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ECG-based Atrial Fibrillation Detection Based on Deep Convolutional Residual Neural Network
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Abstract In the context of increasing demand for intelligent diagnosis,a convolutional neural network model based on residual
network is proposed for ECG(electrocardiogram) signal classification of atrial fibrillation. MIT-BIH atrial fibrillation data is used
to verify the effectiveness of the method,and then assist the automatic detection of atrial fibrillation. Aiming at the problem of
ECG signal dichotomy,firstly,the atrial fibrillation data set and previous data preprocessing work are introduced. Then, the pro-
cessed data is input into the deep learning model constructed with convolutional neural network,to automatically extract features
of atrial fibrillation from electrocardiogram signals. Finally, the designed deep learning model is used for atrial fibrillation detec-
tion. The validation of the method is proved with five cross-validation strategy. Performance of the classification is represented by
the sensitivity, specificity, positive predictive value and accuracy, they are 99. 26 % ,99.42%,99. 61% and 99. 47 % , respectively.
Then the performance of the proposed model and existing models are compared to confirm that the proposed model is feasible in
atrial fibrillation detection. In conclusion,the automatic detection system for atrial fibrillation based on convolutional neural net-
work with residual network can achieve a good classification performance of atrial fibrillation, which can be helpful in automatic
atrial fibrillation detection.

Keywords Atrial fibrillation, Residual network,Convolutional neural network, Electrocardiogram, Automatic detection
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Fig. 2 Typical ECG signal waveform of atrial fibrillation
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Fig. 3 Schematic diagram of atrial fibrillation detection data
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Table 1 Five cross-validation results of MIT-BIH AF dataset

CHA 2 20
Dataset Se PPV Sp Acc
Cross-validation 1 99. 32 99. 30 99.53 99. 45
Cross-validation 2 99. 37 99. 41 99. 60 99.51
Cross-validation3 99. 31 99. 38 99.59 99. 47
Cross-validation 4 99.08 99.51 99.67 99.43
Cross-validation 5 99.23 99.50 99.66 99. 49
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Table 2 Performance of the proposed algorithm and comparison

with other work

CHLfT 2 %)
Algorithm Year Se Sp PPV Ace
Asgaril 28] 2015 97.00  97.10 — —
Garcial29) 2016 91.21  94.53 - 93.32
Faust:3") 2018 98.32 - 98.39  98.51
Xial®! 2018 98.79  97.87 - 98. 63
Kalidas™#*] 2019 97.40  98.60 — -
Lail 3 2019 97.80  97.20 - 97.50
Andersen[®*] 2019 98.98 — 95.76  97.80
Petmezas *? 2021 97.87  99.29 - -
Hirschl?6] 2021 98.00  97.40 — 97. 60
Proposed N
algorithm 2022 99.26  99.42  99.61  99.47

TEFR 2 WO 32807 Wk . BT A B A5 A0 A Tl i 45
M 45 8% LSTM W 4%, 53 Sh 3 A K 4 BU 2 ) 4% Al
LSTM [ 45 AR 45 & s8R R & O i BEAT B B A6 T o (5 Atk
Dk G A SCHR B 43 28 05 5 A L AE 4% UM BE B AR — E 22
B FRUGIE ] T A SO BRI ZS M A A 2t . SR 21
BT T 2 a3 26 05 0 R AT U AN 38 TE DL R — 20 Bk Mz Ak
PERE

T FRYCUE W 4R 1 0 B 22 45 40 B AT 0P L AR SCHEAT T
T Rl T Ll S 88 R v 7 T 4 7% 22 A e S5 SR ) i 1)
FRIZ G5 [ i (87 PR ] f) JFG At i B8 22 G s BG4 2R 5 A
SCAR AR R AG I 45 2R Ik 3 B A

3 TH R S g Y 4

Table 3 Ablation study results

G fiz: 95)
Algorithm Se Sp PPV Acc
Proposed algorithm (No ResNet) 36.89 72.83 86.23  43.66
Proposed Algorithm 99. 26 99.42 99.61 99. 47

T 3 AT LU B A8 AR 22 9 46 10 A5 R0 5 O A 4 22 T
2% 1 A 1 ) A AR 22 AR O (8 P A 22 00 9% R R 4 e 1 RS AL 1Y
G BRAS I P RE . X 5k 22 9 2% HE AT 23 A7 T 00 % 22 0 5% T LA
TR BE 27 o S0k v i 4 AR B ORI B A R R R A )
28 A AT TR AR AE AR 2 i) op i R S B R R S B R K
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VRIS ], 7E YIS it B b 4% B 48 AR 22 8] Y DG K L 7T LA 4
b B ECH B50HE P R AN R A R DT R TR R s B
W
3.3 HEESHRIKIE

AR SRR v 2 3] R B AR AE R 0. 001, R TE B JEE 1T PR
B RIS [ A SR S A A 5 A B K b 2 Tt R /N A
dropout 2 [ 4E BT 4k T AR, i S 8ok s i b, b7 0k T i
A KA, AR 264 257 D AT 25 80, BT
Keras 2 52 BUAR R () 4 . 0k TR 32 48 2 400tk 47 10, RA3K
BONZR4E DRSS S R AL R E 4 B,

A P EUG I KR 2 8
Table 4 Model hyperparameters for AF detection

Parameter The Optimal Value
Learning Rate 0.001
Momentum Factor 0.8
Convolution Kernel Size of Convolution Layer 32
Weight Delay Rate 106
Pool Size of Convolution Layer 2
Dropout Rate 0.5

W A FrE, Hoh 5 00 8 S 80 1 B R AT 9 X 4% 1 2 S
BTSSR AR S L P RE . IR Z K MIT-BIH 57 80 4504
SEREDLA 43y 5 4y, vl 5 BRI IE R 5008 1 B0 RN 430 R
61799 191353, 7EUI k4 LIl e Y, I 75 B0 4 1 1EAK
BRI PR R . AISIE4E b e s A &5, M 7E K 4 BT
A ASE Y 1) R 2P

W23 5 — A6 BB P 1 (9 RR AE BB R R /2 X
Horb /2 RAFEERIM K BE, £ b A5 TR )2 b (9 08 % 2% B
8 B AL B P 08 AR B0 O 32, T A IR 48 0d B R
EEEZ G, Hom 50 £ 48k 32, [, B 76 A 3% 22 1
BRRZ A B R WAL A, R — e B LRI T
T 2R A W I T 1)K T A B B Ay R I
LR S ) TR AR [ % 00 A I B R DA 350 o 8 A A 18 0
A AL TE UM 2 57 7T LA ) B0 6] 9 30 1 FR AF , 388 1 2% 3] %)
BORFAE ZRE . A T T 03 40 R R A R [ 36 R B 1 1)
gEEH, 3 5 MK 6 P TSRS R BIKS 4L,

£5 HE-RBEPRIKZENEESH
Table 5 Specific parameters of each layer of the first category of

convolution module

Description of each layer of the Parameters of each layer and

first category of convolution module their descriptions

. X Convolution kernel size (32) , number
Convolutional Layer .
of convolution kernels(32)
Batch Normalization Layer Data processing without parameters

Activation function without parame-

RelLU Layer

ters

Dropout Layer Dropout rate (0. 246)

. X Convolution kernel size (32) , number
Convolutional Layer .
of convolution kernels(32)

Max-pooling Layer Max-pooling layer core size (2)

W 5 A ROy R T — A5 — KB R, BT LU
FRAZ 19 IR /IS B b I B0 A AT A ol 8 — 9 45 U R/ T
A A i MU AT I S 5 AR E

6 BRBRMEZNAESE
Table 6 Specific parameters of each layer of the second category

of convolution module

Description of each layer of the
Parameters of each Layer and
second category of . .
. their descriptions
convolution module

Batch Normalization Layer Data processing without parameters

Rel.U Layer

Activation function without parameters

Dropout Layer Dropout rate (0. 246)

. . Convolution kernel size (32), number of
Convolutional Layer .
convolution kernels(32)

Batch Normalization Layer Data processing without parameters

RelU Layer Activation function without parameters

Dropout Layer Dropout rate (0. 246)

. R Convolution kernel size (32) ,number of
Convolutional Layer i
convolution kernels (32)

Max-pooling Layer Max-pooling Layer core size (2)
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Fig. 10 Variation of loss function of AF training set and

validation set

BERIE EHI RIS T — R T RE
S35 A B SE I B G I Uy i . B TR RS TR
RS 2RI HRRA RN — WL LT Ik, W Tk
B T R T 2 o) SRR Y By BRRR IR R OR L AT BT A
[ 780 4 288 P 22 S A AR 1Y 7 R AIE (A 4% 58 RR (1] 40 45
FRAED s MU ZR B h 27 > TG A% 48 B9 R A T R A7 R 41K 1Y
SR, W AR S TP BRI A v A L A KRR S
e JUE 9 e AT T A I R A 1838 W v B A K Y S A
A .

Ja kTl S T LU LA 5 T

o U ) 300 M 00 3 5 Ak O R o ) 5040 4 T ok —
A PEAT AR R A N G, 38 v A5 B B 1R RE  [) I T R AT T 22 09 9 il



192

Computer Science THEHLEIZ  Vol. 49.No. 5. May 2022

2 38 Sfe 4 UE AN [m] A58 R PR A AR

(2 b BOHRE A T 1) R0 PR A R B0 500 A T 2 200 I R
WL FA KB KM TAER, [R5 50 70 BERR & R Ll
P L 5 2 AT LLEAT JC B 2 o) L T TE AR 9 0 vl A B HE
AT BT A I 25, LU G 3t ) T Ok 9 B BEAT 00 B O 0 28
HIBESE .

(3) 2 2k T 328 OAH SC 40 UK, 2 U DA i 22 8 7 IR
BT TSRS W GPU I AT SR BT DL R MRT 220 %
R o FIWFIT 9t % F Al 7 0 3 O MRT AR 453 e
FA T B HURE A7 40 A M A5 50 12 27 12 W ) 1o T 6 A4 5 8 4
HRARRR

(4 AT 3 3 0 e A 3 AR AV 0000 A% A O A% A P2 0 8
A R P4 S0 A 0 T ARG AN [ g B B O B D B
A5 O O R M ) R SR B RO S AR . i T S M A
RAHIFIR B 7 5 00 BT 5T, 2200 TR B I AE 2 1R 3K
B0 L B I O B

2 % X M

[1] ZHANG Q L.,ZHAO D.,CHI X B. Review for Deep Learning
Based on Medical Imaging Diagnosis [ J]. Computer Science,
2017,44(S2) :1-7.

[2] CHEN H Y,GAO J Y,ZHAO D,et al. Review of the research
progress in deep learning and biomedical image analysis till 2020
[J]. Journal of Image and Graphics,2021,26(3) :475-486.

[3] LARBURU N,LOPETEGI T.ROMERO I,et al. Comparative
study of algorithms for atrial fibrillation detection[ C]// Compu-
ting in Cardiology. 2011:265-268.

[4] LADAVICH S,GHORAANI B. Rate-independent detection of
atrial fibrillation by statistical modeling of atrial activity[ ] ]. Bio-
medical Signal Processing and Control,2015,18(18) :274-281.

[5] ZHOU X,DING H,UNG B,et al. Automatic online detection of
atrial fibrillation based on symbolic dynamics and Shannon en-
tropy[ J]. Biomedical Engineering Online,2014.,13(1) :1-18.

[6] LIAN J,WANG L,MUESSIG D. A simple method to detect
atrial fibrillation using RR intervals[]J]. The American Journal
of Cardiology»2011,107(10) :1494-1497.

[7] HUANG C,YE S,CHEN H,et al. A novel method for detection
of the transitionbetween atrial fibrillation and sinu rhythm[]].
IEEE Transactions on Biomedical Engineering, 2010, 58 (4):
1113-1119.

[8] YAGHOUBY F,AYATOLLAHI A,BAHRAMALI R,et al.
Robust genetic programming-based detection of atrial fibrillation
using RR intervals[ J]. Expert Systems,2012,29(2):183-199.

[9] LEE J,REYES B A, MCMANUS D D, et al. Atrial fibrillation

detection using an iPhone 4S[J]. IEEE Transactions on Biome-

dical Engineering,2012,60(1):203-206.

LECUN Y.BENGIO Y.HINTON G. Deep learning[J]. Nature,

2015,521(7553) :436-444.

[11] POURBABAEE B,ROSHTKHARI M J,KHORASANI K,

[10]

et al. Feature leaning with deep convolutional neural networks

for screening patients with paroxysmal atrial fibrillation[ C]J //

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

International Joint Conference on Neural Network. 2016: 5057~
5064.

AUGUSTYNIAK P. Accurate classification of ECG patterns
with subject-dependent feature vector[ C]// Proceedings of the
9th International Conference on Computer Recognition Systems
CORES. 2016:533-541.

FAN X,YAO Q.,CAI Y,et al. Multiscaled fusion of deep convo-
lutional neural networks for screening atrial fibrillation from
single lead short ECG recordings[J]. IEEE Journal of Biomedi-
cal and Health Informatics,2018,22(6) :1744-1753.

TEIJEIRO T,GARCIA C A,CASTRO D,et al. Abductive rea-
soning as a basis to reproduce expert criteria in ECG atrial fibril-
lation identification [ J ]. Physiological Measurement, 2018,
39(8):1-12.

HONG S,XIAO C,MA T,et al. MINA: Multilevel Knowledge-
guided attention for modeling electrocardiography signals[ CJ //
International Joint Conference on Artificial Intelligence. 2019
5888-5894.

ZHOU Y,HONG S,SHANG J,et al. K-margin-based residual-
convolution-recurrent neural network for atrial fibrillation de-
tection[ C]// International Joint Conference on Artificial Intelli-
gence. 2019:6057-6063.

CHEN X,CHENG Z,WANG S, et al. Atrial fibrillation detec-
tion based on multi-feature extraction and convolutional neural
network for processing ECG signals[ ] ]. Computer Methods and
Programs in Biomedicine,2021,202(106009) :1-7.

JIN Y,QIN C,HUANG Y,et al. Multi-domain modeling of
atrial fibrillation detection with twin attentional convolutional
long short-term memory neural networks[ ] ]. Knowledge-Based
Systems.2020,193(105460) :1-11.

HIRSCH G,JENSEN S H,POULSEN E S,et al. Atrial Fibril-
lation Detection Using Heart Rate Variability and Atrial Activi-
ty: A Hybrid Approach[J]. Expert Systems with Applications.,
2020,169(114452) :1-12.

WU X,ZHENG Y,CHE Y,et al. Pattern Recognition and Auto-
matic Identification of Early-Stage Atrial Fibrillation[]J]. Expert
Systems with Applications»2020,158(113560) :1-7.

GAO Y,WANG H,LIU Z. An end-to-end atrial fibrillation de-
tection by a novel residual-based temporal attention convolu-
tional neural network with exponential nonlinearity loss[J].
Knowledge-Based Systems,2020,212(106589) :1-11.

WU X D,ZHENG Y M,CHU C H,et al. Extracting deep fea-
tures from short ECG signals for early atrial fibrillation detec-
tion[ J]. Artificial Intelligence in Medicine,2020,109(101896) :
1-13.

WANG C,ZHANG Q L.ZHAO D,et al. Advances in Study of
Auditory System Brain Model [ ] ]. Computer Science, 2016,
43(S2):1-5,15.

LV H M,ZHAO D,CHI X B. Deep Learning for Early Diagno-
sis of Alzheimer’ s Disease Based on Intensive AlexNet [ ]J].
Computer Science,2017,44(S1) :50-60.

CHEN S W,LIU Y J,LIU D,et al. AlexNet Model and Adap-



AXNAT 55« 5 T I8 BE 4 FRR 22 I 45 0o H B0 5066 o WA, ) vk

193

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

tive Contrast Enhancement Based Ultrasound Imaging Classifi-
cation [J]. Computer Science,2019,46(S1):146-152.

ZHANG Z Z,GAO ] Y,LV G,et al. Pathological Image Classifi-
cation of Gastric Cancer Based on Depth Learning [ ]J]. Compu-
ter Science,2018,45(S2) :263-268.

MOODY G. A new method for detecting atrial fibrillation using
RR intervals[C] // Computers in Cardiology. 1983:227-230.
ASGARI S,MEHRNIA A,MOUSSAVI M. Automatic detec-
tion of atrial fibrillation using stationary wavelet transform and
support vector machine[ ] ]. Computers in Biology and Medicine,
2015,60:132-142.

GARCIA M,RODENAS J J,ALCARAZ R,et al. Application of
the relative wavelet energy to heart rate independent detection
of atrial fibrillation[ ] ]. Computer Methods and Programs in Bio-
medicine,2016,131:157-168.

FAUST O,SHENFIELD A,KAREEM M, et al. Automated de-
tection of atrial fibrillation using long short-term memory net-
work with RR interval signals[J]. Computers in Biology and
Medicine,2018,102:327-335.

XIA Y,WULAN N,WANG K,et al. Detecting atrial fibrillation
by deep convolutional neural networks[ J]. Computers in Biology
and Medicine,2018,93:84-92.

KALIDASV,TAMILL S. Detection of atrial fibrillation using
discrete-state Markov models and Random Forests[J]. 2019,
113(103386) :1-14.

LAI D,ZHANG X,BU Y,et al. An automatic system for real-
time identifying atrial fibrillation by using a lightweight convo-
lutional neural network [J]. IEEE access, 2019, 7: 130074~
130084.

ANDERSEN R S,PEIMANKAR A,PUTHUSSERYPADY S,
et al. A deep learning approach for real-time detection of atrial

fibrillation[ ] ]. Expert Systems with Applications, 2019, 115;

[35]

[36]

[37]

[38]

[39]

[40]

465-473.

PETMEZAS G, HARIS K,STEFANOPOULOS L,et al. Auto-
mated Atrial Fibrillation Detection using a Hybrid CNN-LSTM
Network on Imbalanced ECG Datasets [ J ]. Biomedical Signal
Processing and Control,2021,63(102194) :1-9.

HIRSCH G,JENSEN S H,POULSEN E S,et al. Atrial Fibrilla-
tion Detection Using Heart Rate Variability and Atrial Activity:
A Hybrid Approach[]]. Expert Systems with Applications,
2020,169(114452) . 1-12.

YANG T,ZHANG S S,JIANG F Z, et al. Brachial Plexus Ul-
trasound Image Optimization Based on Deep Learning and Adap-
tive Contrast Enhancement [ J]. Computer Science, 2019,
46(S2) :236-240.

SU Q H,FU J C,GU H,et al. Parallel Algorithm Design for
Assisted Diagnosis of Prostate Cancer []J]. Computer Science,
2019,46(S2) :524-527.

GAO Q,GAO J Y,ZHAO D. GNNI U-net: Precise Segmenta-
tion Neural Network of Left Ventricular Contours for MRI Ima-
ges Based on Group Normalization and Nearest Interpolation
[J]. Computer Science,2020,47(8) :213-220.

XU P JL.CHEN Y J,LI Z N. Research on Event-Driven Lane
Recognition Algorithms [ J ]. Acta Electronica Sinica, 2021,
49(7):1379-1385.

ZHAO Ren-xing, born in 1988, Ph.D, is
a student member of China Computer
Federation. His main research interests

include medical informatics and intelli-

gent  diagnosis  of  cardiovascular
3 .
disease.
(BE AT Gt 4 - 22 P )



