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TSCNN : a convolutional neural network for the monitoring and

analysis of the electrical signals of the heart from wearable devices

Meng Lu', Ge Kang', Song Yang’, Yang Dongming’
1. College of Information Science and Engineering, Northeastern University, Shenyang 110819, China;
2. Beijing Irealcare Technology Pte., Lid., Bejjing 100000, China; 3. Panjin Central Hospital, Panjin 124000, China

Abstract: Objective Wearable devices are expanding in terms of electrocardiograms ( ECG) because they can portably
monitor the heart condition of a human for a long time. The key for wearable devices to monitor heart conditions in real time
is to be able to process the collected ECG data automatically. Therefore, an efficient and reliable classification algorithm for
ECG data from wearable devices should be designed. Many ECG classification algorithms have been proposed in recent

years. They are mainly divided into two categories: one is based on handcrafted features, and the other is based on deep
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learning. Classification methods based on artificial features need to design various features manually, and many useful fea-
tures are often ignored. The deep learning method can automatically extract features, and it has achieved good performance
in image classification, object recognition, and natural language processing. However, no ECG data set from wearable
devices is publicly available. Most ECG analysis algorithms are aimed at ECG data collected using hospital equipment. The
ECG signal collected using wearable devices is susceptible to various interferences due to the body movement of people and
changes in the surrounding environment, resulting in various noises in the signal. Therefore, many methods that perform
well in ECG data sets collected using hospital equipment cannot achieve accurate classification of ECG data from wearable
devices. In this study, we used IREALCARE 2. 0 flexible cardiac monitor patch as the wearable device to collect ECG sig-
nals and make ECG data sets. It has the characteristics of small size, lightweight, and accurate and reliable measurement.
The ECG data set came from 38 subjects and mainly included five types of heartbeats: normal, ventricular premature beat
(VPB), supraventricular premature beat (SPB), atrial fibrillation (AF) , and interference. In accordance with the char-
acteristics of ECG data from wearable devices, such as considerable interference and large amount of data, this study pro-
posed a deep convolutional neural network ( CNN) named time-spatial CNN ( TSCNN) for the automatic classification and
analysis of ECG signals from wearable devices. Method TSCNN consisted of seven convolutional layers, four pooling lay-
ers, and one fully connected layer. It also comprised a convolution-pooling block, three convolution-convolution-pooling
blocks, and a classification layer. First, the original long-term ECG signals were divided into separate heartbeats. We
regarded the 600 data points around R-wave coordinates as one heartbeat, combined them with filtered heartbeat data of dif-
ferent frequency bands into 10 channels of data, and input them into TSCNN. Second, we applied convolution over time
and spatial filtering for each heartbeat, which could effectively expand the receptive field of the network to extract abundant
features. Lastly, cascaded convolution with a small convolution kernel was applied to improve classification performance
and reduce the amount of network parameters and computation. In accordance with the input data size of each layer, we
adopted three convolution kemnels of different sizes. The convolution kernels in the three convolution-convolution-pooling
blocks were 10 x1, 5 x1, and 3 X1 in sequence with stride 1 X 1. The fully connected layer was used as the classification
layer. Some regularized methods, such as dropout and batch normalization, were adopted to avoid overfitting. The batch
normalization layer was placed after the convolutional layer and before the nonlinear layer, which made the input value of
the nonlinear transformation function fall into a region sensitive to the input, to avoid the problem of gradient disappear-
ance. Dropout randomly set some hidden layer nodes to zero during each iteration, which could reduce the interaction
among hidden layer nodes. Result The proposed method was evaluated on the ECG data set produced in this paper and
compared with four other ECG classification algorithms; CNN, recurrent neural network, 1D CNN (1-DCNN) , and dense
convolutional network (DCN) . We used 10 records containing 138 853 heartheats as the training set, and the test data
were collected from 28 subjects, which contained 241 896 heartbeats. Results showed that the method in this paper
achieved an overall accuracy of 91. 16% , and the accuracies of normal, VPB, SPB, AF, and interference were 89. 17% ,
92.99% , 62.03% , 91.56% , and 94. 89% , respectively. Comparative experiments indicated that our method was better
than the four other methods in overall accuracy and the accuracies of normal, VPB, SPB, and AF and achieved a great
improvement. Compared with 1-DCNN, the proposed method demonstrated increased overall accuracy by 7.25% and
increased accuracies of normal, VPB, SPB, and AF by 18.13% , 12.67% , 9.29% , and 23.96% , respectively. Com-
pared with DCN, the proposed method exhibited increased overall accuracy by 5. 88% and increased accuracies of normal,
VPB, SPB, and AF by 16.88% , 8.41% , 11.73% , and 20. 32% , respectively. In addition, the classification results of
our method were balanced, and the recognition capability for each class was similar. We also conducted a comparative
experiment with and without spatial filtering. The experimental results demonstrated that spatial filtering could improve the
classification performance of the network, and the overall accuracy increased from 88. 17% to 91. 16% . We further trained
and evaluated deep networks that use cascaded convolution with a small convolution kernel and shallow networks that do not
use it. The comparative experiment results showed that using cascaded convolution with a small convolution kernel could
improve the classification capability of the network, in which the overall accuracy was increased by 1.56% ; it also effec-
tively reduced the amount of network parameters and calculations, thus increasing the processing speed. Conclusion In this

study, we proposed TSCNN to classify ECG signals from wearable devices. The experimental results indicated that the pro-
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posed method can achieve good classification performance for ECG data from wearable devices and effectively monitor

whether the wearer has abnormal ECG.

Key words: wearable devices; wearable ECG dataset; cardiac monitoring; convolutional neural network ( CNN);

spatial filtering
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TH 22 [ O FELA 5 R AE , TR IR 4 I3 I [ Js 1
FAAIE SCRESR ICEIAS [RIABE b A ARAE , T 5 1 K
XL HAE S R RE T o RN Tk G 1045
K T Dropout MR MEMAF IENILTT 5 o

3)KANEBERBE RN I I IR
XF G T (/NG FRAZ G A R B TR 2= 0 28 O TR
AT ERUZRRRIZ S SEREAIR B RZ M2 R
A LI R IR D ) R 5 S8

4) ARSI AT A A R ] B A5 20 A
OIS PR RS RO R R S5 070, S T M
RPN AL BIE R B EE A B AT 2RO L RO

B Al —A P —4 QRS JA—4~ T A4
Fig.1 A heartbeat consists of a P wave,

a QRS complex and a T wave

1 MHEXIHE

O HEFRITR — BRI HGN. E
BREHORI A &, VF 20 Tk o M4 SR BUR:
TEJ7 AR R 2 AP B T N TARRAE 9 5 vk
FEETIRBE 7 2 W7
1.1 EFAIEBENAE

TG Co L 53 28 0 1553 A R AE SR JBORN 43 25 7
BrBo AMTHEH T Z R RS R AR /R O H A
SR E A MGEE. & HJE P-QRS-T i
AL S IR GAE, AR ORI RRek
BHIE] o7 B AT AR ( Yeh £, 2009 ; Koriirek Fil Dogan,
2010 ; Bouaziz 57,2014 ) ., ILAh, QRS i 22 [] ) it gt
(5] bt P FH SR A R 4R AE, 91 40 R-R (8] B ( Lin A0

Yang,2014 ;Raj 1 Ray,2017 ; Chen %£,2017) , F13
{8 IR RAE Js/ MEFIFRE 22 S5 e TR RS ARk )
Z A AR RAIE Z — (Ergin 55,2014 ; Fayn ,2011) , &
ARHERH T2 70 B AE 5 20 2805 5 v (Mazom-
enos 22012 ;Islam F11 Alajlan,2013) , /NE 2R J&—
FIRAT AR SR B A, DRt — 2677 R 1 2T
NP AR A B Y 4 AE ( Karthikeyan 45,2012 ; Li 5%,
2017) . JKELRFAE AT DL 2o 187 B 1 S AR 3, (B AR
OHAESTAVFZ ERRRE, b T IUx s ;
iE, NATTERAT T —SU R AR AR 4 5 vk o 91 4 3= B 53 4
#fr ( principal component analysis, PCA ) F1ZE P31 51| 43
#r (linear discriminant analysis, LDA ) , #8-2 & F A0 %
YET7vE T LIRS o 2 1) 5 Ak AR 725 [, AT DA
{4 2s [a] A 2 BURRAIE ( Castells 45,2007 ; Tantawi 25,
2013) o 1y S ) 2 E g o 2R As S B, Y o 26
8 Y FFm i ML (support vector machine, SVM) | A
TPl 2 M) 2% (artificial neural networks, ANN) K i
4B (K nearest neighbor, KNN) FI D1 8 43 2% 85 &5
Mondéjar-Guerra Z& A (2019) 42 H T 41 X1 58— 25 4%
AEVNZRgE 1Y SRR ] HLAEY . Shadmand F1 Mash-
oufi (2016 ) % F 4t F B 49 # & M) 4% ( block-based
neural network, BBNN) /E K432k es, MO HES
$E I I o 50 2R BRI 8] R AE A Sl BBNN 1) 4y A [r]
i, Kutlu 1 Kuntalp (2011 ) 32 T —F &+ K i
PEEWOHRES BT ERGE, Matis 55 A
(2013 ) Fi 2t 57 5% 47 43 A (independent component
analysis, 1CA) (Y ACE /E A 28 D157 A g iR 5
157 ( Gaussian mixture model, GMM ) 4325 f) 47 1iE
LG .OHAE S KR EE N T Lot
FRRRAE , BT 2028 0 AR, T LB HRYRFAERE o 25
FIANHY T, dLAR X WA R A FT AT Y, OF
H2Z2ms— S M B I RALE
1.2 REFIFE

RBE 2 2 HOR S SVl 7E.0 L 43 R bl A 3
TR ZINERARER A £ 880, TR
OHAE T 2805 IR T RAFAIRICR

Pourbabaee % A\ (2018 ) i} 1 —Foff K & J5i by
OB R B B 22 R 4 i AR T ik o B A
A RTEFRJZE ) CNN B3R K B IR 300 1 £ 5
Hhef o) RRE . Kiranyaz S5 A (2016) i H] 1 245 R0
2245 4E MIT_BIH ( Massachusetts Institute of Tech-
nology Beth Israel Hospital ) $45 2 FHUIS T B U1
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Ko Zhang 5N\ (2017 ) fdf FHAE R M 22 2% (recur-
rent neural networks, RNN) 2% 2.0 Bt [ i TE 22 4
fiE, Yildirim 2% A (2019) A K—%1 i 12 ™ 4%
(long-short term memory, LSTM) H 3} iR 7.0 fHE &
o HTEE MR ESR, 2 F R T X R
FE AR i, Li 45N (2018 ) 785 FH Y.L
B 22 Il 2% CNN R, SR J5 SR AR e s A JL
A3 BRI 0 B A 5 i A B R E A T I 50k & B0
HAPERFIE . Wang 55 A (2019) $2H T — ML T-15
I 2 D 2Rl o R 5. FIHIE
) XN FAT SIS TR . S ABREA R,
VEPEAR BB B ORI REA IR s m B 2R 5 b, 48
Ja Xt AR R AT AL . CNN B AL 5 0 2 ki
FROESRIBCRI 73 AR ES &, (i T H B A 58 R A RRIE $2
HRET)  $2i5 T ECG Jr 2R UERATE o
1.3 TE[E ] ZF &0 B HiiE

A GBI L 24 h S LU, Bk
EFNIIINRLE 2= il POl 3 A aa g PNl
{553, Carrera 55 A (2019) & 1 T —Fh7E
RO IS BREE FLP I OBk
AT, P A R AR R TR O B S g 2 1A
MIBEES , ARFA AR 1O PRSI o 53 - Sopic
ZEN(2018) 4t 1 A T BE AL AR AR 1Y S5 I R BK 5
DT OB TS BRI T R

IR X AT SR A O HL A R R TR
GERHL AR > i, W BT LR IBURRAE , X B 1t
S IREE o UREE 2% 2] 7 i o R R 1O FL R
TIN5, RBE B 3 A R 2 ~) = 2 RRE, BRI, 4%
WFFCEE XA F RO AT IR A, B T — AR TR
PREE 25 1. AR 500 20Tk

2 HEFHEIZE

ATl IREALCARE2. 0 Z2 1 g 720 L G 7
(LIS a7 it EERI W2 VIRV E STRER

ADS1291

RN EN —
%

G EREARBUN H R DL RO R ]
FE

IREALCARE 2. 0 (%A 5P UL 2 (a) (b) it
No BEARE/NIGAERM, KN 8 em () x3.1 em
(58) x0.8 em (J&) , HEALN 13 g, P IHA S [1] il
WAL A 2SR HE, 2 (e) (d) §R T IREAL
CARE 2.0 45454y . IREALCARE 2.0 #0041
A4S B il B, 2% Az ( printed circuit board, PCB) ([ 2
(e))o LoHLF M &t A K oF B 52 i 7E PCB
b HrpuHUE SIS O ADS1291, X 2 —Fh
FHT A=Wy e # ) AR EAE 2 3858 24 A YR HT
Uit ELAR LTI MR P A AT g AR Y 25 AR % (pro-
grammable gain amplifier, PGA) Fll /5 43 Hf 3 19 4R
FEA 2% (analog to digital converter, ADC) ., H.IjfE
S RAEFOR L US55 , FFR AR AUME & F o 87
55 TARBUN IHFEAR AR BUZ m APERE L 5
O 2 TSI A 5 7 RESE T 2
ET TRy 2 nef52832, B KA DI RE IR K L R
T RIIFE SRR A

-

(2) FEbRSMILIE (b) DML

= =

ﬁ 2' ' ¥ ADS1291
©ZEHIE (@) NEGEEIE (o) ERRHLEAR

E 2 IREALCARE2. 0 FH:isfe O sl B
Fig.2 IREALCARE2. 0 flexible cardiac monitor patch
((a) overall appearance; (b) side view;(c) structure diagram;

(d) internal structure diagram (e) printed circuit board)

IREALCARE2.0 = T{EWm A mAE 3 i,
ADS1291 s i H FR&E O HE S, HX L HAF S
TTUE W FBOR , SR G ARG S5 i B 5 5 .

nrf52832 RN

o C men

ekt ® i J)
L P

K3 TREALCARE2.0 { TAERFER
Fig.3  Workflow diagram of IREALCARE 2. 0
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B, I AR AR B S5 e LT Ie SEAb B
TEMRSS f v A SO R 2o %0 U AE 5 3R AT 20 BT AL o3
R IHG AR S P B

3 AIFROBESIETE

ASCRE R UL 3 ARG O BB, 1
LRI FOOLAL T 12
3.1 LEBEE

AR SO P A0 R B 2 1 38 sz il T K
i ] { #; TRALECARE 2.0 3% £ 5 % 4, IRALE-
CARE 2. 0 BREMA 250 Hz, —3L45 2] 38 Z0
HL BRI , 4 2% O HE B A 5 DR A O, B DRy
HT1085 N, LA 134513 4~ F1BRTH
Ptk b 2% O HL B O A 2RO P

BEAS O PR e e R e R EAT TARTE, — 3800
IR 5 A250: 1R (normal ,N) , 25 ¥ L (ventric-
ular premature beat, VPB) , % | ¥: 5.4 ( supraventric-
ular premature beat, SPB), F5 Bii ( atrial fibrillation,
AF) M4 (interruption, 1) o [a] i, Y5 I X B A4
PRE&WE R 0,1,2,3,4, B4 BR T AFZEGNGHE
FIRIE SR IE . % P A AR IE 2 QRS JE LIk
QRS BIPE T8, Jf H RR [H]f# 5 1% RR (&) F7 AR
Feisi /b 1 25 20% o SPB HRFAE S P g B, S
IEFH RR [H] P AH EE, SPB /9 RR (8] B 2> T 20% L4
Fo AF BURENIEA P

JE GO B — R E P E S . E K
F ) PO FLERCHR 43 380 Ay B0 0 48 (P-QRS-T 8 ) o
SRIG TR IR % Zhnid o L v RO 7 B AR AR
IR ARAE RO AR AR R 0 1 A — O . ARSC
DL R0 o7 5 A Ay vty , I FS 40531 4% AEUBC 300 A~
Bl s, i 600 AR RAE N — O3 (T S B
7R) o

W AN [R] 2 B A O 18 S B AL AN [] DRt s
S0 B Y 5 B0 A B R AN [FL Y, 1)
T, TE RO RS RO R T AR . YR B Y
AN 43 5 W 455 8 1) P BB, S ORI ME A R T B
DL , 08 s TR) 200, 3 8 1 IR 46 (il 10 sz il
BB HA RSN O B . W TR
OFHRECE, FELIEHE T R 2% B IEH DA
YIGRER AL PR R A5 5 A2 51 1 O BT [R) — %k
R E(ER 2 FR) .

®1 JIGEPHEFORHEESNIEOEY
Table 1 Number of heartbeats per record in the training set

i N VPB  SPB  AF I it
01 106830 794 1 0 1155 108780
02 64196 15 25534 0 555 90 300
03 90244 7259 0 0 1188 98691
04 72905 38 7 0 7047 79997
05 63447 6854 0 0 23164 93465
06 0 844 0 87206 398 88448
07 87152 37017 0O 0 1880 126049
08 82478 235 0 0 9623 92336
09 90198 459 18 0 1515 9219
10 94274 1952 0 0 7747 103973
11 112739 7546 787 7911 280 129 263
12107043 293 2 0 408 107 746
13 69617 146 58 0 1264 71085
14 65464 48 0 0 26441 91953
15 86277 241 9 0 4101 90628
16 92968 9856 34 0 333 103 191
17 107892 373 4 0 771 109 040
18 7781 158 0 0 2112 81549
19 100723 2626 3 0 46 103 398
20 95957 3544 0 0 3207 102708
21 100983 13 18 0 4513 105527
2 67762 25698 0 0 170 93 630
23 84805 0 2 0 49706 134513
24101825 312 8 0 61 102206
25 94450 398 5 0 1149 96 002
26 78406 8931 616 0 136 88 089
27 108847 2592 120 0 99 111 658
28 83939 18120 0O 0 136 102 195
29 84773 205 4 0 476 85458
30 122411 266 10 0 288 122975
31 101994 88 0 0 2172 104254
32 77007 10210 0O 0 2015 89232
33 99503 14 6 0 137 99 660
34 91763 8785 66 0 1349 101963
35 90829 0 9107 0 606 100 542
36 68820 33 6157 0 3287 78297
37 95851 87 1220 0O 200 97 367

38 120 999 20 1034 0 836 122 889

BT 3343222 157498 44830 95117 160580 3 801 247
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(a) IR O SE SENCE S
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(d) B85 CRE

K4 SRR 1A BT 2SR AE
Fig.4 The morphological features of 5 classes of ECG
((a) normal ECG waveform; (b) ventricular premature beat;
(¢) supraventricular premature beat;

(d) atrial fibrillation; (e) interruption)
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Fig.5 ECG data segmentation
N TR OHAE SIS B ERME B, A Sl ]

ol B IR ARG LA S R AT T S BT, AT 2RO
LI A5 (R SRAE A0 %6 250 Haz, AR 5 B A R A 8 B,
XHEE 0. 1~ 125 Hz S5 5E FlN B O HLE S - 1T T
WSy H A5 R AN 6 Fr . R B HLAE S g
EuifgE 0.1 ~40 Hz #1100 ~ 125 Hz J5 14,

FEAPR AT ER 43 S 0 E 1) A= BREL AR 5 T 72 A2 1, g O

x2 PFERIGSETHEFOBRHFEEANZTLROEY
Table 2 Number of heartbeats per record in

the training set after adjustment

= N VPB  SPB AF I ot
01 2143 359 1 0 583 3 086
02 1263 8 25 534 0 277 27082
03 1806 3625 0 0 580 6 011
04 1 459 20 7 0 3484 4970
05 1270 3401 0 0 11 561 16 232
06 0 427 0 43 618 178 44 233
07 1749 18 384 0 0 939 21072
08 1 650 114 0 0 4825 6589
09 1 808 221 18 0 786 2 833
10 1 887 974 0 0 3894 6755
Bit 15035 27533 25560 43618 27 107 138 853
12 000
10 000
8000
g 6 000
4000 | ‘
2 000 WM Mﬂ
\ L wavizecs it ey mMJ ] |

0 20 40 60 80 100 120 140
$i%R /Hz

Bl6 LHAES BRI T
Fig.6  Spectrum analysis of the ECG signals

o B MRS R TS AR Y .

AR AR 0 FL ORI 2 R T A SR i A
B, AR B D LS B0 1 4E8dE. T 1 4
AR 2 AEBE | AR SORE AN [ 550 5630 ] P 17 i
GO HE ST T BB LIRS i B . AR
RAPHTIZEA BT 10 AN O b0 L 5
HCmE#1 KRN S D HLE S 4% 0.1 ~5 Hz,5 ~
10 Hz,10 ~ 15 Hz, 15 ~ 20 Hz,20 ~ 25 Hz,25 ~
30 Hz,30 ~ 35 Hz,35 ~40 Hz,100 ~ 125 Hz 4} Ky
9 Y, I IR IEHD , #3 , #4, #5,#6 , #7 , #8 , #9  #10,
DRI I 1) 0o LA 5 A% TR W LA 0 2 48 Ry
10 4™ L% Jak %%(wrtual sensor) , 1X 46 Ff 1% 45
AT DN — MG IS 21, B JE SO B2 R AR A ()
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B OIS, X B & ARB I R AE 5 B AR
PARWE] T, SRS, AT LATE 10 Ja 36 1.0 s B Al
FH 2 Zi s [t , A2 1 AEA, T4k
139 5 I RHIE
3.2 WKL
W2 1) SR 2R A I 7 BT s (425, 50, 100,
200" F R RAFE R &) , —3 i 7 M ERE
4 MUALZEFN L A REREA A, KPS 1 4~ 5
M—ALE” 3 N B IR—EZ" 1 M
LIV 25
s oo e e s st

(H TJ‘I‘HJ i-ﬂﬂ) 10 rmmm,'\f\f:), z«»/\'\L]\J’\,”\/\/Tx’\ﬁ_(\/Lrfrj‘v”h’\/\/\mf\lv\/\mn'v'lf
e e

| [ 600

2 lEH 10

25

591 s

W2 BLR AR PO YRS 45 300 s i
BRI — Ao, SR 7 B 14 O R S0 A 22 90 10
Ja A ARB O RO 2 e — ik, JE 10 /1 i
AFIMZE B SR RO R TS AR
(BRUZH 10 x 1), SR 5 X3R4T 1 B A7 A 18] BE
ZRFHHEATER (BB 1 x10) o FEHEH L H
RN, BT BN ERZ Z aHE—
WIZ o fa, EERIEAE N oy 2= AR AR YO
FL R O R Y LB 5 A

25

WAL gy -k
FKax1)

Pl 7 TSCNN [ 28 2 [l
Fig.7 The overall architecture of TSCNN

R B — 2 B AR R, g R T3
FIAFE R M ERZ . 3 1 BR—EH—bik)="
HERRZ N 10 x 1.5 x 1 3 x1, KN 1 x1,
Horp Ak J2 e TG & e KAk, RNy 3 x 1, 25
Kl 3 x 1, PIZE 80 BB A /& ELUs (ex-
ponential linear units) ( Clevert Z,2016) ,ELUs {#{7%
A% 5 ReLU (rectified linear unit) R4 —FEHR A
S, T HACSGH L T ReLU pRECE R

TEMN Gt A b, (5 128 SO R B 401 2% R B
HE Z R T &M 2RAE 55 . 283U o6 B0
XH

H(p,q) = Y p(x)logq(x) (1)
St p g AP ECE BRI O B

A2 SUIH BRI BT 2 b 25 B ABE 38 43 A1 5 T 1)
MRS A Z AN BE . YR 2E 4% Adam 1R HE1E
ek TR SR
3.3 fRFmE

R T BRI S A R M Rz AL RE T, AR S
KT Dropout FItt f A5 i1k 55 IE WAL 7 i, b
PRtE A I 28 25 125 ) i AR AL R Y0 R 0 T 22
9 1 BIBRUEIE S I3 A, 1X s 45 A1 2 P 722 4 R KUY i

B TE A i A BBURR 8 DI, AT sl B, 1 66 9 2
e, 7RI ZRE U 2 H , Dropout 2345 — 48
WUz 1 R RERILIBE O %, DT A Rz 1 2
] S2 L sk UG

BEAR  ASGER A 1 /NG B GUBE B 5 2.
PR TRRES Y I BT , 24>/ UL 2 7R
FEAAS RGBS BUN R IE S IURE 1 2 A IR Y, 1
W, 3 <3 BRGELEE I 2 IRA S x5 BRUX
BT RIFEBURHERE JEARF 9 . I B/ NG
FUZ DRI A FARE 8 Ul /L ) 2 2 BRI AR+ 53 1 (3
243 x3 HEREHBERUE 145 x5 B
AT LD 28% i 2 Fi R 4 T
2% (RN S B FA B EE . /NS FRAZ IR TR
A Z AR RGE 5 T FURE ST, T
T RZR IO ISR

4 £ I

4.1 XWEE

W2 % 1 PyTorch REZRFEATRE AL, SLdr it FE 2
1E NVIDIA GeForce GTX 1080 GPU | #:471y, N1
416 GB, B¢k 8 GB, Hrh batch % % Ky 128,
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Dropout fJFE A BLE Ny 0.5, YRt kAR B &
1000 R 1 kG A SR w0 dn R (AL < 3
b WL ZR XS ZRAOCR YRR, AR SCHEAT 1R A 1Y
RS, e A PR RCR BT AR A 7 K

SR i R 2P B % IRALECARE 2.0 %
LAFEN . YIZRBHE A0l R s 7R ok B AR 9 32 18
B X RE T Sk AT (2 AL RE T o A SCfiE
T KA 10 #3215 , 35 138 853 ALy LA
PEE NGRS, 3 3 /R T 428 (N, VPB, SPB, AF,
D) B I8k A 28 44521808, — 3y
1241 896 N0, #5285 (N VPB \SPB \AF 1) .0
BRI 4 Frons , Ho AR R SPB 21 52185 KL
B/ NI AF F1SPB i) DEGE/ N F U VPB 11
DHEL

£33 NEEPZEHOEL

Table 3 Number of heartbeats in the training set

N VPB SPB AF I Bt

K 15 035 27 533 25560 43 618 27 107 138 853

Hb/%  10.83  19.83  18.41 31.41 19.52 100

F4 MXERZEAOEE
Table 4 Number of heartbeats in the test set

N VPB SPB AF I j=S2n

B 21 032 94 345 17 518 7911 101 090 241 896

/% 8.69 39 7.24  3.27 41.79 100

4.2 ZIHHER
4.2.1  SLRRS5 RS HAL S X T
FEMIASE B XA SOk 204 T 1 5250, 45 21 Tt
SR SR UER AN R R . SUARYE
BARFR RS BT A S RO 2R B S5 A 3R
T EASS YA 38 75 ) X i — T Lo P 28 28 1) TR0
WA, PUNEE RIS, [FmF, 78 A — %o 5
i T CNN ( Pyakillya 45,2017 ) .RNN ( Pyakillya &,
2017) ,1-DCNN ( 1-dimensional convolutional neural
networks ) ( Kiranyaz 45,2016 ) il DCN( dense convolu-
tional networks ) ( Al Rahhal 4§ ,2019 ) ¢ JLFh 7 o
Fh CNN A1 RNN [ %2 ¥ 2 M GitHub ( https://
GitHub. com/ismorphism/DeepECG ) 3 Ht, 1-DCNN
FI DON SEARYEHAR SCRIR M A o O 17 38 B % 0L
SAFRREM AT S 1 RE R A AR AR TR . SE G

SRR S PR,

K5 IRHERRSHMEENL
Table 5 Experimental results and comparison

with other algorithms

/%
Ji i Mk N VPB SPB AF I
CNN 81.39 81.37 71.75 41.28 58.74 99.14
RNN 74.25 80.98 66.86 8.01 8.25 95.85
1-D CNN 83.91 71.04 80.32 52.74 67.6 96.62
DCN 85.28 72.29 84.58 50.30 71.24 97.88

TSCNN(A) 91.16 89.17 92.99 62.03 91.56 94.89

T LT A B 5 e (i

WS fis, AL ETE 4 D365 (N, VPB,
SPB, AF) {3 HER A P IS 1 Bl R 3L, PR AE
SRR HER R R EA SRS T4 1, 5 DCN
FALL, SR HER K42 = T 5.88% , VPB SPB il AF
FOUERR R 4> B4R T 8. 41% L 11.73% Fl 20. 32%
5 1-DCNN A b, SVARMERR 28485 T 7. 25% ,SPB [
HERR 4 1 9.29% . 5 CNN AL, IE# O Y
PONAER R m T 7.8% o K S il LIEH, A3
TR P R R LB, % B — 2R 1R 1 8 ) A
4,00 HAl 4 FpO7 M E R 2R, 45 R BoRiX
4 FpJ7EEXT SPB UM AR EAR . EEFH AT
SPB 8 NEUD , NRE PR FZRA 1 ~2
2R T AR h AR A R B A 32 10% .
TAMKRMAAAE 22 57, T AONSOCR 825 o S35, AT %
W E RS Z BT, o0 B 8 K
AU T 5 AR A B AR, CNN RNN |
1-DCNN DCN e300 LT 3007 2%, HiX
SO VLA Ty R A 2 B BRI T, AR SO Mk BE
U HE R TR
4.2.2 73 [A] PR L5 R 52

R T BRIBCE FE 8 B RRIE , A SCAE T A TR s
771 , T LAAS S48 3R A [ 8 18 0 L B8 22 18] 1Y 5C
WRAFAE . O 1 Bk 5[] Y BN PR 3 HE A 22 1) 52
&l 7 ( TSCNN) F11 & 8 ( TCNN ( temporal comolutional
neural network ) ) H1 /3| f& 75 1 A5 JC 4% [B] 1 I 1Y 7
Tl P28 28 E o IR D0 2% 1) i AR ) 2% 2 RS AR []
X ATE T TSCNN AALHEAT I ] B 71, iR i A7 1 =8
] Y& , i TCNN B 25 [ g o 72 [a]— S 40 PR
NI R B e e e S (N R g o
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6, AUV R 3 (0] 8 4R 7R M RE
SR ERG R AR R 2. 99% L IEH (N) \VPB SPB FI AF

25

LTI

600

EH

25

P BAL T R 5% 4y 4 B 0. 55% 4. 78% 6. 16% il
16.51% ,

Ak

Pl 8 TCNN (1 o 2 25 # 1] (JC 5 [R5
Fig.8 The overall architecture of TCNN ( without spatial filtering)

F6 KIWXLLER
Table 6 Experimental comparison results
/%

Kk Mk N VPB SPB AF 1
TSCNN  91.16 89.17 92.99 62.03 91.56 94.89
TCNN  88.17 88.62 88.21 55.87 75.05 95.28
4.2.3  NERURE GRS R 1 R0

T H TSCNN (73 MR8 , AR SCR T T/
B BRI 7 3, FEAS SO Y A TRZ M 2% ( deep
network ) A 3 M R —ERI—ALE” . T T
WG IR U L AL, A SCE Bt 17—
4 BT A LA AR 2 AR R
RGP GBI R )Z R 45 (shallow network) o 55 1 4>
CHRALR T MR e — A e R R AT S T
HEITR)Z R 25 AR ], RO R Z M 45 10 < B R —
AL SO 7 TR BRI,
TR 2 1 2 B 5 TR R R 28 A ) B 3 4 4
B B BUZ RN S BEE R 19 x 1.9 x 1
IS x 1o HAUA RIS HAS RZ MR

SRR AT RN SRR T IR 2 M 45 FIR 2=
W% P9 LA R BT IE, W LR TR R
KPEREIL TIRIZ R4S . R HERR R 89. 6% (X
JERIZE) SR E 91 16% (RIZM4E) , RILRIT/INE
BAZGRIRA BUAT LA 5 W 45 19 03 28 BE 0, IR O 2
W2 BA B 2 AR R ARG )=, 1R TR BIRE ST,
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Fig.9 Comparative experiment of deep

network and shallow network
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