [ 46 45 BUREAS O 471 B9 4R A0 LA K% SR B A5, i) 7
IR B 5% 2 L K i B B R — 4 R AE R HAE R
Softmax JZ B % A .

3.1.3 Softmax &

I 4% () J5% 5 — 22 2 Softmax J2, 1% J2 FI 4 3% 492 4 /E Al
Softmax B $O 4> CAR HEAT 43 26 . 454 O 41 9 R 4E 1) B H
e A PG il A Softmax BREGT AR E] 5 A2 9 (0 4 %
IRUHIE 2% 55 A 0 28 S A J 4 T 45 S 9 28 0 . LR A
mr.

P(y|H)=Softmax(W % H+b) (8)

A

y=argmax| P(y|H)] €D
Hdr, PGy D FR OHRAEJE F 3 — B 5 MR, o w4
1) T80 25 51
3.1.4 MBI LB

X LSTM 2, FIAE W FIWE I b 158 £ .0
C. Flo, JITLL S BB AR 2 * 4 * Hidden_size » (Input_



5512 1

BE B AR BT R o I A YO L A I R R R AT S 295

size+ Bias+Out put_size) , LSTM [ 45> if 21 &b B i1 .0 40
HRA— AN SR AE S Input_size F1 Out put _size # K 1, Bias H°4
1.2 M Hidden_size 4 1, LS HIE 24 4,

TE Softmax )2 . Input_size 7 500 X 1,45 5 0, |
Out put_size } 5.Bias J 5. N % ZE S I 2505 4~

FE AT 2RI B A o R L R % O 4% B Y 38R 4700 Bk 43 S B
) 24 1) i A\ E O AT ERCHR R R — 2 ) i, 5 45 S BT o
R R A iE B 8 B0 R K, BT LUAE T 2R iR A b e,
3.2 BENEX

— A BRI 0 2 2 38 A AR AR 00 L 20 26 iR Bt
FEATERE B 4 T — A I 0 0 F BB SR 0 25 8%
[vi] A R BE DR UE B — 29 A0 W B A 3l 4 2L RO L i BLITF &
GG A 7 BT RS A T TR A RS
A AR A T LR 3 2 B 3 g g A AR e TR 1 R SRR AE L
SRR AT RN

BT O S A S T A 2 ) vh TR A R Y O T R B
Wi A 55 RS TR 22 [ A AR AR 8 7 I > 2 A5 8 g T
H AR I F B ARG 2D 445 % 34T S 800, LS H AR
L RL (Y Ak L 45 B3 R R R AE 19 5 2545

3 R 43 28 B LRI 5 43 O A R I 25 A 3 I
PR 4 fioR. 74 R0 B Rl B K ECG
BRI 2 2 JR AL, J8 FL A S w0 A A T 3R A T 2 AR A%
BRI AL TC B . AE [ IR LU 2R B B, 1 2 ) A0 B AR K T
2 FU A R IR I N 0 2 B 0 MR AT A bR L AR S
5 BbR 1 25 B 4 & G E JR R0 b A5 AL 0 AT R I L 0 A
KB A5 FERY | B 2045 B35 B A O B 5 R AE 0 A
AR AY RS R N SR G i A A R O F R Y B —
YR B AT S 43 2R I L A AR TR A AR L R
S 1 R

& A
ECG
- Bk
Lupele P
2 R4 B RSB 3 o % B B

[N RS TSR E Br ey
Fig.4 Daptive process of ECG

A IE N R R A F T — /N S R R AR Ok
KA S B PERE L BEAR T % ) dr B 70 5E FH PR A 2ok . B T I
Si— AT 7] AS [) 9 N B Bl 5 4 b 20 70 8 4 28 178 3 R A 7R 2
VR X 1) PRI A S B o | S0 1 2 F 4 3 v, B R P B R 3R
DAEERY, AR T 0] 2R H 0 L 1R R B R A ELA AR RN
AR 100 E AT W
4 XWRERSW
4.1 SRIGHEE

ARS8 SR B MIT-BIH GO R 8008 PR 2 8000 T 2 35 1
BEIT A A 12 11 25 ( Association for the Advancement of Medi-
cal Instrumentation, AAMD "' 72 H] T BE 7 % 4% 56 3iF &

FH A Al 2 0470 W A 2 g il e T 2 0 A R
S AAMI bR pE— 5 BT BT 5 250 8K H MEUEIE

MIT-BIH .0 5% #8038 Fe 2 1 JRR 4 8 T %% BE (Massa-
chusetts Institute of Technology, MIT) FI % [ Jif §% 1% € M %
+- 15 B2 B ( Beth Israel Hospital, BIH) £ 1980 4E 3t [&] €] 4 If:
RATH . BORAE T E 48 /AR TE R 30 min K BE Y XU
WL HLE S RFER N 360 Hz, 434530 5% i B ANME S 40—
AR E SR AR B B 1L B — A4 2 V1L V2. V4 5 Vs §
HZ—, SFHUKRT B RKREZN PI.QRS M T I
Hh R GEH R T O B R & A ER A, R 1 R, S ER T2
B W10 WE S S5 B A S 16 22—, i Lk 0 o T T 5 R
B e, KR A MIT-BIH BCHE 2 9 S 56 10 50908 7 o A B
2% 1 S I B B

ZHR R AT 10 7R A0 Bk 8 — U0 BB B 75
B4 UL 0O ERR T RS AR T A 15 FhAS [R] A9 0 Bk
KR, T HAPIEFEESI OB 74962 A, Ho Al 2R 10
BBCEE D BRI 16 A, B R R 2 A
ANREI L 15 Fres BE 2 2 25 00 U SR 225Kk, IR I AR 35 AAMI 2t
WISDRE X 15 Ao B4R 5 KIS T84 57 I R .

(1)N(Normal) & . A1 & R R T 58 55 45 B9 0 A, WnE # #3)
RS AT B A PR S A T PR L D M e B AR A

(2)SVEB(Supra Ventricular Ectopic Beat) 28 i & = I
SO g R R s e R e R R LR
P A0 A,

(3) VEB(Ventricular Ectopic Beat) 2% : 41 & 0> % 5 v 0>
A s PR R R PR A

() F (Fusion Beat) 25 IE % # 3 Il VEB 3 iy fill &
D,

(5)Q(Unknow Beat) 28 . K& 3 G 0o A AL FE 25 00 FE

BT 102,104,107 F1 217 35X 4 %40 34 T 0 B 2 4
A0 ML AAMI A o fl 18T DL B 26 SOk A B g 3R
B . Chazal A5 19Tt H Ay 44 4548 5500 0 T A B0 46
DS1 #1 DS, S MR A 22 &t 5. K4 5 TkL Bk, I
RETHMME M 0ELFIER. DSI A& T 101,106,
108,109,112,114,115,116,118,119,122,124,201,203,205,
207,208,209, 215, 220,223,230 3£ 22 &0 #:DS2 W& T
100,103,105,111,113,117,121,123,200,202,210,212,213,
214,219,221,222,228,231,232,233,234 3£ 22 i 3%,

DSI 1B 4 R R i Y 2R g, AR B AAMI @i, i 1l
PR AL BLAE S i K g 5 min 590 BE AT U025 B LR
B DS2 i dg 4500 AT 5 min YO L RVECHE 1 S B S R I 2R
A AT 4 1 0 ri TR 2500 FH T 0 Bk 3 2R

F i Pan-Tompkins 35307 4% DS1 Al DS2 H1A9.L HLfF
S AT — FR PR A3, %0 A T UL S AT i A L T R
W7 AN BR B A S R Lol O QRS RIS B R e 8 IR AR

A SRABEEA R 1A AR . AT K — R PO BAE S
AT AN DA, & B B 20l A PR S AY O R BRI R ]
Bra



296 B LB 2 2019 4
F 1 BUREMOINEL TP
Ppv, =7 (1D
Table 1 Heart beats of datasets b TP,+FP;
ES L N SVEB  VEB F Q Spe, — TN; (12)
2R % & 45866 940 3788 415 8 1 TN,+FP;
EETRTE ¥ 3 7317 228 524 100 0 B TP, + TN,
ik 36913 1600 2633 288 7 ACC’_TP,+TN,+FP,+FN, (13)
4.2 KWHERSHH F]:M (14)

K HI AAMI Fr XS Y GRi 1 53 S 180 80 g A7 PE Al L 45 U0
Bk 4y 5 0Bk NL,SVEB, VEB,F Il Q iy —Fh . 1% b5
St WL 343 28 A RE TP AG A2 SCTT I A 48 A - BBURE (Sen-
sitivity, Sen) . IE 7 il % (Positive predictive value, Ppv) .\ 4§ &
J# (Specificity , Spe) I &L fE i % (Accuracy s Ace) o Acc F ok i
RGN AR s Sen, Ppy I Spe H T 1 5 12 %) 454> 26
MR . R T A e S SR L AR SCX FL O3
AT T8

TP(True Positive) s TN(True Negative) , FP(False Posi-
tive) fll FN(False Negative) 43 il /8 J& T2 i ZEE FHM: . B A
P ARBEE E B 18U . Sen, Ppv, Spe, Ace # F1 93155
NIl
TP;

Sen; + P pu;

F2 PR T W) b AR R MR AL DL R H At 3 Fh R
el gE 5 M By Zitkre. FTLLAE W, &0 A R
YIZh LA G 19 2 H A Y 1 43 28 P BB A AR K455 , 2o SVEB 11
A3k BE 4 W B K, Sen, Ppo F1 F1 43 % T 72. 1%,
78. 9% M 77.9% ;N 28 VEB 25 f1 F 28 1) Sen 43 AL 8 T
99.0%,94. 0% 83.3% ., T QXML RIIAGHEAREA S
A HAE HE R U R PR A O, R ST A Q YR
B ERERR . NGER LRE AR L H AL 3 Ak
e R AETR A L R R N 28R SVEB IR & T
HoAh B ; VEB PN, a5 81 T 94, 7% F 28/ Tl Rk
AR KT R B RAR G, oAbk B TR TR [ 9258 g
T B FH A N AAMI R 7 dE B4 20T AN R

Sen,- e —— (10) N N e
TP, +FN, HEESAREMEILE.
F 2 RILMEREM LA
Table 2 Comparison of algorithm performance
(AT %)
N SVEB VEB F Q
% Acc
Sen Ppv F1 Sen Ppo F1 Sen Ppv F1 Sen Ppv F1 Sen/P pv

A1 94 B A 90. 6 95.6 94.6 95.1 2.4 11.8 3.9 79.2 63.7 70.6 25.2 16.0 19.6 0
AR A 97.6 99.0 98.7 98.8 74.5 90. 7 81.8 94.0 95.5 94.7 83.3 46.1 59. 4 0
Xk[6]% % 93.9 94.3 99. 4 96. 8 87.7 47.0 61.2 94.3 96. 2 95.2 74.0 29.1 41.8 0
Xwk[13]4 % 97.5 99.0 98.4 98.7 71.4 94.4 81.3 93.3 93.3 93.3 82.7 58.5 68.5 0
Xwk[16]4 97. 4 99. 8 97.6 98.7 66.9 95.7 78.8 93.0 98. 2 95.5 86.9 83.3 85.1 0

Al

I K |, SVEB #1 VEB $ 1A g /2 7 il 5C ) S 8 L 3

BIPEAG T VEB 1 SVEB MR M B8, a3k 3 Frdil, X seE gk

W PG SVEB Ml VEB 43 2R HEREMT R - S de R L. A B4y R A AAMI F5 i, I B W #R H 7 MIT-BIH 0
THEAT HA AR S5t R S At SRS AR (R Y I TR IR B I SR AT T S
3 LHER ML
Table 3 Comparison of experiment results
VEB SVEB
Acc Sen Spe Ppo F1 Acc Sen Spe Ppo F1
X wk[5]5 % 94,8 78.9 96. 8 75.8 77.3 — — — - -
Xk [6]4 % 96. 4 77.5 98.9 90. 6 83.5 92.4 76. 4 93.2 38.7 51.4
X814 % 97.9 90.3 98.8 92.2 91.2 96. 1 81.8 98.5 63.4 71.4
Xwk[ 75 % 98. 8 94.3 99. 4 95.8 95.0 97.5 74.9 98.8 78.8 76.8
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