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ECG heartbeat recognition based on convolution neural network
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Abstract: Electrocardiogram (ECG) analysis is the main method for diagnosing arrhythmia. The type of heartbeat plays a key

role in the diagnosis of arrhythmia, and the automatic recognition of heartbeat is an important step in the automatic diagnosis

of arrhythmia. Herein the convolution neural network is used to automatically identify the type of heartbeat. The ECG data used
in this study are derived from MIT-BIH arrhythmia database. The morphological features of ECG are taken as inputs and an end-

to-end learning network structure is adopted. The results of 10-fold cross-validation test show that the average accuracy and

—_r

specificity of the proposed network for the recognition of 13 types of heartbeats are 99.24% and 99.59%, respectively, and the
1

recognition accuracy of the proposed network is 99.07% when adding random noise which is less than 0.4 mV. In addition, taking
the clinical data of one of the patients from the database as the measured data, a positive predictive value of 99.19% can be

obtained. The results prove that the proposed network can automatically learn the input features, accurately identify a variety

[l

of heartbeats, and has a good robustness to noise, which provides a reliable basis for the subsequent automatic diagnosis of
arrhythmia, and may also provide decision-making support for other diagnoses based on ECG analysis.
Keywords: arrhythmia; heartbeat recognition; convolution neural network
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Fig.1 Flow diagram of heartbeat recognition system
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Fig.2 Six types of heartbeats
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Tab.1 Ten—fold cross—validation results of the proposed algorithm

DT AR PRI R R
RERCT T EE i 0.991 0 0.948 3 0.9348 09958
&SR A 0.993 0 0.9329 0.9807 09941
KNP 0.997 6 0.984 2 0.9847  0.9987
LEFN) 0.996 7 0.976 7 0.9810  0.9980
PR A 0.990 5 0.941 4 09356  0.9951
PR 0.997 7 0.971 1 1.0000  0.997 5

I iR)pat vk 0.997 6 0.9743 0.9952  0.9978

e RSB OFE 0.995 3 0.9719 09671 0.9977

J O 0.984 5 0.924 0 0.8699  0.9940
IEH D 0.980 5 0.891 1 0.8504 09913
AR 0.996 0 0.969 6 09778 09975

Ao SRR O 0.995 6 0.962 4 0.9807  0.996 8
FEVERA 0.984 8 0.902 9 0.9003  0.9919
E/R NS TR ] 0.994 9 0.961 3 09731 09967
R LI 09895 0.9370 0.9244 09949

A OHEREEY 0.992 4 0.950 1 09506  0.9959
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Tab.2 Performance of the proposed algorithm to test added noise

DAY WERfR BRI R R
HPERAREAE 09919 0.938 1 09610  0.9946
S 0.987 7 0.905 4 09481  0.9912
KNP 0.996 9 0.984 1 09738  0.9988
LE M) 0.996 9 0.989 6 0.9695  0.9992
EPERAE 0.988 5 0.9249 09336  0.9933
G 0.993 8 0.946 1 09747  0.9954

N R 0.996 5 0.957 7 0.9945  0.9967
LA S BHHE O 0.994 6 0.965 0 0.9650  0.9971
Pt RO B 0.982 3 0.9317 0.8565  0.994 1
TEH O 0.980 8 0.892 7 0.8360 09921
RREUNIE LA 0.995 8 0.9815 0.9680  0.998 3

FACSZBHA O 0.990 4 0.923 9 09392  0.9942

R 0.983 1 0.873 7 09010  0.9896
Fi 0.990 7 0.939 6 09401  0.9950
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Tab.3 Performance of support vector machine algorithm to test

added noise

DR WERfE  BHMERR RS kR
FEREREA 1.0000 1.000 0 1.0000  1.0000
SR 0.999 2 1.000 0 0.9906  1.0000
K TAZRI P 1.000 0 1.000 0 1.0000  1.0000
LEFN 1.000 0 1.000 0 1.0000  1.0000
FEVERG IR 0.996 9 0.967 7 09953  0.9971
prd L Ank s 0.998 1 0.980 1 0.9949  0.9983
TR SRR 1.000 0 1.000 0 1.0000  1.0000

JERCE AR 0.981 5 1.000 0 0.7600  1.0000

S PO 0.974 6 0.783 4 09731 09748

1B 0.970 8 0.778 3 0.8360  0.9813
AL 0.959 2 1.000 0 0.516 0 1.000 0

PRS2 BRI O 0.992 3 0.993 9 0.8950  0.999 6
R 0.959 6 0.650 5 09792  0.9581

5 0.987 1 0.9349 09185 0.993 0
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P22 X 2 TEU51 5 B g A5 R0 B O PO s
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Tab.4 Comparison of performance among the proposed

algorithm with other state—of—the-art studies

W5E PO RHE YA R %
Acharya 2% 5 EARE  CNN  94.03
Zubair % 5 JESHHE  CNN 9270
Yildirim'*" 5 EERFME  LSTM  99.39
Yang 45 6 JEASHHE DNN - 99.22
'S 13 JEAHFE CNN  99.24

P 1 2 i 25 A softmax [0 I3 51 6 o3l HEfE R
T 99.22%,
AR CNN L, S A 53 B S 0 38
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Fig.3 ECG signals and the types of heartbeats

WA BE 78 35 Ife PR b T AT 00 388 TR0 5 2 SCAG s FL R
FEA A 360 Hz, X T [A R A R A R A5 5 75 2
SKAEF] 360 Hz A BE M E A5 i A BEA isf [1] 4 B —
305 AR ST RO 127 0 B G S S B MILITT S8
X T H Al R , HZ AL RE T T B2 R R K
RN GRS AR AEAR K, A SO S TRl BE ikt , 75 2242
i3 22 R B U 2 , AR o B B i R A
DU P R 2, PR I R BA  I his J rT A2 1Y o

4 45 &

ASSCAE F CNN BRI R 4540 5 3
ANBFZ 323 4422, @ik CNN A
2 BEEUR A Sy B0 AR SRR AR E R H Z )2
TN AR AR AR SR AT U 4028, R R 22 ) 1)
FERE B N Ry o S5 Je A 31 %) 7 24 o
K51 99.24% , R 7 B 343K 51 99.59% LA L, FH: il
S5 AR E 44 9 95.0% F1195.06% o X T Ige{5
5 AR 2 AT AT B R AR R 3O T S Bl
Brhr Ao ENA A TR X, HEiRE
0 T7 BRI A FP 2D AR SR FH — Tl Xof
Uity 27 2 45 AU 28 11 I 265 R LA i PO A SRR 223k
R LIS /S R AG1 MAY L¥ 1 IEP AN T =AY ST I [

PV 6 25 A1 T DA SR ) SR 3 15 ) 32 7
BT EAER,
(&% 30k]

[1] CARNEVALE L, CELEST I A, FAZIO M, et al. Heart disorder
detection with menard algorithm on apache spark [ C ]//European
Conference on Service-Oriented and Cloud Computing. Oslo
Norway: Springer, 2017: 229-237.

[2] National Heart Lung and Blood Institute. Types of arrhythmias, 2011
[EB/OL]J.[2017-07-05]. https://www.nhlbi.nih.gov/health/health-
topics/topics/art/types.

[3] YEH Y C, CHE CHIOU W, LINH J. Analyzing ECG for cardiac



- 944 - Hh R B2 3646

arrhythmia using cluster analysis[J]. Expert Syst Appl, 2012, 39(1):
1000-1010.

[4] LAGERHOLM M, PETERSON C, BRACCINI G, et al. Clustering
ECG complexes using hermite functions and self-organizing maps|[J |.
IEEE Trans Biomed Eng, 2000, 47(7): 838-848.

[5] KALLAS M, FRANCIS C, KANAAN L, et al. Multi-class SVM
classification combined with kernel PCA feature extraction of ECG
signals [C]/2012  19th  International  Conference  on
Telecommunications (ICT). IEEE, 2012: 1-5.

[6] ASL B M, SETAREHDAN S K, MOHEBBI M. Support vector
machine-based arrhythmia classification using reduced features of
heart rate variability signal[J ]. Artif Intell Med, 2008, 44(1): 51-64.

[7] ALICKOVIC E, SUBASI A. Effect of multiscale PCA de-noising in
ECG beat classification for diagnosis of cardiovascular diseases[J ].
Circuits Syst Signal Process, 2015, 34(2): 513-533.

[8] WANG J S, CHIANG W C, HSU Y L, et al. ECG arrhythmia
classification using a probabilistic neural network with a feature
reduction method[ J]. Neurocomputing, 2013, 116(20): 38-45.

[9] CEYLAN R, OZBAY Y. Comparison of FCM, PCA and WT
techniques for classification ECG arrhythmias using artificial neural
network[ J]. Expert Syst Appl, 2007, 33(2): 286-295.

[10] SARFRAZ M, KHAN A A, LI F F. Using independent component
analysis to obtain feature space for reliable ECG arrhythmia
classification[ C J/IEEE International Conference on Bioinformatics
and Biomedicine (BIBM). IEEE, 2014: 62-67.

[11] MAR T, ZAUNSEDER S, MARTINEZ J P, et al. Optimization of ECG
classification by means of feature selection[J]. IEEE Trans Biomed
Eng, 2011, 58(8): 2168-2177.

[12] YU S N, CHEN Y H. Electrocardiogram beat classification based on
wavelet transformation and probabilistic neural network [J].
Pattern Recogn Lett, 2007, 28(10): 1142-1150.

[13] YE C, KUMAR B U, COIMBRA M T. Heartbeat classification using
morphological and dynamic features of ECG signals[ J]. IEEE Trans
Biomed Eng, 2012, 59(10): 2930-2941.

[14] YANN L, YOSHUA B, HINTON G. Deep learning[ J ]. Nature, 2015,
521: 436-444.

[15] ACHARYA U R, OH S L, HAGIWARAYY, et al. A deep convolutional
neural network model to classify heartbeats[J]. Comput Biol Med,
2017, 89: 389-396.

[16] YANG J L, YANG B, LIN F, et al. A novel electrocardiogram
arrhythmia classification method based on stacked sparse auto-

encoders and softmax regression[J]. Int J Mach Learn Cyb, 2018, 9

(10): 1733-1740.

[17] GOLDBERGER A L,AMARAL L A, GLASS L, et al
PhysioBank, PhysioToolkit, and PhysioNet: components of a new
research resource for complex physiologic signals|J]. Circulation,
2000, 101(23): E215-E220.

(18] RSLH, 77, Wik, 5. w0455 W Rk 7 ik oy e At [T,
A EF TRERE, 2009, 6(1): 2-4.

ZHAO W Z, FANG B, SHENY, et al. Comparison of the methods for
detecting R wave in electrocardiogram [J]. Journal of Blomedical
Engineering, 2009, 6(1): 2-4.

[19] DUDAR O, HART P E, STORKD G. Pattern classification| M. Wiley:
Interscience Press, 2001.

[20] GU I X, WANG Z H, KUEN J, et al. Recent advances in convolutional
neural networks[ Z ]. arXiv, 2015: 1-14.

[21] FUKUSHIMA K. Artificial vision by multi-layered neural networks:
neocognitron and its advances| J]. Neural Netw, 2013, 37: 103-119.

[22]LECUN Y. A theoretical framework for back-propagation[M]//
TOURETZKY D, HINTON G E, SEJINOWSKI E. Proceedings of the
1988 Connectionist Models Summer School. Pittsburg, Morgan
Kaufmann, 1989: 21-28.

[23] LI M, ZHANG T, CHEN'Y, et al. Efficient Mini-batch Training for
Stochastic Optimization[ C ]//Proceedings of the 20th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining.
New York, USA, 2014: 661-670.

[24] CHANG C C, LIN C J. LIBSVM: a library for support vector
machines [C]. ACM Transactions on Intelligent Systems and
Technology, 2011: 389-396.

[25] YE C,KUMAR B V,COIMBRA M T. Coimbra, heartbeat
classification using morphologicaland dynamic features of ECG signals
[J]. IEEE Trans Biomed Eng, 2012, 59(10): 2930-2941.

[26] ZUBAIR M, KIM J, YOON C. An automated ECG beat classification
system using convolutional neural networks [C]. IEEE 6th
International Conference on IT Convergence and Security (ICITCS),
2016: 1-5.

[27] YILDIRIM O. A novel wavelet sequence based on deep bidirectional
LSTM network model for ECG signal classification[ J ]. Comput Biol
Med, 2018, 96: 189-202.

[28] DONG C, LOY C C, HE K, et al. Learning a Deep Convolutional
Network for Image Super-Resolution[ C ]//Computer Vision-ECCV
2014. Berlin: Springer, 2014: 184-199.

(%4 B %)



