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Recognition of ECG Signal Based on Modified Residual Network

PAN Hui, ZHENG Wei, ZHANG Yingying
(College of Electronic Information, Jiangsu University of Science and Technology, Zhenjiang, 212003, China)

Abstract: Cardiovascular disease is one of the main causes of human death. Based on the modified residual
network, we identify ECG signals and combine the modified residual network with dilated convolution to
extract global information as much as possible while keeping local information unchanged in feature
extraction. The MIT-BIH arrhythmia data set is trained, validated and tested using K-fold cross validation.
In the experiment, firstly, the convolution layer is used to collect the input images. Secondly, the modified
network is used to extract the features. Finally, the Softmax classifier is used for classification. In the MIT-
BIH arrhythmia database, the proposed model achieves 97.20% accuracy, 92.85% sensitivity, 98.29%
specificity, 93.16% accuracy and 93.00% F, score without any additional artificial features and data
augmentation. This research will provide technical support for the detection and recognition of ECG signals
to reduce the workload of professional doctors in medical institutions.
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T30 A B A R R B AR R R USRS R AR R BT 2 W X 2 S
AR, AT LA 48 19RO 5 & 4 A e ], DA K ol 4 A 2 TR 9T

L B B (Electrocardiogram , ECG ) 5 J& 8 &ML 22 F1H2 Wi O 3 20 550 IE e 1 8 22 F Br 2 — 1,
TR G2 Wi 7 ¥ 7 I BEAE ARG A C R 2850, Gl O HL TR0 8 R S EAT Mg . A i T
O R SO R B Z R, R 1O B 2 S BIRIZER 2 . N T RS ZEECER, 8 UE
B0/ TIN5 5. NS

FURT , 2 T BOR © 8RR A e HLD B 1 20 28 IR . A AR5 58 0 vk AT /N A8 ) S o]
BLEAN Z2 2 AL, Yildirim S8 PIHE HT — BN i 41 3 T X1 R A0 42 N TR 22 1 2% (Long
short-term memory, LSTM) 8150 (4.0 A5 55 A 8000, B 48 & TS M4 By EfE . Dewan-
gan F5 0TS B /N I AR 48 5 | A 28 00 24 1) T A BHURIRAAE R 50 . 45 SR SR T, W SRR 25 A5 REAE RN I 3R B
[7i) BN P RN 2 22 I 4, 53 20KG RS o T A0 P 3 B8 AR 25 27 R AR R/ N R 88 Tha 55751 A SCH ) 4
B, AR 523 70 4R 502 o Varatharajan 55 AT AN AL pR ALY S 1] B BILASE 20 i A HL AR 5 B9
FRAEJEAT 732 o 1 T AR O 0 Rt i e FEL I 72 3 5 /0N Qi 728 48 0T o 1 PRI 5 AR 4 RO T DA R 1 2K IR
I3 VR XE 7 ) AL, R T — R R T S AR R AR AR SR B AR R . SRR kR T
BAF I RBOR R e S R AR R 5000 5 O 96.14 06 .99.7506 H199.81% ¢

AR, TR P 28 I 25 0 K W 23 R I AT DAL AR ) 45 R 2 BT S 8 195G o Cheng SR04
T T 38 H R 2 T 2 0 LA SRR AR 4 SR NS BEL S A e RV UG BT 5 1 A I L K Ry vk B T G
f 0 2ORG B o LSRR T — i A B30 1 o) A% 47 oft 22 00 265 X 6 b B 5 #EAT A AL 32K o Zihlmann
SEUZE T PR T TR B RO AR S A S R P 28 N 4% 1K R 5 4, I 7E PhysioNet/CinC Chal-
lenge 2017 $2 4L Y 5 B 7> R 40 Hs 56 B HEAT T VFAN o A G540 J2 — > B 5 I (1) - 24 R F 5 4 A TR
A BR824 5 B o 25 R 45 AR TR AR 2 B, T I I A R Y TR A I TR SR A o R S I
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BEAE VA T K37 28 SCHAIE T 2R 30 R F 5 (2) 0 28 J2 B vk, SR IO RRAE A B8 IS 5 (3) 3 e MR REALAIG .

ATV T — PG A AR 25 P g AL L T BRI UF AR SCTTER AN - (1) Bt T — AN AT LAY R
155 BEAT VA — A A A J5 125, S T 1 AR A B0 S A 1 5 (2) AR 2 v e A Gt 4 RO i 23 T 4 AR, A AR T
PLARAS BT R A ULEF JF H S 8O E 5 (3) 30 28 0 6 190 46 R B2, 5 IO IR J2 AR AIE o T30 4 2 T 4% 1 1 T ] sk
G B Bl 19 4 IR PR AR B4 . R KA 58 SRR JE AT 0 AR 5 20 R S0 AR AR SN A IE Y
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1.1 ZREER

2% i 2 FR (Dilated convolution) "% N ] B8 % i 45 54 7 41 A7 AR [5] 1 BE /15 B0 T i1 3 A 9 2 i 1
T35 R S AL A0 250 R RS 2R . &1 R T 3 X 3B B TE A [A) %5 i % (Dilated rate) T 9
IS LT, Dilated rate J& IR 4% Hi & 32 ILEF 9 & AL KIS 8. AR SO 2 3 & BB e 6 BRUZ 9 1L 42
BN, 2= EBRMALIE . D 25 1 46 BURE 06 16 T8 155 W0 25 45 52 DLET RO B0 T, S5 BT SRAR R AR 9L
B 5L ZERES . WK 1) LUE #, Y Dilated rate = 18], 25 i 45 BUR R A6 R £ 5545 71 [)
B, B 1(b)F P 1(c)Hh Dilated rate 2351 2 81 3, & AL EF AR BL $2 T, (HU2 2805 3 < 3 95 BUZ AR .
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(a) Dilated rate=1 (b) Dilated rate=2 (c) Dilated rate=3
Bl 25 BUR B R

Fig.1 Dilated convolution diagram
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S T PR AL ERS TR0 AR S 2 SR T 7 58, T LAGE b i R 4 R SR ICHE 2 (R AE . (HUEBEE
DR £ R IR, X 26 25t IR Ak In] B . 7R SR T — i T 0 9 8% 25 I 2% (Modlified dilated residual net-
work, MDRN)BE RS, 25 K4 40 18] 2 it 7 o A5 70 57 76 45 AR 22 b, 3 & Y 2R 2 () Rl BB 15 2, R 48
BUFFAEAF B o MDRN % 0B B2 H 5% 2 0 2 IR0t T o B AL 215 /945 5 1< 600 326 AR 2%, 25 1
23R L Bl ARG 5 B A HEE 5% 25 8 . MDRN 4 & 1 R ok 2 B (Rle k1) 7% 25 B A gk 22
B B), 4l 3 s . MDRN R 44 i 8 412 175 .
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Fig.2 The proposed network structure
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Fig.3 Residual block

PR Y R 22 B (A) AR SOK R 3(a) T sk 22 5 A S8 1A B FUZ P i 15 G0 4 FURR 30 R 45 T 48 A1, Dilated
rate IC B N 2. R #E K (Batch normalization, BN)JZAT Relu AE 2R M4 100G R4k . R A5 R FH 23 3] 4
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Table 1 MDRN network parameters
B KR =23 BRERS BBRBERE ZWE K WALE
Conv Conv 1 1X3 16 1 1 1 X 600X 1
[Conv 2] (1 3] (1] [1X 600 X 16]]
Residual block A 16 2
LConv 3] L1 X 3] L1] L1 X 600 X 16
[Conv 4] (1 3] (1] 1600 X 16
Residual block A 16 2
LConv 5 L1 X 3] L1] L1 X 600 X 16
[ Pool 6] [1x 2] (2] (1 600 X 16
Residual block B Conv 7 1X3 32 1 1 1 X 300 X 32
LConv 8] L1 X 3] L1] L1 X 300 X 32]
[ Conv 9] (1 3] (1] (1300 x 32]
Residual block A 32 2
LConv 10 L1 X 3] L1] L1 X 300 X 32
[ Pool 11] (1 2] (2] (1300 x 32]
Residual block B Conv 12 1X3 64 1 1 1 X 150 X 64
| Conv 13 11X 3] L1] L1 X 150 X 64|
[Conv 14] (1 3] (1] (1 150 X 64
Residual block A 64 2
LConv 15 L1 X 3] L1] L1 X 150 X 64
FC Full connected 4096 1 X 150 X 64
Out Softmax 5 4096

I A5 MDRN W SGH BE BEPR, PERE R 4. A SOF BN R B T8 FRUZ 2 )5 300 pRACZ T .

W UL BTG PR AU < Relu, Elu, Sigmoid 1 Tanh, H: 1.00 s —
. 0.75 F—Tanh
SrE XA (D— () FER R R 4R, A [l
$F Relu 4P 00 pR B, 7T DL A7 B 68 8 4 b 400 5, OF Eo.zs
HL Glorot 407 HIs i W] T Ji Relu B9 199 4% M RE O T Wi Ab 3 2 0.00
% . 3 025"/7
E-0.50
Relu(x)=max (0,x) (1) ~0.75
x x>0 -1.00
)= -1.00— 075 050 025000025050075100
Elu(x) s —1) 2=0 (2) 6 A
1 &4 4T s HOR B IR
Sigmoid(z)= 1+ exp(—x) (3) Fig.4 Schematic diagram of four activation
functions
_ l—exp(—2x)
Tanh(z)= 1+ exp(—2x) (4)

T30, N T i pR Bk 2 B A R R GE— R, B3t T AR 22 B AN 3(b)FT R . BRZEB BER T A

SN I 2 AL A B BN 2 Fil Relu 4, i

1
PEATAR NS, B 5 S R 2 ARG — R il

TE SRR I T —
I Pool F Padding #/EF 32 i 3¢ #% R~ 56—

™~ Pool J2 Fl Zero-padding ., 24 5% 22 He P8

RS T b 5% 22 , A SORGE T 42 R - 2t At o il 125 S8 B0 AR 5 2 — ZE RO, A0 2 A 0 — 4
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Table 2 Experimental environment and version

VAT IR VR HE 2 ST RER L 52 B 1) 5 0 85 1 information
AAF B M 2FR LK 5 JRAAS B
O HAE SR TRRE T T b o R B Aty RERS Deepin15.10
i 2 vpC OISR Y A7 (91 SR A8 RN I B 3 0 G R IR B Python 3.6.0
B . G0l 360 Hz R REM R 11 (i 4r ek . i RS IHER Tensorflow_GPU 1.13.1
20 W 5 G A8 FH #04 TBL (Signalplant) X0 LR 5 Bl2E 5 Numpy 1.16.4
HEAT 0 571 SR M L S B 5 R L 91 1 % Matplotlib 3.1.0
VIR TR A T 2 50 3. PR SRR T R R Intel 154590
FK T TH A4 TE 4 0 HhL 390 2 980 L 5 RO [ B4 Zi NVIDIA GeFor;e(I(;TX 750 Ti2 GB
o ‘

BRI 32 3 5 0 FiE 5 A 1 T 0,

TS B AN TR AR S 0 F S U B R

YA i R A SRR, AR SCBET 1T — A PR B o AR R L, LR AR E X0 AA 2R AT 3

1.0 05
0.0f
0.5
s Z_
5 205
i ol
E 00 i
1.5k
-05 2.0 ' -
0.0 00 02 04 06
AFIE] / s
(b) RBB
0.8
0.4F
e
=
2 oo}
=]
7
-0.4f

2.5 1 1 1
04 06 08 1.0 1
A / s
(¢) PVC
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Table 3 Dataset comments

DB E [k o DEE
5 R A BT RBB 118,124,212,231 7 259
e RS A S BH LBB 109,111,207,213 8075

N 106,116,119,200,201,203,
e UhiE PVC 7130
208,210,213,215,221,228,233

P A WA 4R APC 209,220,222,223,232 2546
RBECNINEE:A PAB 102,104,107,217 7028

B34~ QRS PEAE R —A A 11, A4S 58 38 (1 QRS B X6 1 300 4~ A, 3l i 25 BR A 14 QRS B A9 HT 150 4~ 45
A 34 QRS PG 150 A s, AT A5 31— A~ 58 219 QRS W, B =0 (5) 7 2 3. (1R —HE Ay &, AR
IEVA BN TARAE FVECHE 35 53R B AR | SRR Bl T 5 4 b 560 G AR ) L SR R
T(R(n— 1)+ 300)<T(n)<T(R(n+1)— 300) (5)

I NN W K I AT R 5 HEZR B0 AlexNet #1 VGGNet, AlexNet fil VGGNet J&JE # 35 4 1 £
TR 28 I 25 BT | AlexNet?FE ilsvre-2012 L F€ 4 H T AN 16 F0 #2250 1 GPU i st , A 1t 35 9 1
4. VGGNet™ &k iy 4 H K 2# 1T 5E UL AR 23 3K deep mind 23 W A AFF 58 A B3 38 6] FF 2% 19 % i 45 B
P45 THE T BB 2 M4 IR IE SRR R . Wl A S 3X 3/ NEBEM 2 X 24 i
A2, A T 16~19 2R E BB M4 . VGGNet L 7.5% B HEIRF R T ilsvre—2014 1
AN AL A

FAFNF S ER T 925 b AlexNet #l VGGNet i R85 Bl B 15 B . — Bk 131 26 3 37 19 4 FH 0
2 W 2% (Convolutional neural network, CNN )R 75 284y T i TR0 16, B 2S5 K.

R4 AlexNet MESH

Table 4 AlexNet network parameters

B R BRA BRER T EREHE EK WY
Conv Conv 1 1X 11 96 1 1 X 600X 1
Pool Pool 2 1X3 2 1 X600 X 96
Conv Conv 3 1X5 256 1 1< 300 X 96
Pool Pool 4 1X3 2 1 X300 X 256
Conv Conv 5 1X3 384 1 1 X 150 X 256
Conv Conv 6 1X3 384 1 1 X 150 X 384
Conv Conv 7 1 X3 256 1 1 X 150 X 384
Pool Pool 8 1X3 2 1 X150 X 256

FC FC9 1024 1 X 75X 256
Out FC 10 5 1024

AR SCHE AR B AR S KRR B L AE 12 T M R R A WO IR O T A i b ok DT A ASE A Y
AE 2 B & WY J7 1% o S5 1k FHE S B (Accuracy, ACC) K5 i JE (Precision, PPV) U (Sensitivity,
TPR). 45 5 1% (Specificity, TNR)HIF, 7384 (Fy score, FOVE R85 o 320 # TR i 2 (Receiver
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%5 VGGNetM%& S
Table 5 VGGNet network parameters

B AL =23l BB BHEHE RS WAL E
Conv Conv 1 1X3 64 1 1X 600X 1
Conv Conv 2 1X3 64 1 1 X 600 X 64
Pool Pool 3 1X2 2 1 X 600 X 64
Conv Conv 4 1X3 128 1 1 X 300 X 64
Conv Conv 5 1X3 128 1 1 X300 X 128
Pool Pool 6 1X2 2 1300 X 128
Conv Conv 7 1X3 256 1 1 X150 X 128
Conv Conv 9 1X3 256 1 1 X 150 X 256
Pool Pool 10 1X2 2 12X 150 X 256
Conv Conv 11 1X3 512 1 1 X 75X 256
Conv Conv 12 1X 3 512 1 1 X 75X 512
Conv Conv 13 1X3 512 1 1 X 75X 512
Pool Pool 14 1X2 2 1 X 75X 512
Conv Conv 15 1X3 512 1 1 X 38 X 512
Conv Conv 16 1X3 512 1 1 X 38X 512
Conv Conv 17 1X3 512 1 1X 38X 512
Pool Pool 18 1X2 2 1 X 38X 512

FC FC 19 1024 1 X 19X 512
Out FC 20 5 1024
operating characteristic-area under curve, ROC-AUC), [ I i &% & 1 ¢ 5 5 % 20 A8 | 0 28 B 16 4 o

ROC-AUC il £ 2 AE B2 43 22U vh Bl 2 B 38 0 8 1 8508 0 1 50 19 Je (12 I8 i, ROC it 2
Ap b5 R JIE B 3% (False positive rate, FPR) 9\ A b5 TPR. Hft AUC 8@ U8 ROC #i 26 F 9 T FHL
K (6)—(10) & LT LR PR 155, 7 b FN(False negative) 8 WU & £ A {HSE PR L& IEFEA  FP
(False positive)# FUM A 1EFEAS {H SR I fFEAS ; TN(True negative ) FU A A A, S2BR - f2& £
FEAS ; TP(True positive) 8 T A IEAEAS, SEFR Bt R IEAEAS .

N B TP+ TN )
Y TP+ TN+ FP+ FN
TP
Precision = TP L PP (7)
. TP
Sensitivity = TPLFN (8)
. TN
Specificity = PE TN (9)
2TP
F, = (10)

2TP+ FP+ FN
SHARAIE SZ5 1 RT FEE, SCEG ISR T K338 B IF (K-fold cross validation)EE2!, W& 6 fr /R o A 3¢
3 5 P28 AL , F A A i A S 2R A T ARVE MR AR A BEAE IR 5 DL i A S5 19 - 44
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EAE R 25 3l 7158 5 0, AT LUK I 305 22 A 11 20 3005 22 o 72 S50 b, I WA AR AT 4 A0 i N TR
AIE FFUESCH 14 5 R A7 0 B, SRR A 1) ) R D BN L S T A

CNNSs FE Y {4 25 A PR 45 FL 0 26 6 fr s, Horp MDRN 8 19 52 78 SCHT 3 H A9 CNIN AR kg gk ) 5k 2
M 2% (Modified residual network, MRN) 4§ 5 7% 3C 4 i 850 78 25 49 2 B0OM [R) L H 2 % A {28 0 46 FHL
R

Test fold Training

istirsion [T T T L - =
mdieration [ T - =
sdiceration | | [ | N T T T ] e
CT T [ =
CTE T T = -

K6 K¥rae LBk
Fig.6 K-fold cross validation

4th iteration | | | |

Sth iteration ‘ | | |

AR R E T ACC=97.20%, PPV=93.16% , TPR=92.85% , TNR=98.29% #1 F,=

93% Yy T 45 . M LIk A H S RS R F6 AMBRSASITMRER
MRN & ,ACC ¥ F 0.8% PPV £ F 1.24% . Table 6 Comprehensive evaluation results of four
TPRHETF2.75% TNRHETF 0.3% F1 F\ 43 5048 25 models

2%, UL A B B TR TR A IR IR e E s RO ACC PPV TPR . TNR F,
BB B . MDRN (4 W6 b5 th @ 55 7  MDRN 97204 93164 92.854 98.294 93.004
AlexNet fl VGGNet, M 6 A LLA t, #&ihfy  MRN 9640 91.92 90.10 97.99  91.00
MDRN #5758 30 47 5% 1 59 40 2 R, AlexNet K %1 AlexNet 94.80 87.88 86.14 96.99 86.99
S 2 VGGNet 9520  88.88  87.13  97.24  88.00

$2& th 1 MDRN A A9 1] 25 Fn 35000 # 78 K 97 28
SRR #EAT YNGR A 4 e ERR R AR B OC R A 1A 7 R SR AE AR F 1 500 Yt Xt
4 TS, B3k W ROR

O #E— 2 o B 4R A B R MDRN X T0 U5 5 20 E B ROR , I 8 21 1T ROC 245 1 X i
B AUCTH. ME ST E H, B MDRN A 7 4 735 SF 35 (Micro average) Fll 7% - (Macro average ) )
HEFFAE 0.99 BYZK V-, BEBA T BRI AT A 3 4F i RN ROR . INBRBR 43 2ok F , LBB Y AUCHE A 1, @it
T A 42896 . APCHIPVC I AUCH H A 0.98, 28 F 1M ] G 2 B R e A AN 28 4 3 350

T RN A MDRN, MRN, AlexNet Fl VGGNet, [ 9 45 H T 4 FhoB 8 i 18 95 48 B . xF MR £k
T B SRR B . 4 19 MDRN AL T — 28 a9 U A 5 A, U8 B LI R 4 9 ] 4k

SR U, A SCHR Y BB TE ECG iR B 43 26 b HUS T R4 19 00 20 R ROR B B AR I 13z 1k
RE 1 AT SRR A

3 Wit

Wit BRI A SIS T B TAEAR A RS H . Oy T AT, 5 H T R R SCEk ik T
Xt g5 R R 7 FiR .
B2 7] W, A SC B 97.20% M ERR 2 . 92.85 % A BLEREE L 98.29 % Y45 S % F1 93.00% 11 F,
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1.75F —Cost
150 —Re LOF
1.25F 0.8F
¥ I o ~— Micro- ROCiin =0.99
Cl oI class area=.
#0.75F Ho04f - RQC-¢urve of class LBB(area=1.00)
==ROC curve of class PVC(area=0.98)
050 0.2F ~ ROC curve of class APC(area=0.98)
B — ROC curve of class PAB(area=0.99)
025 r 0 0 e 1 1 1 Il
m 0.0 0.2 0.4 0.6 0.8 1.0
000 [ 1 1 1 Il %iii%%
0 500 1000 1500 2000 R
ERIREL
7 NREERUR M5 5 AR B R K18 MDRN ROC-AUC
Fig.7 Relationship between training set cost, Fig.8 MDRN ROC-AUC curve

accuracy and iterations

RBB RBB
LBB LBB
PVC PVC
APC APC
PAB PAB 0.90
RBB LBB PVC APC PAB RBB LBB PVC APC PAB
(a) MDRN (b) MRN
RBB RBB
LBB LBB
PVC PVC
APC APC
PAB 0.75 | PAB
RBB LBB PVC APC PAB RBB LBB PVC APC PAB
(c) AlexNet (d) VGGNet

PO 4 RIS RY R VA 4 [

Fig.9 Confusion matrix of four models

OrRe R HC SR A SRR T DA HY 3R Y AR TR 7 45 S s AR AR R 2, 15 MDRN BE 8 76 L L U5 931
B R R B . B AT 3 < (1) B4R BRI 0 AR AR A R AR 5 (2)
23 ) 2 FRYE D S (B2 A BRI AN A2, O ELAE T 23 1) 5 AR IS 25 R 1 1t A6 )2 5 (3)388 3 iR 199 28 T 2, 3¢
BOHE Z2 45 AE , 3853 MDRN Y i 38 A [R5 %2 74 o
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Table 7 Comparison with the reported work
J7 ik B eSS ACC/% TPR/% TNR/% F/ %

Ref.[24] MIT-BIH SNN 97.90 80.20 99.80 88.00
Rel.[25] — ANN 83.05 86.67 66.67 —
Ref.[26] PTB CNN-LSTM 95.40 98.20 86.50 96.80
MDRN MIT-BIH CNN 97.20 92.85 98.29 93.00

4 HEFRIE

ARSCHE T — Pkt 1 5k 22 W 25 R TR R R e . S SR E R R AE SR AlexNet Al VGG Net A

o, MDRN BT 1 e XA 0 5 e B o 28 3 6 AR A B0 2R PR RE A I 00 K mT AHIAT /N 2 4 s 1 AR 4
e S R 14 i) o 5 A B b B2 B4 e LT . MIDRIN A s 7 A 8 75068 2 5 5 I 1 fl L ) ok 3 o
PePERER 4. S5 4h, 200 J 0 U HE — 2 2R AE i PR L 3 BTN

TE R A TAE 3 5 2R AT BB AC B o H RT3 95 1k A T RHT B B, B IR 0 P B

(Graphical user interface, GUL), J £ 9 5 GUIE T-E b = I {f ] .
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